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Zusammenfassung

Das tibergreifende Ziel dieser Bachelor Thesis ist die Evaluierung und Entwicklung
einer Analyseprozedur zur Vorhersage von Zeitreihen. Der Fokus liegt dabei bei der
Bestimmung von Qualitdt, Typ und bester Vorhersagemethodik. Zusitzlich werden

allgemeine Methoden zur Vorhersage dieser Zeitreihen vorgestellt.

Dafiir werden verschiedene Mdoglichkeiten der Zukunftsprognose verglichen und ein
allgemeiner Ansatz zur Vorhersage vertieft (neuronale Netze). Moglichkeiten der Kon-
figurationen sind Methodik (z. B. Initialisierung, Lernalgorithmen) und Topologien
(z. B. Anzahl von Eingangs-, Versteckten- und Ausgangsneuronen, Aktivierungsfunk-

tionen).

Im praktischen Abschnitt wird ein grundlegender Prototyp fiir die Prognose von Zeitrei-
hen mithilfe von Python und Tensorflow implementiert. Nach einem Vergleich von ver-
schiedenen Frameworks wird die detaillierte Codebasis erldutert und einige Testergeb-

nisse prasentiert.

Durch eine Reihe von Experimenten wird dabei eine optimale Netzwerkkonfiguration
tiir das Beispiel des Mini Dow Jones ermittelt. Dabei wird eine maximale Genauigkeit
von 66% fiir Vorhersagen tiber die Steigung/Abnahme der Zeitreihe in den nédchsten 10

Sekunden erreicht.



Abstract

The overall ambition of this bachelor thesis is to evaluate and develop an analysis
procedure which is able to valuate time series. The focus is on measuring the quality,
type and best prediction method with a learning algorithm. In advance, general methods
to predict those time series are presented.

Therefore, various capabilities of prediction will be compared and result in a universal
approach to prediction (neural network). Possible configurations of the forecasts are
the methodology (e.g. initialization, learning algorithms) and topology (e.g. amount of

input/hidden/output neurons, activation functions).

In the practical part, a basic prototype for predictions of time series based on Python
and Tensorflow is implemented. After evaluating and comparing different frameworks,

the detailed code base is explained and some test results are presented.

By accomplishing a series of experiments an optimized configuration for a neural
network based on the Mini Dow Jones is explored. The model reaches a maximum
accuracy of 66% for predicting short-term trends (rising/falling) within the next 10
seconds.
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1. Introduction

Forecasting the future and traveling back in time has always been one of the mankind’s
most imagined dreams. While traveling in time is up to today physically impossible,
predicting future events come more and more to the science” at hand. Using massive
information collections called Big Data companies are e.g. already able to make a guess
what a customer wants to buy in the near future. With more analysis methods and tools,
combined with even a larger set of Big Data, other predictions examples seem to be
within mankind’s reach. Another example of forecasts are playlists from different music
streaming providers. Those are so advanced, that automatic functions to add new songs
to a playlist are possible. There are even more application areas than customer service.
In 2016 Donald Trump was elected to the president of the United States of America.
Several rumors claimed that this was only possible by micro targeting individual voters
during his campaign. With the use of Big Data, he and his campaign organization could

have been able to perfect his speeches and approach undecided voters with delegates.

This thesis tries to describe, analyze and apply a certain mechanism of this methods:
Neural Networks. The financial world is one of the most discussed topics in the world.
A lot of people wants to be rich and earn money just by spending money in the right
investment at the right time. By predicting a financial market segment, this dream could
come true quite easily. Furthermore, financial time series are very complex and contain

most issues forecasting can cause.

Instead of naming both genders, this thesis will use always the male personal pronoun

if it is referencing to a not further known person.




1.1. Problem

Instead of trying to predict the world’s future, a much smaller problem space is ad-
dressed: time series. In more detail, financial time series of different types. The goal is
to create a system which can predict upcoming trends in a short-time window. In the
past, this was seen as impossible, since markets are influenced by an unknown amount
of mostly unknown factors. With the upcoming new technologies and larger sets of

real-time information, these factors are now identifiable and observable.

This thesis should give a detailed overview of current methods for forecasting. Further-
more, it examines whether it is possible to predict a financial time series. Therefore, the

optimal configuration needs to be examined and applied to one market segment.

The higher target is to build an automatic trading application which is precise enough to
beat the market. Therefore, a prototype is implemented which uses raw data to predict

upcoming trends and values with a neural network.

1.2. Motivation

The main motivation of this thesis is to gain knowledge about neural networks. This
knowledge should evaluate if it is possible to apply NNs to time series within the
support business to increase customer satisfaction. In a real-life scenario, for example,
a sentiment of a support conversation can be analyzed to predict if an escalation or
special treatment of a ticket needs to be done. Since there is no support data available, a

financial time series is used.

Another factor is to evaluate how complex, cost-intensive and resource demanding
systems are to predict time series. This thesis is using financial time series since these
are very detailed and contain a lot of information. Those are the perfect test objects to

receive confident results.




1.3. Structure

The thesis is structured in a theoretical and practical part. After this introduction, there
are insights to various topics starting with the general financial market in chapter 2.
After an overall presentation of time series and some methods to analyze them, different
market theories are annotated. The theoretical chapter closes with an introduction to

neural networks and the current state of the art.

The practical part starts with chapter 3 and is carried on in chapter 4. It evaluates
and implements a prototype to solve the described problem. Different deep learning
frameworks are evaluated and an implementation architecture is constructed. After
describing the detailed implementation, the results are compared and evaluated in
chapter 5. In the end, chapter 6 summarizes the results, gives an overview to the future

directions of the project and discusses the success or failure of this thesis project.




2. Theoretical background

Since the first predecessors of stock markets evolved in the 13th century, the overall
complexity and ambitions raised over the years to one of the most complex markets in

the world [55].

Although the term of bourse (exchange) derived from the Dutch Huis ter Beurze in
Bruges the first official stock exchange took place in the 1600s when the Dutch East
India Company issued bonds and shares to the general public. Other predecessors like
the Belgium based meetings of brokers and money lenders, are not considered as stock

markets since there was no usage of bonds and stocks. [8, 5]

Today there is a huge amount of bourses located all over the world whereby sixteen
have a market capitalization of over $17. The biggest stock exchanges by market
capitalization are the New York Stock Exchange (18.486 trillion USD), NASDAQ (7.449
trillion USD) and the Japan Exchange Group (4.91 trillion USD) [70].

In the following chapter, the basics of the finance market and used representation
methods are described. Furthermore, the current state of analysis techniques and the

fundamental concept of neural networks will be discussed.

2.1. Introduction to the financial world

The scope of this thesis are random walks within the financial system. A random walk is
a value whose future data (steps or direction) cannot be anticipated based on its historical
knowledge [56, p.24]. It is often represented as a graph. In the scope of finance markets it

is intended as the not predictable short-terms changes in prices [56, p.24].




To understand which random walks exist in the international market and how they
should be interpreted, it is important to describe the overall concept, the different

market segments, and the already existing approaches to interpret those.

Financemarket

The term finance market is broadly considered as “markets that deal with cash flows over
time, where the savings of lenders are allocated to the financing needs of borrowers.
Financial markets are composed of money markets and capital market” [53, pp.114-130].
Another widely spread definition is: “The financial market is a broad term describing
any marketplace where trading of securities including equities, bonds, currencies, and
derivatives occurs” [80]. Furthermore, the term asset will be used later to describe
different investing possibilities (instruments). Lee and Lee [53, p.226] differ between

two kinds of assets:

e “Real assets are land, buildings, and equipment that are used to produce goods
and services.”
e “Financial assets are claims such as securities to the income generated by real

assets.”

This thesis is based on their definition of the financial assets while using the term assets.

Market segments

The international financial market consists of different sectors where different kinds of

assets are traded. Moreover, there are two legal types of markets within the EU:

Regulated market In Germany, the requlated market is a coordinated place which is
further defined in article 2, paragraph 5 of the Securities Trading Act. More
precisely, this means that the German and in some cases EU law control and
regulate the market. All participants are required to have a permission assigned
after an approval process. Two example requirements for a company are: at least

three years old and an estimated value of the shares of 1.25 million euros. [40]




Regulated unofficial market In comparison to the regulated market, the regulated
unofficial market’s rules are given by the corresponding bourse. These can vary
from location and country. As an example, the Terms and Conditions Regulated
Unofficial Market for the regulated unofficial market of the Borse Stuttgart can be
viewed at [36].

Another way to differentiate the market segments is to distinguish their tradable goods

(assets) also called security.

A security is a tradable asset representing an ownership of a “a publicly-traded corpo-
ration (via stock), a creditor relationship with a governmental body or a corporation
(represented by owning that entity’s bond), or rights to ownership as represented by an
option” [84]. Example for securities are stocks, government bonds, mortgage bonds,
public-sector bonds, corporate bonds or derivatives. In general it can be distinguish
between equity and debt security. An equity security represents an ownership interest
in an actual entity in form of shares of the capital stock. Although securities often pay
out dividends (profit sharing), normally those are not entitled to regular payments. An
equity security does entitle the holder to the right of co-determination. In comparison,
a debt security represent worth which is lend, need to be paid off in certain amount of

time. [84]

Stocks or Share A stock is a security which represents a partial holding of a company
in percentage of the total shares available. Stocks have an important role in the
economy like raising capital for businesses, facilitate company growth or as an
indicator for the current state of the economic system [90, pp.9ff]. A detailed
overview of the stock market literature can be viewed in [90].

Indices An index is a way to classify a representative group of individual data points
and to measure changes statistically within it. The result can be used to make
comparisons of data across time. Therefore a base value is chosen which is usually
100 and other data segments are contrasted to this base. [72, 73]

Futures A future (contract) is a financial commitment to buy or sell an asset or good
at a scheduled date and determined price. Those are used to speculate on the

price movements. Therefore, the buyer can buy an asset at a future date to sell




it afterward. A seller otherwise is sure to sell his good for a certain guaranteed
price. [81, 61]

Options An option is a contract between an option writer and an option holder to trade an
asset at an agreed-upon price during a certain time period. The option writer has
the right but not the obligation to buy it. This allows the buyer to speculate while

the seller has a lower risk of holding an asset. [83]

Although reviewing a large amount of fundamental literature for the financial market,

there are no general definitions of the terms mentioned above.

Investments and speculations

Moreover, there are a lot of interpretations of the term investing. Malkiel [56, p.26]
suggests it as an approach to “gain profit in the form of reasonably predictable income
(dividends, interest, or rentals) and/or appreciation over long term”. Graham [38,
pp.18f] defines it as a contrast to the term speculator. Therefore, he supplements his defi-
nition from Security Analysis: The Classic 1934 Edition of differentiating the discrepancy
between the terms. Accordingly, Graham characterizes the operation of an investment
as a “through analysis promises safety of principal and an adequate return” founded

action [38, pp.18f]. All other activities are speculative according to him.

In the definition of investing there are multiple mentions of the term speculator (spec-
ulation). Thus, there is already a description from Graham [38, pp.18f] not all other
authors define their interpretation explicit. Malkiel [56, p.26] differentiated it over the
time period for the investment return. He adds the aspect that the predictability of the
return also discerns a speculation. Lambin [52, p.14] defines it as the “practice of engag-
ing in risky financial transactions in an attempt to profit from short- or medium-term
fluctuations on the market value of a tradable good, rather than attempting to profit
from the underlying financial attributes embodied in the tradable good, such as capital

gains, interest or dividends”.

To sum up all mentioned authors distinguish an investment and a speculation in some

aspects summarized in table 2.2. The definitions this thesis is using are:




Investment

Speculation

Long-term

Based on fundamental factors which are
kind of predictable

Low or moderate risk

Anticipated small and steady value of
return

Purchasing an asset with a longtime en-
hancement in value

Short-term

Resting on soft facts like market psychol-
ogy, assumptions or rumors

High risk

Anticipated high and sporadic rate of
return

Doing a risky financial action in hope
for a substantial revenue

Table 2.2.: Investment compared to speculation

Investment An investor is somebody spending a considerable amount of worth in a
long-term asset-based on predicted facts. The returning income is assumed to be
moderate and steady.

Speculation A speculator is somebody supplying a considerable amount of worth in
short-term assets knowing the high risk of the transactions. The justification is
based on a non-predictable theory of environmental sentiments or non-provable
assumptions. The revenue is supposed to be a substantial increase of the spent

wealth. As Graham already pointed out, a speculator wants to beat the market.

Return of investment and predictability

As already mentioned in the introduction of this chapter the main focus of this thesis
are random walks. A return of investment in such an environment depends on future
events and a good, steady income from it rely on the investor’s ability to predict this

future [56, p.28]. Moreover, the income can be defined at any time ¢ as [82]:

t
> Transactioncosts(i)

7::tpu'rchase

InvestedW orth(tyurchase)

AssetValue(t) — InvestedW orth(tpurchase) —

Profit(t) =

(2.1.1)
This equation means that the profit at time ¢ is the current value of the investment
minus the costs when buying it (InvestedWorth) and the sum of all transaction costs

to this momentum. It outputs the percentage increase of the asset. Furthermore, for a




long-time purchase the inflation needs to be considered as well [56, pp.26f]. The latest
inflation in Germany was 0.5% in 2016. Thus, the average inflationrate from 2008 to
2016 was approximately 1.26% [13]. Moreover, CESifo-Gruppe [13] predicts that the
future increase rise to 1.8% in 2017 and 1.7% in 2018. Accordingly, the European Central
Bank [26] inflation rate goal is a rate below but close to 2%. Therefore, the overall profit
should excides this percentage. Equation (2.1.1) now can be supplemented with the
inflationrate r [82]. In addition, the overall market will grow as well. So if someone
wants to beat the market, he has to perform better than the overall market. Therefore,

the market growth rate m is also added to the equation.

(1+ Profit(t))

Profit.,(t) = Atr+m)

1 (2.1.2)

For example, an investor buys assets of an DAX company worth of 50000€ at the first
of Januar 2016 with an purchase cost of 1000€. At the end of 2016 (31.12.2016) he sells
those for 65000€:

65000€ — 50000€ — (1000€)

50000

140.28
Profit,,,(1483171200000) = { +(() O—i(_)B n ())068) -1 ~ 0.1929 (2.1.4)

Profit(1483171200000) = =028  (2.1.3)

The profit is calculated at 31.12.2016 at 9am (in javascript milliseconds format:

1483171200000). Like already stated out, the inflation rate in Germany was 0.5%. The
DAX rises from end of 2015 to the end of 2016 with approximately 6.8% [12]. The
eq. (2.1.3) shows, that the investor performed way worse if he/she considers the infla-

tionrate of currency and the overall market growth.

A detailed view, on how inflation rates can be calculated and how to handle other

aspects of an asset return can be found in “Asset returns and inflation” [29].

To understand how the market participants try to predict the sector, it is important to

explain the two main basic approaches [25, pp.526f]:

e Charting Discover patterns in visual representations like charts.
e Market technique Calculating of trends (signals) to purchase or sell based on

mathematical equations.




Charting is one of the most common concepts within the modern financial market. Users
assume that historical data of the time series implicit information to predict its future

value. [78, p.164]

A more specific approach to the financial market is the efficient-market hypothesis by
Fama [28] in 1970. His theory is based on the idea that an ideal market is one “in which
prices provide accurate signals for resource alloation” [28, p.383]. Furthermore, Fama
declares, that market participants can make decisions under the assumption that asset
prices at any time fully reflects all available information in such a market. He added

some conditions for an efficient market [28, p.387]:

e No transaction costs
e All information are costless accessible for all market participants

o All participants admit on an implication of current information for a current price

If a market fulfills these aspects, a price of an asset fully reflects the available intelligence.

More information and an empirical approach to the topic can be read in [28].

In contrast to the fully reflected prices the second approach is that prices are not also
influenced by external or unknown aspects. Therefore, in this model fluctuations
are the result of external phenomena such as political decisions, external rumors or

environmental events. [78, p.164]

Current and classic methods how the financial market tries to predict the future direc-

tions of a random walk are discussed in sections 2.2 and 2.3.

Candlesticks

The Candlestick chart concept is rooted in the 17th and 18th century in Japan at the Osaka
bourse for rice prices. [96, p.1180, 25, p.527, 64, pp.105£, 37]. A candle is one element
within the chart representing a part of the random walk within the time ¢. One unit
is based on four values: Opening, High, Low and Closing. Figure 2.1 illustrates the two
types of candles with the corresponding mathematically expressions [91, p.264]. The

given data S;, and S;, forms a cell body based on the follwoing definition:

10



e If the opening is below the closing value, the cell body is white (or sometimes red).
Therefore, the abstracted graph is overall increasing within the time ¢. Otherwise,
the cell body is black and represents an overall decreasing segment [37].

e The maximum of the abstracted passage is the highest point of the wick (also called

upper shadow). Accordingly, the minimum forms the lower shadow [96, p.1180].

High High
max S max Sy
. t
o<t<tc to<t<tc

~—— Higher Shadow —
Closing Opening
Ste

Body
Sto
Opening Closing
<~——— Lower Shadow —
min S, min S,
to<t<tc to<t<tc

Low Low

Figure 2.1.: Schemas of basic candlesticks with labels [37, Abb. 1]

Figure 2.1 shows the resulting schemas of the two candlesticks with the mathematical

expressions [91, p.264]. Further information in different contexts are given in the work

of Valeev and Terpugov [91] and Xie, Fan, and Wang [96].

2.2. Time series

Palit and Popovic [67] defines a time series as a “time-ordered sequence of observation

values of a physical or financial variable made at equally spaces time intervals” [67,

Chapter 2.1].

11



The goal of this section is to give a brief overview of how to examine a time series (TS).
The idea, thereby, is to use mathematical models to describe its behavior. It is sometimes
possible to derive predictions based on those models. If an exact forecast calculation
is possible it would be entirely deterministic but often there is an unknown amount
of unknown factors which influence the TS. Nevertheless, it is sometimes possible to
derive a design which can be used to get the probability of a future value in a specific

time period. This kind of model is called stochastic model. [7, p.6]

The tactic of exploring a time series is to separate it into different steps: first, observations
about a series need to be detected and developed in characteristics. Afterwards, a
model is built to abstract the TS. Therefrom, predictions can be made via analysis
and in combination with the characteristics, an attempt to control the behavior can be
considered [92, p.225]. To achieve this, four components are usually examined: (i) trends
(or long-term movements), (ii) cycles (or fluctuations), (iii) time depending movements (or

seasons) and (iv) random/stochastic movements [92, p.226].

Moreover, there are several types of time series which will be examined in the next
section. Afterwards, the different modeling methods are described. The third section

discusses how the described characteristics and methods can be used to analyze a TS.

2.2.1. Types

A type of a time series is depending on its following charasteristics [67]:

e stationarity
e linearity
o trend

e seasonality

The stationarity factor can be seperated in two classes. A stationary time series has a
statistical equilibrium with provabilistic properties like the constant mean level or constant
variance do not change over time. The other class, a non-stationary TS, has varying

properties which are sometimes staged as exponentially weighted moving averages. [7,

p7]

12



The second characteristic linearity describes whether a time series is liner or non-linear.
A linear TS follows a specific direction which can be approximated by a linear function
(f(x) = mz + b). A nonlinear one does not have this function and follows various

directions. A series can change their linearity in different time periods.

Seasonality describes a periodic, recurring event within a time series. If a TS is season

depending, forecasts can be made based on the time period. [3]

2.2.2. Modeling

There are different approaches for modeling a series. Box-Jenkins is a stochastic model
building strategy to determine the most efficient stochastic model which fits the TS. In
more detail it involves four related and sequential stages: (i) classify the time series
(ii) consider the most efficient parameters for the model of the identified class (iii) test
the efficiency of the model via diagnostic checks and (iv) predict the future behavior of

the series with the model [7, pp.16,193, 92, p.230].

Another way to model time series is the seasonality model. As already evident from the
name it only considers one characteristic of a time series. By finding a pattern that
repeats for each period it is able to make time dependent forecasts. Therefore, a period is
concrete defined time interval which occurs in a certain sequence. This can be an annual
circle which is 12 periods long or a segmentation in quarters (4 periods) [3]. Firstly, this
method detects a seasonal index (SI) which compares the average of one period to a grand
average (GA). The grand average is often the overall mean of all values within the data
set whereby a SI of 1.00 in an annual pattern is the 5 of the GA. The second step is to
deseasonalizing the data. In this adjustment process, recurrent and periodic variations
over a short time frame are removed. This is achieved by simply dividing each time
series observation by the corresponding seasonal index. The final step is forecasting
new data based on the model by using a seasonal factor in combination with the current

trend of the timeseries [3].

The random walk model’s approach is that the “most recent observation is best guide to
immediate next prediction” [1, p.1442]. This concludes that all important information

data for a prediction is included in the latest data set. The method, also known as the
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Naive model, is widely used in the financial market [1, pp.1442f] although it is only
capable of predicting distinct trends with few fluctuations [21, p.10].

Another famous stochastic process is the Markov chain resulting in the Markov property [9,
Preface p.IX]. This poverty is basically just a statement that defines whether it is possible
to make predictions for the future only based on its present status in comparison to
its full history. This leads to the theorem, that the future of a process is independent
of the greater past and only depending on its recent values within a Markov chain.
Those chains are often referenced as “collection[s] of random variables” based on a
“countable time-set” [60, p.3]. The mathematical background can be read in [65, 60, 34].
In the context of time series, hidden Markov models can be applied. Since these would
exceeded the scope of this thesis, further information can be found in Hidden Markov

Models for Time Series - An Introduction Using R, Second Edition[98].

2.2.3. Analysis

This section describes some of the commonly used time series analysis methods. More

information on the specific methods can be found in the different literature.

One method to identify trends is the moving average (MA) which uses successive seg-
ments of the time series to create an abstraction. Therefore, different data points at
specific time spots are used to calculate an arithmetic mean. The goal is to eliminate

season depending movements and fluctuations [92, p.225].

Another analysis method is regression whereby a dataset is used to recognize a relation-
ship “of one variate on another in actual quantitative terms in contrast to correlation” [71,
p-1661]. In more detail, the most popular version is the linear regression whereby the

relationship is assumed to be linear [27, p.19].

The third method is autocorrelation process which relates the observations of a TS over
time to each other. Therefore, it measures previous data set’s influences on the current
value by the autoregression coefficient ¢ [92, p.231]. This is an extension of the moving

average method which is further examined in [92, pp.231ff].
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The autoregressive integrated moving average (ARIMA) method combines two of the most
famous methods to analyze time series into a general model for time series. It uses
the auto-regressive elements to represent the lingering effects of previous scores and
the integrated element representing the trends present in the data. In addition, it
uses the MA to eliminate random shocks in the data set. The overall attempt is to
filter out high-frequency noise in the data to detect local trends. It can be extended
to the seasonal autoregressive integrated moving average (SARIMA) which acknowledges
seasonal components. Two drawbacks of the ARIMA model are that it assumes linear
relationships between independent and dependent variables in the data set. It also

assumes a constant standard deviation in errors in the model over time. [95]

2.3. Market theories and trend analysis

Besides stochastic models, there are some other methods of how to interact in the
financial market. This section describes some techniques to analyze and beat the

market.

2.3.1. Firm-Foundation Theory

This theory was introduced by different authors but it is often associated with Williams
[93] who designed the classical concept. The principle of the Firm-Foundation concept is,
that every asset has an instrinsic value (IV) characterized as a “firm anchor [...] which
can be determined by careful analysis of present conditions and future prospects” [56,
p-29]. Williams [93, p.29] uses the dividend income to calculate that anchor. Moreover,
he establishes the idea of discounting into the process. This concept introduces another
aspect at the profit calculation similar to the in section 2.1 mentioned inflation rate. The
author proposes to look at the income backward and anticipates the future worth of
today’s income [56, p.29]. On the other side, the investment company Cook & Bynum

[15] summarize it in their own equation:

Intrinsic Value (IV) = Z Ch -+ Ch S+ CTy T CFi i (2.3.1)
— (1+7) (1+7) (I+7) (147r)
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Whereby i is a time period and C'F is the cashflow. Therefore, C'F; is the cashflow
from the period 1 (i.e. year 1). Moreover, r is the discount rate introduced by Williams.
Although this idea is far away from simple, it is now popular among investment people.

A detailed view and explanation of the idea can be viewed in [93].

Besides the discounting strategy, the intrinsic value is the indicator for the real value of
an asset. Its market price rather can be higher or lower. If an investor is able to purchase

an asset below its IV, he/she is likely to make profit [56, p.30].

2.3.2. Castle-in-the-Air Theory

Another theory to predict the future value of an asset is the Castle-in-the-Air concept.
Instead of focussing on calculable facts it uses psychic values. In 1936 Keynes [50]
introduced this method as an alternative method for professional investors to beat the
market [56, p.31]. His approach is rather than looking directly at the future values
direction to analyze the crowd of market participants and to anticipate how they will be-
have. The name of the theory originates from the strategy to estimate which investment
options are most likely to gain attention from the crowd. Those market participants
build in an optimistic period their hopes into castles in the air. A psychological in-
vestor, therefore, should buy those assets beforehand to make a profit when the crowd

purchases those [50, p.31].

Malkiel [56, p.32] emphasizes that it is not important within this concept which price
you pay for an asset. The only critical criterion is that somebody is willing to pay more

in the future. This is also known as the greater fool theory.

2.3.3. Candlestick analysis

Section 2.1 already describes the overall concept of candlesticks. This section presents
the different methods how those can be visually interpreted to gain information about
future directions. Therefore, the candlestick analysis is part of the charting methods [25,

p.527].
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The common 40 interpretations persist of one or a combination of more than one
candles. As all other analysis methods for random walks, the candlestick analysis
does not guarantee a successful prediction rather it shows a momentum of the current
market status. The following three patterns give a brief over the different usages and

consequential trading conclusions [37]:

Hammer / Hanging Man These patterns introduce a way to recognize possible turning
points. A hammer is a candle with a small body, no upper shadow and a lower
shadow which is at least twice as large than the body. Based on the position of the
candlestick it is also called hanging man if it is recognized within a rising tendency
instead of a falling one. Although both patterns are considered alone only as a
small indicator for a turning point, those combined with the next candle shows a
brief direction change. It abstracts a big fall followed by a great rise. The trading
conclusion is, that if a hammer is recognized with a decreasing tendency the
asset should be buyed. Otherwise, a hanging man indicates insecurity within the
market during an uprising. Therefore, a disposal is recommended. The greater
the difference between body and lower/upper shadow is, the more significant the
corresponding pattern is.

Bullish- / Bearish Belt Hold The belt hold patterns consist of a big body and depending
on its direction a smaller higher or lower shadow. The bullish version opens low
but closes high and has a small high shadow. The bearish one is vice versa. The
greater the body the greater is the impact of the pattern. A long shadow supports
the prediction. A bearish belt hold indicates a further fall of the random walk, a
bullish candle a further rise.

Bullish- / Bearish Engulfing Pattern The engulfing pattern contains two candlesticks.
The first one is a white or black candle followed by greater inverse one. The only
condition is, that the second candle needs to surrond (encircle) the primary body.
The conclusion is again a turning point. For example, the bullish pattern is a black
small candle followed by a great white one. In the context of a decreasing tendency
beforehand, this predicts a rise of the asset and therefore a buy is recommended.
The greater the difference between the candles the greater the implication of the

event.
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As already pointed out, there are over 40 patterns found in the classic Japanese candle-

stick analysis. More examples and explanations can be found in [58, pp.203-206].

2.4. Introdcution to neural networks

The idea of neural networks goes way back to the early research about the human brain.
Approximately 10™ elements linked by roughly 10* relations per member form the basic
structure of the man like intellect [41, Chapter 1 p.1, p.8]. Each unit of this biological

nervous system is called neuron.

Dendrites

Synapse

Figure 2.2.: Drawing of biological neuron

Figure 2.2 shows a simplified schematic diagram of a biological neuron with an input
connection from another neuron. A unit is composed of three major segments: the
dendrites, the cell body, and the axon [41, Chapter 1 p.8]. Signals within the system are
carried through the dendrites which build a network of nerve fibers carrying electronic
signals from other neurons to the cell body. The main element is the cell body which
is processing the incoming signals and delivers the output via the axon to the rest of
the network. Furthermore, the contact point between a cell body and a dendrite is
defined as a synapse. While it is already explored that the synergy of the arrangement
of the neurons and the strengths of the synapses deliver the highly effective value of the
human brain [41, Chapter 1 p.8], there is only a small knowledge of the neuron’s exact

chemical way of functioning [51, p. 13].
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Derived from the biological concept the basic artificial neural network idea emerged
after a new approach to simplified electronics neurons by Warren McCulloch and
Walter Pitts in 1943 [59]. The overall concept is also known as connectionist models or
parallel distributed processing [51, p.13]. From there the evolution of neural networks
undergone a long time of highs and lows. Main milestones are the discovery of classical
conditional by Hebb [43] and Frank Rosenblatt’s first application of a perceptron network
with a corresponding learning rule in the early 1950s to achieve a limited pattern
recognition [41, Chapter 1 p.3]. In 1969 Minsky and Papert [62], showed up the deficits
of perceptron models by using mathematical analysis to show the exact limitations of
a class of computing machines which are seen as serious models of the human brain.
Although some researchers continued to search for new aspects, the overall studies
were suspended [51, p.13]. In the 1980s the trend gathered pace again after a new wave
of more powerful personal computers and the discovery of the error backpropagation
algorithm [41, Chapter 1 p.3, 51, p.13]. The new algorithm was observed independently
by several researchers but Rumelhart’s and McClelland’s [76] paper from 1986 was the
particular answer to the criticisms of Minsky and Papert [41, Chapter 1 p.4].

The following section introduces the basic concept of artificial neural networks while
explaining the architecture and different algorithms. Moreover, in sections 2.4.2 and 2.4.3
modern fields of application are described. The section closes with a selection of

successful and unsuccessful implementations in different areas during the years.

2.4.1. Description

The structure of a neural network (NN) is based on a pool of simple processing units
(PUs) connected through a large number of weigthed connections [94, p.391, 51, p.16].
This concept enables the NN to memorize experiential knowledge and process informa-
tion without defining specific policies [94, p.391]. Therfore, it does not handle the data
sequential but parallel and distributed [51, p.15]. Returning to the biological inspiration
in the beginning of the section a neural network is based on the same fundamentals.
The weight corresponds to the strength of the synapse while the activation function
and the output represent the axon. The summation of the input with the weights and

bias is comparable to the cell body. Rumelhart and McClelland [75] defined further
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aspects [51, p.15], which are illustrated in fig. 2.3 and explained in more detail in the
followed paragraphs:

e Every PU has an output state y;, which is derived from the activation function Fj.

e Every connection between processing units is determined as a weight w;; which
affects the impact of an element j on the unit .

e Every item has an activation function Fj, determining the new level of activation
based on the quantified input s;(¢) and the current activation yy(¢).

e Every processing unit has an external bias (or offset) 6.

e Each NN has a learning rule collecting information.

k

Sk = Zj wikYj + O Fy Yk

Figure 2.3.: Fundamental components of an artificial neural network with a weighted
summation rule. [51]

Processing units

The fundamental and also smallest unit within a neural network is the processing unit.
Thus the major function of a PU is to calculate an output value based on a computation
of the weighted inputs in combination with a certain threshold. Thereby, the outcome
yi can be a sum of the weighted sums of the inputs ;. The quantifier w;;, represents the

weight of the connection between the output of a neuron j and the current processing
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unit k. The quantifier w determines the impact of an input on the PU. This can be

mathematically represented as [94, 51]:

Yk = Fk(z wiry;j + O)
p 2.4.1)

= Fk(ak)

While the activation levels are representing the short-term memory of an artifical neural
network, the whole weigth matrix can be considered as the long-time memory [94,
pp-391f] since it reflects the skills that it has earned during the training process (see
Training). The bias 6 is a correction method similar to a constant within a linear function
y = ax + b. It can be used to shift the entire transfer function to a specific amount to
optimize the results. In general an offset is not required but networks which have one
are considered as more powerful since those have an extra variable. This parameter can

e.g. avoid that a network with an input vector of zeros always outputs a zero as well.

Connections

As already described a connection is defined as the passing on of the output from a
processing unit to another one. Thereby, the weights of a contact represent the strength
of it. If W}, is positive it is considered as excitation. Otherwise, a negative weight as

inhibition [51, p.16].

Each PU can be assigned to one of the following types depending on how they are
interconnected through the network [51, p.16]:

Input The unit’s input data is from outside of the network.
Hidden Input and output connections from the neuron are within the network.
Output The element receives input data from within the network but sends its result

out of the NN.

Since a neural network works as a parallel distributed system multiple processing
units can be calculated at the same time. More precisely this can be achieved via a

synchronously or an asynchronously approach [51]. A synchronous calculation process is
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a concurrent method. That implies that all neurons update at the same time. With an

asynchronously system, each PU update its activation at a specific time ¢.

Activation functions

The activation function (also known as transfer function) is the rule which determines
the output of the neuron based on the total input and the current activation level [51,

p-16]. Therfore eq. (2.4.1) needs to be supplement.

Yr(t + 1) = Fr(ye(t), ar(t)) (2.4.2)

Such an Fj, can be linear or nonlinear of n [41, Chapter 2 p.3] but it is often implemented
as threshhold function [51, p.17]. This threshhold option is not depending whether the
function is linear or nonlinear but it is limiting it to a certain minimum and maximum
value. One important performance factor is the transfer function. Thence, for every
problem a new evaluation for an activitation function needs to be done. The following
figures show some of the common transfer functions [41, Chapter 2 p.6, 51, p.17, 94,

p-392].

e 0, ar<0
Fy(ag) = (2.4.3)
\1, Qy Z 0
-1, ar <O
......... Fk(ak) — (244)
1, ag > 0

\

Figure 2.4.: Stepfunction (dotted: Symmetrical Stepfunction)

The hard limit activation function (or: stepfunction) is used to determine a binary clas-
sifciation problem. Equation (2.4.3) shows that the output of the neuron is 0 when the
summarized inputs are below 0. Otherwise, it is 1. A modified version of this function
is Equation (2.4.4) whereby the dotted graph is symmetrical to the x axis. The result for
below 0 is hereby —1 [41, Chapter 2 p.4]. Both functions are visualized in fig. 2.4.
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...... Fk(ak) =X (245)

0, ar<O0
Fy(ay) = z, 0>a,<1 (2.4.6)
1, ap>1

Figure 2.5.: Linear (dotted: Saturated linear)

Figure 2.5 anticipate the linear and saturated linear transfer function. Thereby, egs. (2.4.5)
and (2.4.6) show the logic behind the graphs. The linear function does not have any

limits. The saturated linear activation function limits it to 0 to 1. [41, Chapter 2 p.4]

e — ek

Fk(ak) = m (247)
1
Fk(ak) = JREp— (248)

Figure 2.6.: Hyperbolic Tangent Sigmoid (dotted: Log-Sigmoid)

The hyperbolic tangent sigmoid and log-sigmoid are shown in fig. 2.6. Equation (2.4.7) is
the equivalant to the tanh(Ay). For multilayer networks, this function is often squashed
to a threshhold function shown in eq. (2.4.8) as it is differentiable. The log-sigmoid
activation function limits it to 0 to 1 (see eq. (2.4.8)). [41, Chapter 2 p.5]

Training

A neural network’s goal is to produce an output or a set of outcomes which solves a
given problem. Therefore it changes its weights of each processing unit to build some
kind of memory and intelligence [51, p.18]. This is the same approach currently known
about the human brain: Some brain structure is developed during pregnancy based on
the genetic material of the parents. Thus, the most parts are evolved through learning

by creating new connections, destroying old ones or adjusting strengths of synapses [41,

23



Chapter 1 pp.8f]. In the area of artificial neural networking this is known as priori
knowledge (already given information results) and training [51, p.18]. Therefore, one
way is that the NN processes training data which is a set of input data and a given
correct output (see supervised learning later). How the interconnected system performs
its weight adjusting is depending on the problem and given data. Mathematically

expressed this is [94, p.393]:
dw]’ k
dt

= fr(L, wj, 1) (2.4.9)

Whereby ¢ is the time and L is the weigth adjustment information. f is the choosen
learning function. Equation (2.4.9) is performing the weight changes. The changes to
the corresponding connection jk are saved in L. The learning function f; uses this
information to modify w;;,. After this is applied to every neuron of the NN the current

learning round is finished for a training sample.
Usually the learning strategies are categorized in two distinct sorts [51, p.18, 94, p.393]:

Supervised learning or Associative learning This learning concept is based on an ex-
ternal guidance. Hence, it uses input pattern (local information) in combination
with the matching output pattern (external information) to train the neural network.
The desired solutions (outputs) are usually provided by an external source. If they
are supplied by the system which contains the model it is called self-supervised.

Unsupervised learning or Self-organisation In comparison to the supervised learning
pattern, the unsupervised one only depends on local information. Therefore, the
NN needs to discover statistically salient features to build a correct solution on its

own. More information on competitive learning algorithms can be found in [4].

Examples of both learning strategies will be explained in section 2.4.3.

2.4.2. Types

Each problem requires a specific neural network solution. Therefore, over the years
different network architectures have been developed and published. All of them
share the same basic of processing units and connections, but the arrangement and

interconnections differ [94, p.393].
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First, NN can differ in the amount of layers. A layer is a pool of PUs which operate in
parallel [41, Chapter 2 p.9]. The simplest structure is a single-layer architecture which is
composed of only n neurons. Those are connected to every input and their result is the

output of the network.

The next step is to add more layers. If there is a total of two or more layers the network
is considered as multi-layer. Since the first layer is the input layer and the last one is the
output layer, the layer in between are distinguished as hidden layers [41, Chapter 2 pp.9ff].

Those are not visible for the environment [94, p.393].

Input Hidden Output
(A) Single-layer NN o Q/
(B) Multi-layer NN

Figure 2.7.: Schemas of single- and multi-layer NNs

Another architecture decision is the type of the NN. A common structure is the feedfor-
ward type. It does not have any feedback loops and the information flow is relatively
simple like seen in fig. 2.7B. The data is inserted in the PUs in the input layer, pro-
cessed and transferred to the hidden layer and finally emitted after the output layer

(see section 2.4.1).

) O
— QH

0 2

Information flow

Figure 2.8.: Schema of a multi-layer feedforward NN

In contrast to the feedforward neural network,the recurrent (or feedback) architecture

does not have a single-way data flow. The connections in this type are bi-directional,
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which means that the output is not only redirected to next layer of neurons but to the
neuron itsself [41, Chapter 2 p.14, 94, pp.395f]. Often this is implemented as a delay
module at the output of the neuron. This is described in detail with the aid of an

algorithm in section 2.4.3.

Since there are a lot of different combination possible, there are some common best

practices for the architecture of neural networks:

e The number of inputs to a layer should be different from the number of the PUs
in the layer [41, Chapter 2 p.9].
e It is not required that every neuron within a network should have the same
activation function [41, Chapter 2 p.10].
e Three step program to pick an architecture based on the problem specification
by Hagan et al. [41, Chapter 2 p.19]:
1. “Number of network inputs = number of problem inputs
2. Number of neurons in output layer = number of problems output
3. Output layer transfer function choice at least partly determined by problem

specification of the outputs” Hagan et al. [41, Chapter 2 p.19]

2.4.3. Current methods

Error measurement

One of the most important features of a neural network is its training ability. To measure

how good the current configuration is, some fault indicators are necessary. Krose and
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Smagt [51] propose therefore based on Rumelhart, Hinton, and Williams [76, p.534] the

following equations:

Ny,
1 , .
EY =2 (dy — yl)? (2.4.10)
k=1
Plea,’rnzng
Elearm'ng P Z EY (2411)
learning y;=1
1 Ptest
Etest - P EY% (2412)
test 71
Z >y - )’ (2.4.13)
yi=1 k=1

Equation (2.4.10) is the total quadratic error for the difference between output of £ and
the desired output while training the network with learning data. Hereby, d;” is desired
output for the processing unit £ when input pattern y; is used [76, p.534]. The learning
error rate error is displayed in eq. (2.4.11). This calculates the average error per learning
sample represented in eq. (2.4.10). Furthermore, eq. (2.4.13) defines the total error £ of
a network [76, p.534]. Krose and Smagt [51] propose to define the test error rate as the

average error of the test set (see eq. (2.4.12)).

Perceptron network

As in the history of neural networks (see section 2.4) already mentioned Frank Rosen-
blatt’s perceptron network was one of the milestones in the evolvement of NNs. This
paragraph is a simplified single-layer pattern recognition example of his original im-
plementation. Therefore, there is a training set composed of an input vector y; and an
output vector d(y). Another simplification is that the example assumes the result differs

only between —1 or +1 [51, p.24] which ranks it as a binary classification problem.

Rosenblatt’s learning rule consists of an easy supervised algorithm shown in fig. 2.9.
The weights are initialized with random numbers. Afterward, the algorithm iterates

through every data vector of the training set and corrects the corresponding weights, if
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< Training data set < <Initialize random weights for each Connection>

T~

Select y; out of training set

Y

Correct bias: A8 = d(y;)

A

Correct bias: A =0

A
<
T

U
—~
&
~—

A,

Correct weights: Aw; = d(y;)(y;)i

Figure 2.9.: Flowchart of the perceptron learning algorithm [51, pp.24f]

the result y; is not equals to the desired one d(y;). Furthermore, the bias is corrected

according to this function [51, p.25]:

N 0 if the perceptron responses correctly

d(yx) otherwise

One extended aspect of the perceptron concept is the convergence theorem. For a

detailed review on this theorem see Krose and Smagt [51, Chapter 3.2.2].

Delta rule

Another basic supervised training algorithm is the delta rule initialy proposed by Alek-
sander and Morton [2]. The method tries like all other learning algorithms to optimise
the output y; by finding such an weight matrix w that the output is as similar as possible

to the desired output: y;, ~ d(yi) [22, p.287].
(dw);; = n(y; — (wz);)z; (2.4.14)

In the context of the delta rule eq. (2.4.9) is modified to eq. (2.4.14) [75, p.332], whereby,

n is a chosen parameter called the learning rate. Furthermore, in this context z; is a
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learning sample at position i in the training set (z, y) with the desired output y;. (wz);

denotes the jth element of wz.

The delta rule is, in the end, just a method to optimise the weights step by step to the
ideal weight vector. It has been shown, that this rule works best with models without

any hidden layers. Otherwise, NN with hidden layers are not suitable for it. [77]

Back-propagation

The back-propagation is also known as the generalized delta rule whereby the objective
is to “find a set of weights that ensure that for each input vector the output vector
produced by the network is the same as (or sufficiently close to) the desired output
vector” [76, p.534]. The overall architecture is originally a multi-layer type. However,
particularly there are no connections within a layer or between layers in the direction
from the output to the input neurons allowed. Though an interconnection can skip
hidden layers [76, p.533]. The total input z; of a PU the sum of the weighted inputs
yjw;i [76, pp.533f]:

Th= ) YW (2.4.15)
J
1
S N— 2.4.16
Yk 1 + exp(—xy) ( )

Equation (2.4.16) is its real-valued output. Equations (2.4.15) and (2.4.16) are proposed
by Rumelhart, Hinton, and Williams [76] but those do not need be mandatory exactly
the same [76, p.534].

To train the network the algorithm uses two phases:

First phase: Feedforward An input z out of the training set is processed through the
network similar to a simple feedforward NN. Thereby, the outputs of all neurons
are calculated [76, p.534, 51, p.36]. Furthermore, each result is compared to the
desired result which gets documented in the error EY/ (see eq. (2.4.10)).

Second phase: Backward The generated error signal is transferred from the output
layer backward to the input layer. Each element calculates its own appropriate

weight adjustments [76, pp.534f].
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2.4.4. Performance indicators by Krose and Smagt

Section 2.4.2 already introduced various aspects to specify a neural network architecture
but which factors needs to be considered to reach the optimal performance?

Krose and Smagt [51, Chapter 4.8] introduces a study about the impact of different
variables on the performance and approximation error. Firstly, the book defines that
the learning algorithm and number of iterations of the learning set determines how
optimized the error on the training set is. Furthermore, the amount of learning data
resolves the quality of the NN. Quality is in this context how “good the training sam-
ples represent the actual function” [51, p.43]. Finally, the quantity of hidden neurons

influences the “expressive power” [51, p.43] of the system.

Equations (2.4.10) to (2.4.12) are the used measurements methods to evaluate the errors

looking at the learning set size and number of hidden units [51, pp.43f]:

|
|
|
error

rate

test set

learning set

number of learning samples

Figure 2.10.: “Effect of the learning set size on the error rate. The average error rate
and the average test error rate as a function of the number of learning
samples.” [51, Figure 4.8]

Number of learning samples Krose and Smagt’s experiment is based on the approxi-
mation of the function y = f(x). The test compares various sizes of the learning
set to contrast them to subsequent errors Ejcrning and Ej.s. Figure 2.10 shows
the results of the different set sizes and compares the error rate of the test set
and learning set. As seen the error rate of the training samples rise with the
number of samples. This is due that the NN needs to fulfill more possible correct
results. In the meantime, the test set error decreases over time. In more detail, they

compare the amount 4 and 20, which graphs can be seen in fig. A.1. In the first
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case, Ejeqrning s small but Ey., was large. With 20 learning data samples, the effect
is quite different. £, is quite low but Ejcppning is higher. The authors conclude
that a modest learning rate on a small learning set is not a reliable performance
indicator.

Number of hidden processing units Krose and Smagt use the same experimental
setup but now vary the amount of hidden neurons. During the experiment they
created the so-called overtraining (or overfitting) effect. Due to a large number
of PUs within the hidden layers, the network is fitting the noise of the learning
data instead of smoothing the approximation. Therefore, the authors infer that
although a high number of hidden neurons lead to a small error on the learning
set, the overall network is not skilled in working with new data. Their results can

be seen in section A.1.

2.5. Current state of art

Sitte and Sitte [78] try to predict the S&P 500 financial from 1973 to 1994 time series by
the sum of their long-term trend f and a residual series r. Whereby, r is the detrended
(by subtracting a least mean square fitted exponential function) S&P 500 data. They
modified the data since “NNs have difficulty to predict strongly growing time series” [78,
p-166] like the original series. Furthermore, Sitte and Sitte [78] normalize and rescale
r to zero mean in the range of [—0.8,0.8]. This should avoid the saturation regions
of the sigmoid transfer function. The authors compare two network types. The first
one, a Time Delay Neural Network, is a feed-forward network with one hidden layer
which has an experiment range between 2 and 32 PUs. Furthermore, the amount of
the historical data, called window size, was adapted from one day up to one month.
They use different activation functions in the hidden layer (hyperbolic tangent) and the
output layer (linear). The second network is an Elman recurrent one, whereby the context
units are progressively increased from 2 to 16. Both networks’ training algorithm is
Levenberg-Marquardt and are implemented in the Matlab Neural Network Toolbox. The
data is split in 60% learning and 40% testing data.
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In the end, both networks output almost identical results. The authors conclude that
there are “simply no more information the detrended S&P 500 time series” [78, p.168]
which contradicts the theory that historical data of time series can be used to predict
future ones. Sitte and Sitte [78] explain their results and test further factors in their
article “Neural Networks Approach to the Random Walk Dilemma of Financial Time

Series”.

Adhikari and Agrawal [1] try to forecast financial time series by combining feedforward
ANNSs (FANN), the random walk model and Elaman artificial neural networks (EANN).
The hybrid’s development is based on the problem of time series composed out of
linear and nonlinear components (see eq. (2.5.1)). Therefore, the authors separate the
original TS (Y") into a linear (.X) and nonlinear (Z) part by estimating the linear one with
a random walk model and subtracting this from the original series (see eq. (2.5.2)). E is

the resulting rest including the nonlinear part.

Y=X+Z (2.5.1)
E =Y — X.simated (2.5.2)
Zestimated = %( iﬁ%fz\;ed + Efséer]z\ied) (2.5.3)
Yestimated = Xestimated + Zestimated (2.5.4)

In eq. (2.5.3) Zestimatea 1 the result of average the predicted values of a FANN and an
EANN estimation. The auhtors discuss the sailent features in “A combination of artificial
neural network and random walk models for financial time series forecasting” [1,
p-1445]. After appyling the concept to four real-world financial time series, the results
(eq. (2.5.4)) can be seen in fig. 2.11, whereby, the dotted lines are the predictions and
the normal ones are the actual time series. The authors conclude that their hybrid
method adds a “substantially improved the overall forecasting accuracies and also

outperformed each of the individual component models” [1, p.1448].
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Figure 2.11.: Graphs of actual and predicted datasets through the hybrid method for
a) USD-INR exchange rate, b) GBP-USD exchange rate, ¢) S&P 500 index,
d) IBM stock price [1, Fig. 5]

Furthermore, there are various publications about neural networks for financial time
series but due to their commercial value, it is highly unlikely that successful prediction

designs are made public.
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3. Practical evaluation

This chapter starts with an describtion of the scoring criterias which will be used in
section 3.3 to evaluate the in section 3.2 described frameworks. The final decision with

a detailied explanation is closing this chapter.

3.1. Evaluation criteria

The first considered aspect is the framework’s environment. Which coding language is
used and how old is the latest version, are measurements to score the structure. This
includes the regularity of releases and the overall repository maintenance. Moreover, if
the documentation is comprehensive and easy to understand, the score in this criterium

is higher.

Since the results of this thesis should be used in a professional environment, it is im-
portant to use a long-term, scientifically proved framework. The criterium confidence
considers a good structure to be under the patronage of a admired company, an interna-
tionally respected university or based on an active open-source community with more
than 1000 participants. In all cases, the project should be financed for the next few years.
The internal calculations of each framework are rated on the present documentation,
their developers, and publications. Another observable factor in this criterium is the
overall usage of the code. If it is adopted by big companies and has a large community

with help forums, tutorials or regular mailing lists, it is scored higher.

The third criterium is the the quality assurance (short: quality) of the package. Is there

a reasonable test coverage and on which concept are those based. Furthermore, it is
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important whether the developers follow consistently specific guidelines to maintain a

good code quality.

In addition to the level of confidence, for professional usage the license is major fact as

well. A free, open framework is favored.

The fifth criterium are the technical environment (short: technic) which considers the
current state of the framework. If the technical dependencies in hard- or software are
low the score is better. This includes hardware, operating system or other framework
dependencies. Moreover, the ongoing amount of known bugs is also covered. Fur-
thermore, it is scored whether the codes main goals are consistent. One of the most
important aspects is the amount of major features. The framework is considered as good
when all necessary features for this thesis are covered. This includes different activation
functions (the more the better), various methods to architect a network (the more the
better) and a reasonable amount of functions to read data. Thus, the score is lowered

when there are overweighted functions not useful for this project.

Another important aspect is performance. This criterium considers a good framework
to have a fast response time. The initialization, training and testing performance is
observed as well, but since these backtests are not real-time dependent, those are
only a small factor. Thus, real-time learning to improve the neural network with new
information is a strong scoring aspect. Performance boosters like GPU support or
special hardware lead to a higher score, as long as this does not interfere with a normal

use or sets any limitations.

3.2. Frameworks

In the following, there is a quick overview of various frameworks with short descriptions

(in alphabetical order).

Caffe is a deep learning framework developed by Berkeley Artificial Intelligence Re-
search. It is based on a Ph.D. project from Yangqing Jia and currently under the

leadership of Evan Shelhamer, a current Ph.D. student at UC Berkely. [49]
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Caffe2 is a successor from Caffe developed by Facebook who recently made it available
to the public (open source). The lead developer is Yangqing Jia which started the
tirst version [57]. The improvements to Caffe are better hardware support, greater
scalability and a higher stress test. [79]

Encog is a machine learning framework for Java and C#. The developer Jeff Heaton
(Ph.D.) is a data scientist and an instructor at Wahington University. The project is
focused on neural network algorithms. [42]

Keras is a high-level neural networks API for e.g. Python, Theano or TensorFlow. It
was initially developed by the Open-ended Neuro-Electronic Intelligent Robot Op-
erating System project but is currently maintained by its main developer Francois
Chollet. [14]

Lasagne is similar to Keras an extra library which is specialized on building and
training neural networks in Theano. The core eight-man team around Sander
Dieleman developed the framework from 2014 to 2015. Currently, it is an open
source project with 62 contributors. [19]

Scikit-Learn is a framework designed for data-mining and data-analysis powered by
Google, Columbia University, and different other institutions. After the Google
Summer of Code, the project was started in 2007, in 2010 the first release was
published. The framework is built for and on Python. [68]

TensorFlow is a package based on multidimensional data arrays called tensors. Since
2015 the Google Brain Team is developing it to calculate conducting machine
learning problems and deep neural networks. Currently, it is used by various
companies including Google’s own products. [85]

Theano is a Python defined language to represent and manipulate mathematical ex-
pression. Although it has an active developer community (currently over 250) it is

mainly developed by a team from the Université de Montréal. [89]

The complete evaluation scheme is discussed in section 3.3 but before describing the
frameworks in more detail, Encog and Lasagne are removed from the competition. Both
packages do not have the essential patronage behind their projects. Therefore, it is not
guaranteed, that every calculation and step is correctly implemented. Moreover, it is
not assured, that the developers continue to maintain their code. Whether Keras fulfill

these indispensable requirements is discussed later.
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3.3. Evaluation

In this section the frameworks get ranked based on the in section 3.1 discussed criteria.
The scores’ values are between 0 and 10, whereby, a zero in one category or sub criteria
is the direct disqualification for a framework. The final result is a weighted sum of all
seven criteria by which 100 is the maximum value. Table 3.2 shows the final marks in
each category. Moreover, each of those has different sub criteria whose impact on its

main criteria is shown the table.

Confidence
Quality

Environment
License

Technique ——

Performance

Features

Figure 3.1.: Procentual weighting of the evaluation criteria

The weight of each category is shown in fig. 3.1. The evaluation criteria and their
weights are chosen based on the scope of this thesis. As seen in table 3.2, Keras is
disqualified as it is only a high-level implementation of other frameworks covered in
the evaluation. In combination with the low level of confidence as there is only one main
developer, it was removed from the final decision. The scoring may vary depending on

the use case of the evaluation.
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Caffe Caffe2 Keras Scikit- Tensor- | Theano
Learn Flow

Language 10% | 7.5 7.5 0 6 9 6
Releases 10% | 5 9 9 5 9.5 7
Documentation  50% | 9.5 9.5 8 9 8.5 7
Environment |7.5 9.1 7.6 71 8.95 6.9
Patronage 50% | 6 9 1 8 10 6.5
Future 20% | 6 8 3 9 9 6
Usage 30% | 9.5 8 3 10 10 6.75
Confidence 7.05 8.5 2 8.8 9.8 6.475
Test coverage ~ 40% | 10 5 5 10 8 5
Guidelines 60% | 10 8 9 9 9 5
Quality 10 6.8 7.4 94 8.6 5
License 9 9 9.5 9 9 9
Dependencies ~ 50% | 8 9 5 75 9.5 8
Knownbugs  80% | 7.5 6 1 8 8.5 8
Code goals 20% | 8 8 7 9 8 8
Technique 7.85 7.9 4.2 7.95 8.9 8
Activations ftk.  35% | 8 75 7 9.5 8 7
Neural networks 60% | 7 8.5 5 9.5 8 7
Rest 5% | 10 5 9 8 75 6.5
Features 7.5 7.975 5.9 9.425 7.975 6.975
Creation 15% | 9 7 7 8 9 8
Real-time 60% | 9 8 7 9 8 75
Booster 25% | 10 8 7 2 9.25 5
Performance |9.25 7.85 7 7.1 8.4625 6.95
Final Score 80.76 81.6 Disq. 83.775 86.32 69.13

This method also enables to build kiviat diagrams which visualize the strengths and

weaknesses of each package. The figures for the evaluated packages can be viewed in

tigs. A.5 to A.10.

Table 3.2.: Scoring of the evaluated frameworks
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3.4. Decision

The evaluation revealed the strengths and weaknesses of each framework. Nevertheless,
four packages have good scores in the mid-eighties. Caffe and Caffe2 with a total score of
80.76 and 81.6 are usable frameworks. Thus, it is not assured that Caffe will be expanded
and maintained in the future. With Caffe2, Facebook launched a strong competitor and
with features like simple conversion from Caffe networks to Caffe2, Facebook tries to
actively head-hunt Caffe users. Furthermore, they already head-hunt the originally
main developer Yangqing Jia to create confidence in their product. Although Caffe2
is actively and continuously developed, the framework was just released (July 2017).
Therefore, there are not many reviews and reports about the implementation. It is also
not known, whether the company will assure a long-time development since it just

started. If it fails, it could be taken off the market in a few weeks.

The second rank in the evaluation is Scikit-Learn. Although it is used in a wide range
of application, the focus is not very specific. The developers themselves say that “is
designed to be easy to install on a wide variety of platforms” [17]. This manifests in
their decision to not integrate GPU support and reinforcement learning in the near
future. Although it can be implemented with the help of other packages, this leads to a

high score but not the ideal framework for this thesis.

The framework which will be used is TensorFlow which is founded by the evaluation’s

tinal score of 86.32. It will be further described in chapter 4.
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4. Implementation

The idea of the implementation is to build a neural network prototype that receives
input of historical data which is already saved within the time series. This concept is

derived from the efficient-market hypothesis by Fama which is described in section 2.1.

4.1. Architecture

Firstly, in this prototype, there is no database included. The initial idea to use the IBM
Bluemix platform miscarried as it does not support the chosen framework TensorFlow.
A workaround which involves docker would have exceeded the scope of this thesis.

The current prototype runs locally in a Python environment.

The final decision to use TensorFlow involves the decision for the coding environment.
The framework is build for and on Python (and C++). Although, there are libraries for
Java, Go and C, those are currently not covered by the API stability guarantees from

TensorFlow [87].

Python is an interactive, interpreted, and object-oriented programming language. A
major difference to traditional codebases is that Python is syntax sensitive. This indi-
cates, that different code layers are differentiated with indents. [32] The programming
language is available in two versions: 2.X and 3.X. The backstory is that in the early
21st century the developers decided to change some core features. Although older
Python based programs can be converted to a 3.X version with the 2to3 tool, some
modifications cannot be done automatically. Since the developers do not want to aban-
don users who have not done the transition yet, a two versions codebase is currently

running simultaneously. Since in the future Python 3 should be the only standard, the
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prototype uses Python 3.6. [10, p.17] One major advantage of Python is its wide variety
of modules. Especially, a lot of deep learning software is only available in Python.
More information about Python can be found on the official website [33] and different

literature [10, 74, 54].

TensorFlow is the second generation of a machine learning systems developed by Google
scientists and engineers. After creating and actively using the first generation DistBelief,
Google simplified and rebuilt the code base to create TensorFlow. The first release
was in November 2015 under the Apache license. The open source code currently
can run only on single machines, although Google itself uses a distributed version
within company products. [20, p.195] The code was developed for deep learning but the
system’s structure can also be used for other machine learning applications. To achieve
this, TensorFlow is using a graph based structure whereby mathematical operations are
represented as nodes. Connections between those are multidimensional data arrays
called tensors. A more detailed description and explanation of the structure can be

found in the official documentation [88] and different literature [20, 24, 97].

Another used framework is Pandas which is a Python module to create, handle and
manipulate high-performance data structures. Although the project is community-
driven, it is sponsored by the NumFocus group. Therefore, a commercial usage is
possible. Furthermore, the usage is not application critical and can be easily switched to

another framework. [69]

The whole predictor application is configurable with JSON files since in the end it should
run automatically different networks with different structures. The major configuration
is taking place in the stockcodes.json file which is build like shown in listing B.1. It defines

the most important information for the neural network and used data:

name which specifies the name of the time series and therefore all its raw data input.

trainsize / testsize configures which day-based data should be trained and which one
should test the neural network.

runsize is the amount of the data which is used to evaluate the NN.

nnconfig saves the parameters for the building of the network which is further exam-
ined in section 4.3.

forecast_sec defines the future time window which should be predicted.
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window is the number of days which should be used to train the network starting from
the last available dataset back counting. If it is set to 0 the whole data set is used.

parseDate has the value true if the timestamp input should be defined as six single
inputs (year, month, day, hours, minutes, seconds) and set to false if it should be
only a single input with the timestamp in ms.

predictPercChange changes whether the desired prediction should be the anticipated
price or the percental change in comparison to the current price.

savedModelPath saves the path for the final model.

4.2. Data preperation

To build a neural network there has to be a large data set. This thesis raw data is always
saved in one large file (csv) which contains tick based data of a time series. Tick based
data means, that every time a change within the system happened (price, sell/buy, ...),
a new dataset is generated. The amount can vary from only a few in several minutes
to various in only a few seconds. In the following sections the used example data is
the YM (Mini Dow Jones Indus.) series from September 27th 2009, 18:00:00 to November
30th 2016 18:59:20. In more detail, this is tick based data. Therefore, sometimes there are
multiple datasets per seconds. Sometimes there is for thirty seconds no new value. The
total amount of information rows is 175.367.459 and total file size is 5.1GB. An example
line of data looks like:

09/27/2009,18:00:00,9622,1
Whereby, 9622 is the price of the series and 1 is the trading volume at this tick.

Before working with this data, it needs to be split, sorted and aggregated. This is done

in two steps which are now further described.
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DataParser

For parsing the huge data file this step is separating it into day-based single files. This
can be initialized by passing an array of the codes to the function. Afterwards, it iterates

over the name and preparing the following data structure:

1. Create a status.json file if none was detected in advance.

2. Check whether a local data/data-name folder exists, and create one when there is
none. Each spurce file has its own folder titled after its name.

3. Check whether there already is a status.json file for the raw data. This JSON is
saving all important information for the data transformation status. If there is no

such file it creates one with the following structure:

1 {

2 "status": false,
3 "sorted": false,
4 "data": O,

5 "from": O,

6 "to": O,

7 "sorteddata": O

status is storing if the file is already splitted and can be skipped for now. data is
the total amount of valid data and from / to shows time lag of the raw data.
4. Calling the seperateCSV function to parse the file.

5. Saves new status in corresponding JSON file. For the mentioned example it looks

like:
1 {
2 "status": true,
3 "sorted": false,
4 "data": 175367459,
5 "from": 1254074400000,
6 "to": 1480532360000,
7 "sorteddata": 0
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The mentioned function in the fourth item is reading in the raw data file in 1GB chunks.
Afterwards, it iterates over each row of the csv file and after a basic validation it parses
the data and writes or appends it to a new csv file for the specific date. This is shown in

listing B.2.

First, it parses the data’s date in a Unix timestamp in milliseconds. Afterwards, it checks
whether it is the oldest or newest data to write the time lag in the status file later. The
next step is to determine the corresponding output file which is in this thesis always the
day. In a lot of cases, tick based data is already sorted by time. To improve performance,
it checks whether the last data set had the same output file. Therefore, it does not need
to close and open a file for each iteration. In the last step, it is writing the data set with
an internal unique id (i), the timestamp (date_ms) and its values to the corresponding

file.

DataPreperation

Although separating the raw data file is already a kind of aggregation, the neural
network cannot really work with this data yet. To prepare it, the following steps need

to be taken:

1. Read in train-size, test-size, and run-size for each given time series. If these do not
add up to 1, a warning is printed.
2. Call the preparation function for each configuration, which checks whether there
is a status file and the parsing is finished.
3. Iterate through each day-based csv file and sort it (shown in listing B.3):
a) Parse the data to a Pandas Dataframe which was already described in sec-
tion 4.1.
b) Aggregate the data to second-based data sets with the median price of each
second and a total sum of all trades (volume).
c) Sort the data based on their time stamp to achieve a chronological order of
the day.
d) Write the new data in an efficient HDF?5 file for better performance

e) Return the total amount of aggregated data sets.

44



4. Return the sum of all aggregated data sets. This shows how much rows and data
this procedure saves (represented by sorteddata in the status file).

5. Update the status.json file. For the mentioned example it now looks like this:

1 {

2 "status": true,

3 "sorted": true,

4 "data": 175367459,

5 "from": 1254074400000,
6 "to": 1480532360000,

7 "sorteddata": 31150557

6. Delete the old daily csv files. Those are not longer needed.
7. Create sets based ont the training-, test-, and runsizes. These sets of days and

return an array with file names for each part.

Splitting, aggregating and sorting the raw data, in the example, saves 144.216.902 data
sets and a total of 4.3GB storage. Some test runs of the example lead to the following
empirical benchmark results: the test machine was a Linux Ubuntu 16.10 with 30GB
RAM, 50GB HDD storage, 8 CPUs and a NVIDIA M4000 graphic card with 8GB VRAM.
TensorFlow is used in version r1.3 with GPU support. The dataParser took in average (5

runs) about ~ 77 minutes. The dataPreperation took about 144 seconds.

4.3. Neural network

Like already pointed out in section 4.1 the whole application including the neural
networks is configurable. Therefore, hidden layers, weights and biases are automatically
created. Even train- and test-sets are generated in the runtime and cached on the local
storage. This decreases the overall performance, but it is necessary to run automated

benchmarks and neural network variants.

The general workflow is shown in fig. 4.1.
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Figure 4.1.: Flow diagram for building and training of a neural network

The placeholders x and y are used to feed the NN with the training data. Whereby, =
is the current dataset and y is the result. The biases are, when there are no predefined

values in the configuration, generated with the function shown in listing 4.1.

def createBiases (config):
biases = []
for v in range (0, len(config["network"]["layer"])):
biases.append(tf.Variable (tf.random normal (
[config["network"] ["layer"]([v]])))
biases.append(tf.Variable (tf.random_normal ([config["network"] ["out"]])))

return biases

Listing 4.1: Automatic creation of biases

Since the biases are only applied to neurons, there is no need to create one for the input
layer. While looping through the layer array in the configuration, the function creates a
variable with random numbers. The amount of numbers is the amount of neurons in

the layer. It returns:

[input variables, neurons in layer 1, n. in layer 2, ..., n. in layer n, output variables]
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Similar to listing 4.1 weight vectors are autonomously initialized. To achieve this, a
function creates an array with the following structure: This array is used in the following

code as tmpWeightsmodeler.

def createWeights (confiqg) :

weigths = []

t =1

tmpWeightsmodeler = createTmpWeightmodeler (config)

for x in range(l, (len(config["network"]["layer"])+1)):
weigths.append(tf.Variable (tf.random_normal ( [tmpWeightsmodeler[x-1],

tmpWeightsmodeler([x]])))

to+= 1

weigths.append(tf.Variable (tf.random _normal ([tmpWeightsmodeler[t-1],
tmpWeightsmodeler([t]])))

return weigths

Listing 4.2: Automatic creation of weight vectors

While createBiases created just a vector with one row, createWeights creates a tensor with
the shape of e.g. [inputs, neurons_layer_1]. This needs to be done since weights are

applied on the connections between layers.

The biases and weights vectors are used in the creation of the layers. Listing 4.3 is a

function to build a simple multilayer feedforward perceptron model.

def nmultilayer_perceptron(x, config, weights, biases):

layers = []

lenl = len(config["network"]["layer"])

lay = tf.add(tf.matmul (x,weights[0]), biases[0])

layers.append (activationFunction (config, lay, 0))

for v in range(l, (lenl)):
lay = tf.add(tf.matmul (layers[v-1],weights[v]), biases[v])
layers.append(activationFunction (config, lay, Vv))

out = tf.matmul (layers[lenl-1],weights[lenlL]) + biases[lenl]

return layers,out

Listing 4.3: Automatic creation of a multilayer perceptron model

First, the placeholder z is multiplied with the first weights-vector to simulate the first

connection between the input data with the first hidden layer. The biases are just
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added to the result. Afterwards, the connection is applied to the chosen activation
function by the function activationFunction. This is the TensorFlow representation of
layer 1. Afterwards, this is repeated for every hidden layer but instead of the input
placeholder, the previous layer is used. In the end, the output layer is created by simple
multiplications and adding the variables. Since this is just a prototype no transfer

function is used.

Before training, testing and using the neural network, the corresponding sets need to
be created. To avoid memory leaks the function shown in listing B.5 is applied only
for one file at a time. It starts by creating an array of the whole dataset or of a certain
timeframe. Afterwards, it iterates through this array to generate the correct prediction.
Therefore, it uses the in the configuration saved time unit forecast_sec which defines how
many seconds should be predicted. Therefore, there are two methods to determine the

value:

1. Calculate the timestamp and add up one second until a tick is found.
2. Iterate through the array until a dataset which is at least the defined time away is

found.

Both techniques do not ensure that the exact forecast timestamp is found, but the next
dataset after the given seconds. Moreover, the second one can only be applied to sorted
raw data. In the end, the function creates an input array for each row with a timestamp
or as mentioned in section 4.1 with separate inputs for each time unit. Furthermore, the

calculated predictions are combined in a second array.

Listing B.5 and all other descibed functions are finally used within the training function
shown in listing B.4. After creating all inital values and the network model, a cost and op-
timizer function is implemented. While the multilayer_perceptron builds the feed-forward
part of the neural network, the GradientDescentOptimizer builds the backpropagation.
A detailed description of the Gradient descent can be found in [6, pp.1765f, 48, p.1231].
The cost variable is a way to determine the error of the training iteration. The result-
ing error is also known as loss. This prototype is using a quite simple one, which is

mathematically expressed as:

(prediction; — price;)’ (4.3.1)
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The optimizer uses this to automatically minimize the error and, therefore, training the
NN. Both variables are used within the TensorFlow session. In this session, the training

data is fed into the optimizer in batches.

After all epochs are finished, the trained model is tested with the testing data. To
classify whether the prediction is correct, the application subtracts the correct value
from the predicted value and checks whether the result is within a 5 error radius. If the
percentual change is predicted the error radius is 0.0001. Moreover, for this forecasting,
the accuracy of predicting the trend (negative or positive) is calculated. In the end, the

trained and tested model is saved on the storage using the tf.train.Saver function.

4.4. Influencer Gathering

Like already mentioned in the introduction to this chapter, the prototype is only based
on historical data within the time series. Another aspect is to use real-time information
to influence the result. As an input for the current mood within the society, this thesis is
evaluating real-time tweets from twitter. This should assure that it has not only old but
current information about the market. The following section describes how influencer

information are gathered and analyzed.

4.4.1. Architecture

The influencer is based on a combination of different structures in the cloud. The base is
a Node]JS server which combines the logic, database management, front end, and APL
The decision for the open-source, cross-platform JavaScript run-time environment is
justified by its simplicity and versatility. It is built on an asynchronous event-driven
I/0O (input/output) system that guarantees an easily scalable web server capable of
handling a large number of simultaneous connections [66]. According to the Foundation
[31] the “project is jointly governed by a Technical Steering Committee (TSC) which is
responsible for the high-level guidance of the project”. They are supported by various

working groups which assure a continuous development.
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The selected database structure is a MySQL. Although NoSQL databases are widely
used nowadays, MySQL is built on top of a relational database schema which is on the
market since 1994. As the name already suggests it uses the Structured Query Language.
In comparison to other NoSQL solutions, MySQL has a larger community. Additionally,
the confidence in the solution is very high since Oracle is the developer [16]. A lot of
NoSQL solutions are community-driven and relatively new on the market. Although
some products like MongoDB or Cloudant are currently under development of big
companies and are rapidly growing, recent years showed that those can be discontinued
very fast. The influencer gathering information is depending on its database since it
saves every information in it. Therefore, MySQL is used. A more detailed comparison

of MySQL and other NoSQL solutions can be found in [86, 35, 11, 23].

weets
userid char(140)  FK
time_posted timestamp
tweet text
retweets int Il tweetskeywords
likes int Il -
comments int Il : CE Eg:.:t:ag e ;.frircharl[EEﬁ]l EE
hashtags varchar(140) M ; - :
usermentions varchar(256) M fimestamp_ _ timestamp
tweetid varchar(256) PK
lang varchar(256) I
scoring double(d,7) M
user witterStats keywords
userid char(140) PK userid char(140) PK FK keywoardid int Pk
name varchar(256) M o follower int word text
SCreenname varchar(256) M followings  int
description varchar(256) M tweets int
verified hool

Figure 4.2.: MySQL schema of twitter influencer database

Figure 4.2 shows the used relational database schema. The database is normalized
by reference to the Boyce—Codd normal form which is further examined in [30]. The
only exception is the twitterStats table which could be included in the user table. It
was outsourced to improve the performance of the code. Another used service is the
Watson™ Tone Analyzer by IBM which is using “linguistic analysis to detect emotional,
social, and language tones in written text” [45]. Figure 4.3 shows the basic usage

of the service. Within the influencer, tweets are passed and receive a JSON object
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with analyzed information. This tone document is later used to score the tweet (see

section 4.4.2).

The Tone Analyzer Service

LN

-] =

QR

Submit your content Analyze your content View a JSON analysis Use the analysis to
as JSON, plain text, or of your content adjust the tone of your
HTML content

Figure 4.3.: Watson Tone Analyzer flow of calls [45]

The major component of the influencer is the Twitter streaming API. The online platform
provides different accessing points to their tweets and users. The streaming API suits
this thesis the best since it automatically sends new public tweets to the project. The
Node]JS package twit provides an instance that can be used to make requests to Twitter’s

APIs (streaming and REST). The detailed implementation can be found in section 4.4.2.

The cloud environment used is IBM Bluemix. Although there are different other
providers like Amazon or HP, Bluemix is the only platform which provides the Watson
services. It supplies scalable instances by “high performance compute and storage in-
frastructure in secure IBM Cloud Data Centers” [47]. It supports all of the used services

(MySQL by Compose, Node]JS, Watson Tone Analyzer) and enables a stable runtime.

4.4.2. Features

The influencer has various features which enable gathering specific tweets and filter,
analyze and score those. Firstly, each instance of the program is configurable with

various config files:

DB.json specifies external Mysql database credentials. If the Bluemix instance has a
MySQL service connected, this file is not used.
CreateDB.sql saves the database structure shown in fig. 4.2. If the database is empty

the influencer code automatically creates the model and relationships.
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config.json specifies global variables like the static base path for the Node]JS applica-
tion.

twitter.json contains the credential information for the Twitter API.

whitelist.json is an array of keywords which specifies the tweets which will be gath-
ered. Every time a whitelist is initialized new keywords are added to the database.

blacklist.json specifies certain keywords which filter out tweets.

scoring.json contains information on how to score the tweets.

One major feature is the database implementation which consists of several functions
to save, update or select information. Section 4.4.1 already mentioned the general
structure. In more detail the two main tables are user and tweets which are saving every
filtered user and tweet with an 1 — n relationship. Each tweet is analyzed for certain
keywords (which are defined in the whitelist) when it is received. Since each tweet can
contain more than one keyword and each keyword can be used in different texts, the
relationship n — m is resolved to an intersect table tweetskeywords. This table contains an

extra timestamp which can be used to identify when the tweet has been analyzed.

The following features will be explained with reference to fig. 4.4 which shows the flow

of a tweet through the different functions.

The twitter stream API is capable of automatically filter tweets which are useful for the
APT user. Therefore, each instance can track up to 400 keywords [18]. In addition, the
API is capable of locating tweets based on users or locations but this is not relevant
for this application. After initiating the twit package with the given credentials in the
twitter.json config file, the influencer uses the keyword array in the whitelist.json to search

for certain tweets.

52



10

11

12

13

14

tweet

Check whether user already exist

!

Keyword detected

Detect violation on blacklist

= Dismiss tweet

Y

Insert tweet in database

l

Get new user statistics

i

Analyse tweet with Watson Tone Analyzer

v
Score tweet based on twitter analysis

and tone anaylzer results

)

Insert Score in DB

Spam tweet recognized
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Figure 4.4.: Flow of a tweet in the influencer code

If one of the keywords is found in a tweet, the API sends it automatically to the influencer

instance. This starts a sequence of different functions. Such a tweet is represented as a

JSON document containing several information shown condensed in listing 4.4.

{

"created_at":
"id" .
"id_str":

"text":

897590634432929800,
"897590634432929793",

"user": {...},

"entities": {

"hashtags": [{
"text":

|

"user_mentions":

"Bachelorarbeit",

L1,

"media": [...],
"favorited": false,
"retweeted": false,

"Tue Aug 15 22:47:38 +0000 2017",

"Test #IBM #twitterInfluencer #Bachelorarbeit",
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15

16

17

18

19

"possibly_sensitive": false,

"filter_level": "low",
"lang" 9 "eng",
"timestamp_ms": "1502837258333",

Listing 4.4: Condensed Twitter example tweet document

Based on this information the influencer checks whether the user already exists. If he
does, a function uses the information in the user object of the tweet to update him. If
he does not exists, he is inserted in the database. The implementation updates the user

and his statistics, therefore, every time it receives new data from twitter.

Afterwards, the username and text of the tweet is analyzed whether it contains any
keywords which are defined in the blacklist.json config file. In addition to the tweet’s
text, especially the hashtags are examined. The config file differs between the user’s
name/screen_name and the tweet itself. Therefore, it is easily possible to ban certain

accounts. If a keyword is detected, the tweet is rejected and the procedure exits.

Another filtering technique is used before inserting the tweet in the database. If the
user posted any tweets in the last hour, those are compared to the current tweet using
Node]S’s string-similarity package. If there is a similarity of over 80% the tweet is
rejected. If the user posted a tweet with a correlation of over 95% the current tweet is

rejected and the old tweet gets reset to a score of 0. This method is preventing spam.

While the tweet is added to the database, another sequence is started to collect the cur-
rent twitter statistics of the user. This will be used later in the scoring process. Moreover,

the keywords in the tweet’s text are identified and inserted into the database.

The major feature of the influencer is to evaluate each tweet on its view of the market.
This scoring is based on a simple value which represents a positive or bad negative on
the market. A neutral mood is represented by a 0 and should not have any impact on

the prediction. The maximum positive sentiment is a 1, the worst —1.

To evaluate a tweet, firstly, the text is passed to the Watson Tone Analyzer to receive the
linguistic tones in the following categories: (i) emotion, (ii) social, and (iii) language. The

detailed explanation of each category and each tone is available at [46]. To understand
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the scoring of this analysis results it is imported to understand the scoring.json configu-

ration file represented in listing 4.5. A complete example can be found in listing B.7.

{

"scoringweights": {
"watson": {
"emotion": {
"anger": [[0.2, -1011,
}, "social": {

"agreeableness_bigb": [
[0.5, -0.11,
[0.75, 0.2]
i
}, "language": {

"analytical": [[0.5, 3011,

}
}, "catweights": {

"watson": 1

Listing 4.5: Shortened scoring.json example

The object watson in scoringweights contains the information on how each tone of the

Watson service is weighted and used. It is always written in the following pattern:

"tone": [
[threshhold_upper, effect]
I
"tone": [
[threshhold lower, effect],
[threshhold_upper, effect]
1,

If a tone has one array element, on the one hand, it is only an upper threshold. On
the other hand, if it has two, the first one is used if a value is below this threshold, the

second if a tone value is over the threshold. In general, this means a value has to pass or
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stay below a certain boundary to have an influence on the score. The second argument

represents the influence of the tone. This is classified in two categories:

> 1 The tone directly affects the scoring.

< 1 The tone effects the complete direct score by a certain percentage.

While keeping this in mind, the Watson score results in a temporary score of —100 to
100 which is later normalized to —1 to 1. Tones, which are greater than 1, multiplicate
their score with their own weight. Afterwards, those are summed up. This can be

mathematically expressed as:
Stemp (tweet) Z Tones, x Ef fect (4.4.7)

Otherwise, tones whose effect’s impact is below 1 do no directly affect the score. They
are added up to a percentage impact, which, in the end, is reinforcing or weakening the

temporary score. Therefore, eq. (4.4.1) needs to be supplemented:

Stemp(tweet) Tonesq x Ef fect) * (1 + Tone-, x Ef fect (4.4.2)
P

In both cases, a positive Effect value is boosting the positive part of the sentiment,
a negative one boosts the negative mood of the tweet. This quite complex scoring
evaluation of the Watson tone is used as some tones directly represent a concrete mood,

other only represent e.g. a confident level.

Listing 4.5 shows as well the object catweights. This represents the weight of each
category for the final score of the tweet. Since currently only the Tone Analyzer is
implemented, the whole score is based on its results. Although a concrete twitter
statistics analysis is not yet added, the influencer program uses this statistics to filter
outs extraneous tweets. This is implemented as a relatively easy function, which checks

whether the user fulfills all of the following two requirements:

1. The user should at least have ten followers.
2. The user should not have a big discrepancy between followers and people he is
following. Currently, this threshold is set to 100. This rule is just used when the

user has fewer followers than accounts he is following.
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If one of those is not satisfied, the user is at the time of the tweet not relevant for the

market, and the tweets score is automatically set to 0.

In the end, the final result is added to the tweet’s database entry and is emitted to the

front end.

The front end is a simple HTML page which shows some statistics of the database
and every tweet which is not filtered out. To achieve a fast efficient page, the NodeJS

package socket.io is implemented to create a real-time event-based communication.

Each instance is providing a (currently public) API via a REST architecture. The follow-

ing interfaces are implemented:

[GET] /ping Answers with status 200 and the current timestamp.

[GET] /stats Response is a JSON document with current number users/tweets in the
database and the amount of tweets in the last 24 hours.

[GET] /TweetsLastDay Response is a JSON document with the amount of tweets in
the last 24 hours and the current timestamp.

[GET] /lastMinute Response is a JSON document with the average score of all tweets
(which do not have a neutral score) in the last 60 seconds and the current times-

tamp.

This application is just a prototype which analyses roughly the influence from the
public. There are still some problems with it. For example, while searching for “stock”,
there are a lot of spam tweets from hijacked accounts posting fake advertisements for

/

goods. Often those tweets contains “... (article) is back in stock ...”. One solution for
this problem could be analysing every tweet with the IBM Watson Natural Language
Understanding which is able to categorize texts into different topics like news, international

news or finance [44].
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4.4.3. Empirical usage

For a brief overview of the effectivness of the influencer gathering service, it was run
one week (21.08.2017 00:00 to 27.08.2017 23:59:59). The used whitelist was a mix of

different terms within the financial sector to receive a wide varity of results:

['dax", "borse", "DAX", "S&P", "ecb", "finance", "stock"]

The used blacklist is a small example of how certain keywords can prevent spam tweets

of entering the database:

{ "username" : ["bot", "freedesignfile"],

"tweet" : ["hiring", "league", "INNINGS", "wicket", "cricket", "fashion"]}

10,000 |
[%2]
%
(O]
(]
2 5,000 |
0
2017/8/22 2017/8/24 2017/8/26 | 2017/8/27
Dax 335 142 298 93 92 57 28
Borse 18 11 10 2 10 0 2
S&P 0 0 0 0 0 0 0
[ | ECB 11 21 48 111 45 11 3
t] Finance 2345 1674 1260 1268 1135 684 462
8 Stock 8909 6839 3808 5345 3148 3354 3227
Total 32808 28327 16968 23019 12139 19681 8920
Dates

Figure 4.5.: Tweets posted per day
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The results shown in fig. 4.5 point out the current issues of the application. The keyword
S&P is detected zero times through the whole week although a test account posted
every keyword on two days within the week. This leads to the issue that the keyword
detection is not working properly. Another observation which is assuring this problem
is the total amount of tweets in the database in comparison to the total amount of
tweets per keyword. On the first day of the test week, there is a total of 32.808 tweets
in the database. The total sum of all keyword related tweets is 11.618. This is further

encouraged by the fact that one tweet can be related to multiple keywords.

In general, this can have different causes of failure. Some tweets are not written in
German or even in the Latin alphabet. Therefore, the simple detection and whitelist are
not enough to classify tweets. Twitter is not limited to this subject and therefore sends
tweets of all languages which are connected to the whitelist. Especially the not detected
keyword S&P shows one more point of failure. Special characters seem to be filtered

out or not recognized by the influencer implementation.

In the end, the influencer gathering service has some problems so far. Although the first
results seem promising, this cannot be used to predict future time series, since there are

too many points of failures and not covered special areas of tweets.
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5. Testing, performing and Results

The last chapter describes the implementation of the prototype. This chapter is using
this implementation for evaluating an optimized configuration for an example time

series. Thereby, it describes, performs and interprets a series of experiments.

While using the neural network, the generation of training and testing sets appeared
to be a bottleneck. Therefore, the preparation of the correct values for the predicting
is outsourced to create a local folder called data-(Name)/set-(seconds), whereby name
is the name of the raw data set and seconds is the time which should be predicted.
Similar to the creation of the daily based raw data, every day is stored in a separate .h5
tile. Therefore after an initial creation of these files, the training of a neural network
improved from ~ 110 minutes to ~ 50 — 70 minutes. The whole code can be viewed
in listing B.6. The processing of 100 files takes for the YM example about 280 to 390

seconds when using the second calculation method.

Another optimization is the implementation of multitasking which enables the applica-

tion to train multiple models separately at the same time.

Experiments

As already described in chapter 4 the neural network prototype is fully configurable.
Combining just the most important parameters (forecast_sec, training_epochs, amount of
hidden layers and amount of neurons in each layer) result in a huge number of possible
solutions. Since a training epoch is relatively cost-intensive, this thesis will only evaluate
three versions of each parameter one after another. For each step, the following factors

are observed and compared:
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e Average loss per epoch (see eq. (4.3.1))

e Accuracy of the test set

The average loss gives a good overview on how the model’s training precision evolved
over the different epochs. Since it is a squared error, the square root of each value
shows the real derivation. The accuracy represents the precision of the final modeled.
Since this thesis is using a relatively small error, the accuracy reveals whether the NN is

usable in a real-life scenario.

The complete YM data set is split into 70% training and 30% testing set all the time. The
learning_rate is set to 0.01 to avoid an overfitting and the batch_size is 10.000. Empirical
non-recorded usage of the application showed that it is more precise and has less loss
if the timestamps of each data set are parsed into their six basic parts and given as

separate inputs (parseDate is, therefore, set to true).

The first parameter is forecast_sec. Since there are no other optimal parameter so far, the
other parameter are chosen randomly: (i) training_epochs as 2, (ii) amount of hidden layers
as 3, and (iii) neurons in each layer as 112, 50,and10. The prototype should be apble to
predict short-term trends. Therefore, it does not need to predict a large time gap. The

chosen values are 1, 5, and 10.

I
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(A) Average loss (B) Accuracy of testing set

Figure 5.1.: Results of different forecast seconds

The results shown in fig. 5.1 are quite bad. The best results are made by a 10 seconds

forecasting with an accuracy of 0.109%. The other two options are approximated the
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same with around 0.104%. There is a good improvement of the loss from epoch 1 to the

second one in all cases.

As already a big improvement of the lost between the epochs during the last experiment
has been observed, it is the logical step to analyze the influence of this parameter.
Since 10 seconds forecasting gives the best result, it is the value for forecast_sec in this
experiment. The other random configurations stay the same. The test variables for

training_epochs are 1, 3 and 5.
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(A) Average loss (B) Accuracy of testing set

Figure 5.2.: Results of different amounts of epochs

Figure 5.2 shows the result for the second experiment. Although the overall accuracy
or average loss has not improved, the loss does not change significantly after the third

epoch. Therefore, the optimal training epoch number for this data set is 3.

The third experiment is the iteration of the amount of layers. In the same iteration,
it tests the amount of neurons per layer. Therefore, there are two times three tested
parameters:(i) 1, 2 and 3 layers with each 10 neurons, and (ii) 1, 2 and 3 layers with each

50 neurons. The training_epochs are set to 3 and forecast_sec to 10.
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Figure 5.3.: Results of different amounts of hidden layers with different number of neu-
rons per layer

As can be seen in fig. 5.3 the variation with more neurons performs better than with
only 10. A three hidden layer model with ten units per layer has its best average loss
in the third epoch with 20399.1741. In comparison, the 50 model per layer model has
its best point at around 7980 with a two and three layer neural network. This is an

improvement of over 60%.

In contrast the accuracy is best within a one layer model with 10 neurons (see fig. 5.3C).
Since the accuracy is very low and the difference not that big, this can be seen as a

margin of error within the experiment.

The fourth experiment dives deeper into the examination of the optimized amounts of

neuron per layer. As already observed in the last experiment, more neurons perform
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better. Therefore, this test is using at least 50 neurons. It will explore seven different
combinations to review different pattern shown in table 5.1. As can be viewed in the
table, this experiment uses a three layer approach. The remaining parameters are the

same as in the last attempt.

Layer1 | Layer2 | Layer3
a 50 100 150
b 150 100 50
c 50 100 50
d 100 50 100
e 100 100 100
f 500 100 50
g 50 100 500

Table 5.1.: Hidden layer pattern experiments
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Figure 5.4.: Results of different hidden layern patterns

Pattern g was not able to produce any results. Figure 5.4 shows the results of the

remaining patterns. The accuracy of the testing set is divided into two groups around
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0.001 and 0.002, whereby, the better group doubles the accuracy in comparison to the
previous experiments. Nevertheless, even those represent just a correctly predicted 0.2%
of the dataset. Figure 5.4A shows that after the second epoch five of the six patterns
are in the same range of an average loss. Only a is a discordant value. Despite the
worst loss, the pattern has the third best accuracy. The two best accuracies have also the

smallest average loss.
Derived from all experiments, this is optimized configuration:

e forecast sec: 10

e training_epochs: 3

amount of hidden layers: 3

first hidden layer neurons: 100 or 50

second hidden layer neurons: 50 or 100

third hidden layer neurons: 100 or 150

Even this configuration has a unacceptable prediction accuracy and is not able to be

used with the YM data in a real-life scenario.

One training epoch took around one hour on the test machine described in section 4.2.
Due to the tight time schedule, every experiment was just run once. Therefore, the
optimal configuration described in this section is just an evaluation whether a prediction

is within the realms of possibility.

The four experiments result in an optimized configuration but also in a not usable neural
network model. Nevertheless, this configuration can be used in a second approach for
predicting the time series. By not forecasting an accurate price value, the network can
also be used to predict the percental change. This value can give information about

whether the TS is rising or falling within the predicted time lag.

To test whether this approach performs better than the first one, the last experiment is
repeated with the predictPercChange parameter set to true. The patterns are the same as

shown in table 5.1.
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Figure 5.5.: Results of predicting the percental change

Figure 5.5 visualizes the accuracy of the trend, as well as from the percentual change,
and the average loss for all seven patterns. Since the forecasting is mostly taking place
within a range of 0 to 1, the loss is significantly smaller than in the other experiments.

Furthermore, the cost calculation is not optimized for this kind of values.

In general, all patterns except f are performing similar. Nevertheless, a (1.4693 x 1077),
¢ (2.7746 x 1077) and g (9.3159 x 10~?) have the smallest loss. This suggests that the
optimized input pattern for this specific problem is an increasing of the amount of
neurons for each layer. Since g performed better than the other two, it can be reasonably

assumed, that actually an exponential increment is the optimal solution.

66



Hence, the most interesting behavior has pattern g. The first epoch has an average
loss of around 310.6288. The second training round improves this by multiple times to

~ 9.3160 x 10~?. The last epoch does not change this improvement significantly.

With an accuracy of around 65% for predicting whether the time series will increase
or decrease, the NN model is able to be better than throwing a coin each time (50/50

chance).
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6. Summary

The last chapters intensively described the theoretical background and a basic implemen-
tation for a prediction prototype. After accomplishing several experiments, this chapter
discusses the results and gives a brief overview of future directions. Furthermore, the

complete thesis is summarized and a conclusion of the project is drawn.

6.1. Discussion

This thesis tried to theoretically and practically develop a neural network which is able
to predict upcoming short-term trends within a financial time series. The approach was
to implement a configurable, easy to modify prototype which is able to automatically
train and test different neural networks. In an example scenario based on the Mini Dow
Jones, we evaluated an optimized configuration for predictions which can be found on

chapter 5.

Although the first experiments in chapter 5 do not seem very promising, the last one
results in an accuracy above 50%. This can possibly be explained by the different
prediction goals of the two approaches. A financial time series, especially the example
one used in this thesis, has different seasonal trends, an inflation rate and an overall
growth of the market segment. Hence, the first price can be different than the latest one,
although the real value of the asset never changed. Therefore, a precise price prediction

is far more complex than a relative (percentual) change rate.

Although the best accuracy is 66%, the prototype is very unlikely to be able to be
competitive in a real-life scenario. The precision is based on seven years of data. Hence,

the prediction can perform a long time worse than the market and lose all capital within
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a short time frame. Even if the predictor is performing fine, additional expenses like
transaction costs and the inflation are not embedded in the calculation. Section 2.1 show
that those factors combined with the overall market growth can significantly shrink
the final profit. Moreover, such an autonomous system has, even more, expenses than
a human trader: (i) acquisition costs of the hardware, (ii) electricity expenses since
the system needs to run all the time, and (iii) administration costs to keep the system
running or to implement enhancements. Therefore, an accuracy of around 60% is just

too small to justify the involved risk.

Nevertheless, the concept of neural networks is very powerful. The variety of possible
configurations combined with the data independent structure has a lot of potential
tields of application. Despite this capability, it needs to be carefully evaluated if a NN
solution makes sense. The cost-intensive training is a huge overhead if traditional

analysis methods also yield to an acceptable solution.

6.2. Future Directions

Section 4.3 describes only a basic prototype of a neural network with mixed results. As
described in the theoretical part of this thesis, there are various options which can be

implemented to improve the prediction accuracy.

First of all, one problem is, that the implemented neural network never use predicted
data to improve its model. This leads to the problem, that if it trains e.g. a data set
from 2009 to 2013 and is testing the whole year 2014, the last prediction in the testing
set is based on one-year-old data. This leads to a no acceptable time gap for the most

predictions.

For example, one flaw of the prototype is that it uses raw input data instead of using
aggregated candlestick sets. This could reduce the noise and prevent an overfitting of
the network model. Furthermore, time series analyses methods like the moving average
could improve the performance of the application. Some other enhancements could

be:
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Markov chains Automate the application to generate multiple NNs with different
window sizes. These can now be used to compare different methods. In the
end, those could automatically evaluate against each other based on how many
predictions were correct or which predicted the best result. A resulting score could
be used to switch between models automatically or to return a weighted average
result.

Varity A more widely experiment could compare even more network configurations
than already done on chapter 5. While analysis those outcomes, it is possible to
achieve better results. This try-and-error approach could reveal hidden examples
to achieve a better accuracy.

Input The prototype only uses one specific time series. When evaluating more and
different input data, the results could vary since each TS has different information.

Real-time data Currently the prototype is using only historical data. The logical next
step is to connect it to a real-time API to predict future values.

Influencer data In section 4.4 a rough implementation of an influencer gathering ser-
vice is described. After solving its bugs and refining its configuration, it could be
used to connect more real-time data to the neural network.

Performance Since the presented neural network prototype is only a proof of concept,
it is not very optimised. When running the application in a real-life scenario, new

knowledge is gained which could improve its runtime performance.

The prototype presented in this thesis has a very simple and basic structure. Nonetheless,
it had to be tested on a powerful machine. Since this high-performance costs are of
greatest disadvantages from neural networks, Intel and Movidius (Intel company) have
recently done a completely different step to improve the use of NNs. In late July 2017
they launched the Neural Compute Stick with a Myriad 2 VPU. Accordingly, to Remi
El-Ouazzane, vice president and general manager of Movidius, the USB 3.0 stick is
capable of calculating “more than 100 gigaflops of performance within a 1IW power
envelope” [63]. The unit is based on an embedded neural network which can process

an automatically converted Caffe-based convolutional neural network (CNN).

The features of the device are: compiling the network, tune the model to optimal

real-world performance and accelerate by “adding dedicated deep learning inference
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capabilities to existing computing platforms” [63]. The stick is addressed to developers
and scientists to expand their local workstation without an external network connection.
In combination with a small compute unit, like a Raspberry Pij, it can also be used to
create a local NN worker. In the future, the compute unit should also upgrade IoT
devices or machines to be more "intelligent”. [63] Moreover, it solves many flaws of the
usage of neural networks for predicting financial time series. Acquisition and electricity

expenses shrink to an absolute minimum.

6.3. Conclusion

All in all, this thesis was mostly a success. The extensive theoretical part examines
the most important techniques to analyze and forecast a time series. Furthermore,
it gives a brief insight to the financial world, while describing in detail the concepts
and methods of neural networks. The practical segments evaluate and develop the
best implementation for a prototype. Therefore, a detailed series of experiments was

accomplished to find the optimal configuration for a market segment.

As section 6.1 already pointed out, the prototype of this thesis is able to predict short-
term upcoming trends (rising or falling in the near future). Although this proof of
concept is usable, it was not possible to build an autonomic training algorithm in
the given time. The complexity of neural networks and data preparation methods is

massive.

In general, neural networks have a bright future. With upcoming new technologies like
the Movidius Neural Compute Stick, even small devices are able to be more intelligent.
Newer, simpler frameworks like TensorFlow or Caffee2 will accelerate this process. Even
though a lot of use cases are based on real-time usages like live speech or handwriting
understanding, NN models are also able to predict the future. Whether this will bring

us closer to traveling back in time, is a question for another day.
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A. Additional Graphs

A.1. Performance indicators by Krose and Smagt
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Figure A.1.: “Effect of the learning set size on the generalization. The dashed line gives

the desired function, the learning samples are depicted as circles and the
approximation by the network is shown by the drawn line. 5 hidden units
are used. a) 4 learning samples. b) 20 learning samples.” [51, Figure 4.7]
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Figure 2.10.: “Effect of the learning set size on the error rate. The average error rate

and the average test error rate as a function of the number of learning
samples.” [51, Figure 4.8]
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Figure A.3.: “ Effect of the number of hidden units on the network performance. The
dashed line gives the desired function, the circles denote the learning
samples and the drawn line gives the approcimation by the network. 12
learning samples are used. a) 5 hidden untis. b) 20 hidden units.” [51, Figure

49]
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Figure A.4.: “The average learning error rate and the average test error rate as a function
of the number of hidden units.” [51, Figure 4.10]
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A.2. Framework Scores (Kiviat Graphs)
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Figure A.6.: Caffe2
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Figure A.7.: Keras
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Figure A.8.: Scikit-Learn
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Figure A.9.: Tensorflow
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Figure A.10.: Theano
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B. Additional coding examples

B.1. Neural network prototype

[{
"name":
"nnconfig":

"general":
"forecast_sec":
"learning_rate":
"training_epochs":
"batch_size":
"display_step":
"parseDate":
"calcNextSec":
"predictPercChange":

" YM " ,

{
{
10,
0.01,
2,y
10000,
0.1,
true,
false,
false,

"debuglog": 1

by

"network":
"input":

1/

"layer":

"out":

{
8,
[112,

50, 1017,

"activationfunction": {

"layer":
"out":

by

"biases":

"weights":

}
s

"trainsize":

"testsize":
"runsize":
"window": 0

"savedModel":
"savedModelPath":

boo A

"name" :

["sigmoid"]

nmnn
4

(1,
[]

0.7,
0.3,

0,

null,

"IBM"’

Listing B.1: Example configuration file

Appendices

"/home/herget/ibm/BlueBull/app/result/YM.ckpt",



1 try:

© ® N o U e W

date = dt.strptime (row[0]+’ "+row([l], "%m/%d/%Y $H:%M:%S’) .replace (

tzinfo=None)
date_ms = int (helper.unix_time_millis (date))
if date_ms < fromd or fromd ==
fromd = date_ms
if date_ms > tod or tod ==
tod = date_ms
fn = dircode+date.strftime ('’ $d-%m—-%Y’ )+’ .csv’
if not fn == old:
file.close()
try:
file = open(fn,’a’)
except FileNotFoundError:
file = open(fn,’w’)

file.write(str(i)+’,’+str(date_ms)+’,’ +row[2]+’, +row[3]+’\n’)

old = fn

s except:
19 print ("ERROR while seperating CSV: ("+",".join(row)+")")

Listing B.2: Implementation of a row based interpreation of the raw file

def sortFile(dircode, filename) :

O ® N G W N =

e
=W N = o

O ® N G e W N =

sl e e e
©® N o G kR ® N = O

pandasFrame = pd.read_csv(dircode+filename,
sep:" , n ,
parse_dates=True,
header=None,

dtype={’id’ :’int’,’timestamp_ms’ :’int’,’price’ :’ float’,’volume’ :

names = ["id", "timestamp_ms", "price", "volume"])
pandasFrame = pandasFrame

.groupby ("timestamp_ms")

.agg ({’price’: ['mean’],’volume’: [’'sum’]})
pandasFrame.sort_values (pandasFrame.columns[1])
fname = os.path.splitext (os.path.basename (filename)) [0]

pandasFrame.to_hdf (dircode+fname+" .h5", "table", mode='w’

return pandasFrame.shape[0]

Listing B.3: Implementation of a row based interpreation of the raw file

def getTrainTestSets (df, start, end, confiqg):

if start == 0 and end ==
batch _x = df.to_records (index=True)
else:
batch_x = df.iloc[start:end].to_records (index=True)
batch_x_ret = []
batch_y = []

for i in range (0, len (batch_x)):
x= batch_x[1]
originaldate = dt.fromtimestamp (x[0]/1000)

time = int (config["general"] ["forecast_sec"]x1000+int (x[0]))

found = False
pprint = False

p =20
if originaldate.day == dt.fromtimestamp (time/1000) .day:
if config["general"] ["calcNextSec"]:
while not found:
try:

)

Appendices 7



19

20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36

37
38
39
40
41
42
43
44
45
46
47
48

49
50

51
52
53
54
55
56

[ e S T e N

10
11

def

if originaldate.day == dt.fromtimestamp (time/1000) .

day:

forecast_value = df.loc[time] ["price"] ["mean"]
else:

forecast_value = batch_x[len (batch_x)-1][1]
found = True

except :
p t=1
pprint = True

time += 1000
found = False
elif i+l < len(batch_x):

try:

forecast_value = df.loc[time] ["price"] ["mean"]
except:

k=1

ktime = dt.fromtimestamp (batch_x[i+k] [0]/1000)
dif = ktime-originaldate

while ((ktime-originaldate).total_seconds() < config["
general"] ["forecast_sec"] and k+i+l < len(batch_x))
k+=1

ktime = dt.fromtimestamp (batch_x[i+k] [0]/1000)
if k+i < len(batch_x):

forecast_value = batch_x[i+k][1]
else:
forecast_value = batch_x[len(batch_x)-1][1]
else:
forecast_value = x[1]
else:
forecast_value = batch_x[len (batch_x)-1][1]
if pprint and config["general"] ["debuglog"] > 2:
print (" Timestamp",time, "not found. Used a timestamp",p,"
seconds later.")
if config["general"] ["parseDate"]:

batch_x_ret.append([originaldate.year, originaldate.month,
originaldate.day, originaldate.hour, originaldate.minute,
originaldate.second, x[1], x[2]])

else:
batch_x_ret.append ([x[0],x[1],x[2]])

if config["general"] ["predictPercChange"]:
forecast_value = (forecast_value-x[1])/x[1]

batch_y.append([forecast_value])
return np.array (batch_x_ret), np.array(batch_y)

Listing B.4: Generating of sets for training, testing and running

trainNN(x, y, config, trainset, testset, code, n):

results = {}
weigths = calcWeighs (config)
biases = calcBiases (configqg)

layers,prediction = multilayer perceptron(x, config, weigths, biases)

cost = tf.reduce_mean (tf.square(tf.subtract (prediction,vy)))

optimizer = tf.train.GradientDescentOptimizer (config["general"] ["
learning_rate"]) .minimize (cost)

saver = tf.train.Saver ()

init = tf.global variables_initializer ()
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tfconfig

tfconfig

with tf.
f =
sess
prin
resu
for

if n

else

= tf.ConfigProto ()
.gpu_options.allow_growth = True
Session(config=tfconfig) as sess:
0
.run (init)
t ("Training neural network")
lts["epochs"] = {}
epoch in range (config["general"] ["training_epochs"]):
avg_cost = 0.
results["epochs"] [str(epoch)] = {}
startepochtimer = timer ()
starttimer = timer ()
for file in trainset:
i=0
f+=1
traindata, forecastdata, debug = getSetsPandas (file, config
)
if debug:
while i < traindata.shape[0]:
start = i
end = i+config["general"] ["batch_size"]
starttimerBatches = timer ()
batch_x,batch_y = getTrainTestSets (traindata,
forecastdata, start, end, configqg)

endtimerBatches = timer ()
i += config["general"] ["batch_size"]
if config["general"] ["debuglog"] > 1:

print ("0% ",batch_x[0], batch_y[0])

print ("50% ",batch_x[int (round (len (batch_x)
/2,0))]1, batch_y[int (round (len (batch_y)
/2,0))1)

print ("100%",batch_x[ (len(batch_x)-1)]1, batch_y
[ (len(batch_y)-1)1])

_, C = sess.run([optimizer, cost], feed dict={x:
batch_x, y: batch_y})

avg_cost += ¢ / config["general"] ["batch_size"]

if f% (round(len(trainset)config["general"]["
display_step"],0))==0 or £f == 1 or £ == len(
trainset) or config["general"] ["debuglog"] > O:
print (" ",code, " ("t+str (round (endtimerBatches—

starttimerBatches, 2))+"/"+str (round (timer ()
—-starttimer,2))+" secs) Trainingfile",f, " (

Epoch:",epoch+1,") from",len(trainset)," (",
i,"/",traindata.shape([0],")", )
starttimer = timer ()
f =0
timerDelta = round(timer () —-startepochtimer, 2)
results["epochs"] [str (epoch) ] ["avg_cost"] = avg_cost
results|["epochs"] [str(epoch) ] ["secs"] = timerDelta
print (' ’,code,’ (’'+str(timerDelta)+’ secs) Epoch’, epoch+l, '
completed out of’,config["general"] ["training_ epochs"],’avg
loss:’,avg_cost, "\n\n")
ot config["general"] ["predictPercChange"]:

correct_pred = tf.less(tf.abs(tf.subtract (prediction, vy)), 5)
correct_pred = tf.equal (tf.divide (prediction, tf.abs (prediction
)),tf.divide(y, tf.abs(y)))
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correct_pred_full = tf.less(tf.abs(tf.subtract (prediction, vy)),
0.0001)
accuracy_full = tf.reduce_mean (tf.cast (correct_pred_full,tf.
float32))
ac_full mean = []
accuracy = tf.reduce_mean (tf.cast (correct_pred,tf.float32))
print ("Prepare testfiles")

f= 0
accmean = []
starttimer = timer ()
for file in testset:
f+=1
testdata, forecastdata, debug = getSetsPandas (file, config)
if debug:
test_x,test_y = getTrainTestSets (testdata, forecastdata, O,
0, config)
ac = accuracy.eval({x:test_x, y:test_y})
if config["general"] ["predictPercChange"]:
ac_full = accuracy_full.eval ({x:test_x, y:test_y})
ac_full_mean.append(ac_full)
if config["general"] ["debuglog"] > 2:
print (test_x[0], test_yI[0])
print (test_x[int (round (len (test_x)/2,0))], test_y[int (
round (len (test_y)/2,0))1)
print (test_x|[ (len(test_x)-1)], test_y[ (len(test_y)-1)1)
print (' Accuracy (’,f,’):’,ac)
accmean.append (ac)
if f%round (len (trainset)config["general”] ["display_step"
1,0)==0 or £ == 1 or config["general"] ["debuglog"] > 0
and config["general"] ["debuglog"] < 3:
print (" ("+str (round (timer () —-starttimer,2))+" secs)
Testingfile", f,"from", len(testset),"finished (",
file,")", ac)
starttimer = timer ()
acmean = 0.

for ac in accmean:
acmean += ac

acmean = acmean/len (accmean)
if config["general"] ["predictPercChange"]:
acmean_full = 0.

for ac in ac_full mean:
acmean_full += ac

acmean_full = acmean_full/len (ac_full_mean)
if config["general"] ["predictPercChange"]:
print (" The average accuracy is",acmean," ( Trend:",acmean_ full,
"))
results["accuracy_trend"] = acmean
results["accuracy_value"] = acmean_full
else:
print (" The average accuracy is",acmean)
results["accuracy"] = acmean

saveFile = path.join (here, ’'result/’+str(code)+".ckpt")
saver.save (sess, saveFile)

print ("Model is saved in", saveFile)

results["timestamp"] = helper.unix_time millis (dt.now())
return saveFile, results, n

Listing B.5: Generating sets for training, testing and running
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def

df
del
batc
batc
batc
for

pfy =

pfy
pfy.

doSi
psta
i=0

dirc
dirc
stat

secs, calcNextSec,
pd.read_hdf (filen, "table",
df ["volume"]

h x = df.to_records (index=True)
h_x_ret = []
h y = []

i in range (0, len(batch_x)):

x= batch_x[i]

originaldate

time int (secsx1000+int (x[0]))

found False

pprint False

p =20

if originaldate.day
if calcNextSec:

while not found:

try:
if originaldate.day == dt.fromtimestamp (time/1000) .
day:
forecast_value = df.loc[time] ["price"] ["mean"]
else:
forecast_value = batch_x[len (batch_x)-1][1]
found = True
except :
p +t=1
pprint = True
time += 1000
found = False
elif i+l < len (batch_x):
try:
forecast_value = df.loc[time] ["price"] ["mean"]
except:
k =1
ktime = dt.fromtimestamp (batch_x[i+k] [0]/1000)
dif = ktime-originaldate
while ((ktime-originaldate) .total_seconds() < secs and
k+i+1l < len (batch_x)):
k+=1
ktime = dt.fromtimestamp (batch_x[i+k] [0]/1000)

if k+i < len(batch_x):
forecast_value

else:
forecast_value

else:
forecast_value

x[1]

else:

dirfname) :
mode="r")

dt.fromtimestamp (x[0]/1000)

dt.fromtimestamp (time/1000) .day:

batch_x[i+k] [1]

batch_x[len (batch_x)-1][1]

forecast_value = batch_x[len (batch_x)-1][1]

batch_y.append([x[0],
pd.DataFrame (batch_y)
pfy.set_index ([0])

to_hdf (dirfname, "forecast",

ngle (code, sec):
rt timer ()

ode path. join (here,
odesecs path. join (here,

usfilepath dircode+"status.json"

forecast_value])

mode="w"')

"data/data-'+code+’ /")
"data/data-'+code+’ /sets-'+str(sec)+’ /")
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def

statusfilepathSecs = dircodesecs+"status. json"
try:
os.makedirs (dircodesecs)
except IOError:
print (" Folder ("+dircodesecs+") already exists")
if os.path.isfile(statusfilepath) :
with open (statusfilepath) as data_file:
status = json.load(data_file)
if os.path.isfile(statusfilepathSecs) :
with open (statusfilepathSecs) as data_file:

statusSecs = json.load(data_file)
else:
statusSecs = {}
statusSecs["status"] = False

helper.writeStatusFileSecs (statusfilepathSecs, "false")
if status|[’status’] and status|[’sorted’] and not statusSecs|["status
"]:
helper.deleteFilesInFolder (dircodesecs, ’.h5’)
directory = os.fsencode (dircode)
initfiles = len(os.listdir (directory))-1
for file in os.listdir (directory):
filename = os.fsdecode (file)
if filename.endswith (".h5"):
# print (os.path. join (directory, filename))
doSet (str (dircode+filename), sec, False, str(
dircodesecs+filename))

i+=1
if i%100 == O0:
pend = timer ()
print (" Prepared "+str(i)+"/"+str(initfiles)+"
files for",code," (",sec,") ("+str (round (pend-
pstart,2))+" secs)")
pstart = timer ()
continue

helper.writeStatusFileSecs (statusfilepathSecs, "true")
elif not status[’status’] or not status[’sorted’]:
print ("ERROR data not finished yet")
else:
print (" Set(",code,":",sec,") already prepared and ready to
use")
else:
print ("ERROR no status file ("+statusfilepath+")")
return dircodesecs

do (codes) :
secs = {}
for rcode in codes:
secs[rcode["name"]] = []
for rcode in codes:
secs[rcode["name"] ] .append(rcode["nnconfig"] ["general™] ["
forecast_sec"])
for rcode in codes:
secs[rcode["name"]] = sorted(set (secs[rcode["name"]]))
for sec in secs|[rcode["name"]]:
doSingle (rcode["name"], sec)
print (secs)

Listing B.6: Outsourced generating sets for correct prediction values to local storage
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B.2. Influencer gathering

—_

"scoringweights": {
"watson": {

© ® N G e W N =
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"emotion": {
"anger": [

[0.2, -10]
]I
"disgust": [

[0.2, -0.2]
]I
"fear": [

[0.2, -15]
]I
"Jjoy": [

[0.2, 50]
]I
"sadness": [

[0.2, —-25]
]

}I

"social": {
"agreeableness_bigb": [
[0.5, -0.11,
[0.75, 0.2]
]I
"conscientiousness_bigb": |
[0.5, 201,
[0.75, —-10]
]I
"emotional_range_big5": [
[0.5, 0.1,
[0.75, -10]
]I
"extraversion_bigb": [
[0.5, 0.15],

[0.75, -10]
]I
"openness_bigb": |
[0.5, =51,
[0.75, 0.25]
]
}I

"language": {
"analytical": [
[0.5, 30]
]I
"confident": [
[0.5, 0.25]

1,
"tentative": [
[0.5, —-15]

]

"catweights": {
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"watson":

1

Listing B.7: Complete scoring.json example

14
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