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Abstract
Economic time series prediction is an important part of the strategy development for
all participants of the economic sphere–from small firms to countries’ governments. The
most commonly used statistical models base their forecasting on the assumption of a
linear relationship between predictors and a target variable.
In the last decades, machine learning algorithms have taken a strong position as one of
the most accurate models for classification and regression tasks. Because of their abilities
to incorporate complicated non-linear connections between data, they were proposed as
an alternative for linear time series models.
This thesis evaluates the performance of the machine learning algorithms from families of Artificial Neural Networks, Random Forests, and Support Vector
Machines for regression tasks. The results of a forecast are compared to statistical
benchmark models’ predictions: Autoregressive Integrated Moving Average
and Multiple Linear Regression. The prediction is performed for two groups
datasets, each containing six series presenting financial and macroeconomic target variables. The experiments cover two model specifications: using the past values of a series as
predictors, and including historical data for external variables. Each experiment includes
steps of parameter optimization and Backward Feature Elimination.
The results from experiments show the ability of machine learning algorithms to make
better predictions for economic time series with the use of a suitable feature set, careful
data preprocessing, and training optimization.
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Chapter 1
Introduction
1.1

Motivation

Machine learning algorithms are widely used in all fields where complex data arise, and
their application to the economic data have been researched for years. Economic data
series are characterized by a time dependent structure, where one is forecasting future
values of a variable using its past values and/or external regressors as predictors. Financial and economic series are often non-linear by nature, which questions the common
use of linear models for their forecast. Therefore many authors offer machine learning
algorithms as an alternative method, making it possible to capture the non-linear structure of the data and the relationships between the predictors and the target economic
or financial series.
One of the main challenges for the forecasting of economic time series is data collection. There is a seemingly unlimited number of ways to combine the predictors when it
comes to economic forecasting. The choice of the number of periods in the past to look
at and the variables used as features are usually based on analyst’s domain knowledge of
the series, analysis of existing literature related to the topic and well-stated hypotheses.
Another common problem with economic data sets is their limited size, compared to
other fields, since some of the techniques to measure economic indicators were invented
not long ago. Also, the collection of data is complicated (e.g., macroeconomic data)
and expensive, therefore data is collected with a lower frequency (weekly, monthly, quarterly), which decreases the number of observations. These characteristics can lead to
particular difficulties when creating the prediction models for those datasets, however,
machine learning algorithms still may solve the non-linearity issue.
These factors lead to the question: can machine learning prediction algorithms significantly improve the benchmark models and under which conditions?
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1.2

Related Work

The conventional methods for time series forecasting are based on statistics and econometrics theory. Over the past half a century, those techniques were used most frequently
for prediction tasks. In a survey done by De Gooijer et al. [DGH06], the authors describe the most common univariate and multivariate models from exponential smoothing
and Autoregressive Integrated Moving Average (ARIMA) models to Kalman
Filter and Autoregressive Conditional Heteroskedasticity (ARCH) models. All the collected statistics come from the results published in journals managed by
the International Institute of Forecasters1 covering around 400 publications. The authors mention only one algorithm presenting the machine learning group methods–the
Artificial Neural Networks (ANN), arguing about its over-parametrized nature,
leading to poor prediction accuracy.
The popularity in financial and economic areas came to machine learning approaches
in the 1990s, when ANN became the main method researched in the financial sphere.
Kaastra and Boyd in 1996 [KB96] offered a unified approach for ANN design for financial prediction, describing steps from the preprocessing of time series with detrending
techniques to actual algorithms training and optimization. In 1998 Zhang et al. [ZPH98]
published a survey summarizing the literature on ANN forecasting for financial time
series compared to ARIMA and Multiple Linear Regression (MLR). Another survey about ANN evaluation for time series data was performed by Hippert et al. in
2001 [HPS01]. In summary, the results are ambivalent, no clear proof has been yet
found for ANN outperforming the statistical models.
With machine learning becoming well known and with the development of new algorithms in this area, like Random Forests (RF), Support Vector Machines
(SVM) and other models, new ideas were transferred to the field of time series prediction. The survey by Sapankevych and Sankar [SS09] covers examples when SVM
and ANN outperform the econometrics models applied to various time series. In the
application to macroeconomic data, referring to the survey covering 130 studies by Lin
et al. [LHT12] we can detect three of the most popular families of machine learning
algorithms used: ANN, SVM, Decision Trees and their ensembles, including RF.
One of the main problems formulated in macroeconomics is the forecasting of Gross
Domestic Product (GDP) because GDP serves as an indicator for the country’s economic state and as a signal for policy changes. The difficulty with GDP prediction
is in the number of factors affecting the target value. The experiments performed
by Islam in 2013 [Isl13] on USA GDP time series, show the ability of SVM to outperform the forecast accuracy from ARIMA model using the set of lagged values for
GDP itself and different macroeconomic variables. Other examples demonstrate the
successful use of machine learning algorithms with GDP-related data prediction for
ANN [TH+ 99, ASAW06, G+ 00], RF [BD09, NO17, SG17] and SVM [GPMC15, GPT+ 13]
The prediction task for financial markets is generally formulated as to forecast the
1

https://forecasters.org/
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future value of the price or the direction of its change. The result defines the strategy
for the trader: to buy or to sell the stocks in a certain period. The families of machine learning methods are more common and popular for financial forecasting than for
macroeconomics. The survey from Atsalakis and Valavanis [AV09] covers over 100 scientific articles with the use of machine learning techniques for financial data forecasting.
60% of all the authors use ANN as the main methodology. Abediyi et al. [AAA14] demonstrated ANN as outperforming the benchmark models from statistics for DELL stocks.
The promising results of SVM with stock price prediction were shown in the article by
Trafalis and Ince [TI00]. The results obtained by Chen and Shin [CSW06] indicate the
ability of SVM and ANN to outperform ARIMA model in a regression setting, but machine learning failed to correctly forecast the direction prediction of stock price’s change.
In the paper from Khaidem et al. [KSD16], results with average 89% accuracy were
presented with RF algorithm used for one term price prediction. The results for the
forecast of NIFTY index published by Kumar [KT06] show that ANN, RF, and SVM
can outperform the linear models with 68% accuracy reached as a maximum.
In another study Dai and Zhang [DZ13] observed a rather low accuracy, around 50%,
for stock change direction prediction using both machine learning and statistical models.
They refer to theEfficient Market Hypothesis in their results, which states that current
prices in markets for financial instruments reflect the assimilation of all the available
information and therefore cannot be predicted [Fam95].
This work will focus on the investigation of three algorithms, which showed the most
promising results in related work in terms of time series forecasting: ANN, SVM, and
RF. The benchmark models for the evaluation are ARIMA and MLR.

1.3

Research Questions

The analysis of related publications led to the following questions which are explored in
this thesis:
• What measures can be used to compare and evaluate models in time series forecasting?
• Can machine learning algorithms improve the accuracy over the benchmark models
for financial data prediction?
• Is there evidence to accept or decline the Efficient Market Hypothesis?
• Can machine learning algorithms improve the accuracy over the benchmark models
for macroeconomic data prediction?
• What types of processing of time series data sets make it possible for machine
learning algorithms and outperform benchmark models?
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• What are the principal advantages and drawbacks to the use of machine learning
techniques and tools for economic data?
• What is a suggested approach for accurate prediction of the economic data with
machine learning algorithms?
To answer these questions, a set of experiments on two groups of data sets was conducted,
based on existing studies. The first set of experiments includes financial instruments’
price prediction based on the historical data from the same series’ past values and with
the use of other series as predictors. The second group of experiments is dedicated to
GDP forecasting using the same feature collection setup, on the past data, and with
external regressors.

1.4

Overview

The thesis is structured in five Chapters. In Chapter 2 we present the theoretical background for time series economic data prediction. We also describe the data sets we have
collected and used for the experiments. Finally, we overview diverse measures to evaluate
time series forecasting accuracy and select the error measure which we used to evaluate
our experiments.
Chapter 3 gives an overview of methods selected for the experimental part of time
series forecasting. We present two statistical models and three machine learning algorithms. Also, the mathematical model behind each method is described together with
its parameters. We briefly describe the drawbacks and advantages of each approach.
In Chapter 4 the setup for the experiments is detailed, specifying the steps in data
processing and the parameters for statistical and machine learning forecasting models.
The results from conducted experiments are also presented.
Chapter 5 includes the summary of the collected results, connecting them to the
research questions. We also suggest further steps investigating this topic.

4

Chapter 2
Economic Time Series Data and
Analysis
The following chapter gives an introduction into economic data analysis, specifics of
financial assets’ trading data and macroeconomic time series on the GDP example. We
also explain the basic theory on how time series of both types are characterized.

2.1

Financial Data Forecasting

For a deeper understanding of forecasting tasks, we provide the basic knowledge on the
financial markets, how they work and what are the topics of interest for their participants.
We will briefly explain the key financial concepts relevant for the following chapters.

2.1.1

Financial Assets

The basic unit of financial markets is a financial asset, a non-physical good representing a
contract with a claim on a present or future value, e.g., bank deposits or stocks [Aam10].
Financial assets have higher liquidity than other material assets, meaning they can be
traded on the markets rather quickly without causing significant changes in the assets’
price [Fel00]. The most common classification defines three types of financial assets:
equity finance, debt securities, and other secondary instruments [Int04]. In our work, we
will first focus on the equity market—also known as a stock market or exchange, where
shares of companies are issued and traded. Based on the markets’ future performance,
firms get access to capital, and investors get a potential for a profit.
A firm’s stock price acts as an indicator of its economic condition [LZ98]. Moreover,
simultaneously rising stocks from one country indicate the healthy growing overall market
and vice versa. Those stocks are usually traded on the country specific stock market.
Financial exchanges exist all over the world in almost every country, where the largest
and most powerful one is the New York Stock Exchange (NYSE). As an example of
5

the influence of the financial market on the wealth of economics overall, researchers
commonly mention the effect of a crash in the housing contracts’ market in the USA,
that resulted in the Great Recession affecting the global market [Aam10].
An indicator of a certain stock market exchange performance is called stock market
index. Indices are made of different pools of weighted stocks, which can overlap [AHM05].
For the NYSE these indices among others can be used: Dow Jones Industrial Average
(DJIA), and Standard and Poor’s 500 (S&P 500). DJIA is built as a price-weighted
average of 30 significant stocks traded in the USA representing fundamental industries,
e.g., Apple, Boeing, Coca-Cola, Visa, and others. The S&P 500 index consists of the 500
stocks with the largest capitalization traded in the USA and chosen by economists to
reflect the complete economic state of the country. Forecasting of the indices may help
to predict economic recessions within countries [LZ98].
The third focus of this work is the prediction of rates for the most liquid financial
assets–currencies. They belong to the debt classification group of financial assets and are
traded on the foreign exchange market (Forex1 ), one of the largest markets by volume
in a world. The main participants in this exchange market are the large international
banks [KOR11]. Forex is a unique market for several reasons: the geographical dispersion,
continuous operation 24 hours a working day and a large number of factors affecting
exchange rates. The importance of currency rates’ prediction is well explained from the
perspective of a government making deals in currency throughout International Monetary
Fund and from the point of investors keeping parts of their capital in different currencies
as a diversification strategy. Another interested party is multinational companies, whose
market values depend on currency rate volatility. Any company with a large number of
transactions in a foreign currency is exposed to so-called foreign exchange risk [Moo03].
In this work we are looking at the forecasting techniques on six various historical
data time series: individual stocks of International Business Machines (IBM) and Microsoft (MSFT), two aggregated stock exchange indices Dow Jones Industrial Average
(DJIA) and Shanghai Stock Exchange (SSEC), currency exchange rate between U.S.
dollar and Euro (USEU), and cryptocurrency exchange rate between U.S. dollar and
Bitcoin (USBC). Descriptions of each series time intervals are given in Table 2.1 and
graphs of their values over time are presented in Figure 2.1.
The time series of financial data usually present the price measures of a certain type–
low, high, open, close, given the uniform time intervals between them. The value of a
price at a given point in time, e.g., second, minute, day, week—is the price of a last
detected trade at that period. The most common indicator for financial series is a price
at the end of a trading day–closing price. In most of the historical data sources, we also
find the opening price–the value of a first trade; lowest, and highest prices in a period.
Together these four features for each point of time are called candlestick or simply candle.
Candles are used to measure a volatility of a stock [Mor06]. An example of candlestick
graph for MSFT stocks2 for two months data is given in Figure 2.2. The red candles
1
2

https://www.forex.com/
Source: https://finance.yahoo.com/
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(a) DJIA

(b) SSEC

(c) IBM

(d) MSFT

(e) USEU

(f) USBC

Figure 2.1: Historical prices for six financial instruments
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Financial asset
DJIA
SSEC
IBM
MSFT
USEU
USBC

Historical Data Range
29.01.1985-26.05.2017
02.07.1997-26.05.2017
02.01.1962-26.05.2017
13.03.1986-26.05.2017
07.05.1980-06.06.2017
13.09.2011-31.05.2017

Observations
8150
4818
13947
7868
7102
2088

Table 2.1: Financial series overview

Figure 2.2: Candlestick data for MSFT stocks (data source: Yahoo Finance)
indicate that closing price was lower than the opening one, and the green ones indicate
the converse. Intervals interesting for the traders can vary from microseconds to very
long periods; our focus is on a daily frequency.

2.1.2

The Efficient Market Hypothesis

The efficient market hypothesis (EMH) states that all of the available information is
already included in the formation process of an asset price at the point of time [Fam95].
Assuming this, it should be impossible to predict the overall market behaviour and
neither technical nor fundamental analysis can be used to achieve superior gains by any
market player, also called agent [Aam10].
The theory behind the EMH is based on the assumptions that the information that
market participants can use is always publicly available and simply accessible, and that
all the investors are rational [LFF+ 10]. If those hold, speculation is not possible on the
market due to competition between traders having equal access to the new information
and thus equal amounts of it. The statistical formulation of EMH is introduced with
the random walk hypothesis by Paul Cootner in 1964 [Coo64]. Following this, the time
series financial data with neutral risk are the sequence of random steps which makes it
not possible to predict future using the past historical data [Fam95].
There are several arguments for and against the EMH. One in argument for is that
8

algorithmic trading systems performing nowadays are making profits larger than the
overall market [Bro10]. However, the scientific approaches used for these systems’ development do not become public due to competition in the market. With that assumption,
a technical analysis which is used to find the patterns in a time series also becomes futile.
The criticism of the EMH concentrates on two counter arguments against the main
assumptions. First, economists have argued for years that rationality of market members
is not sustained and there is evidence towards behavioural theories [Mal03]. One more
argument is that not all of the information is fully available. Even if the regulation
institutions of financial markets try to fight it, insider trading still exists. Many papers
have been published supporting and falsificating the EMH [Ţiţ15], but no true proof has
yet been found for accepting or declining this theory due to the drastically complicated
structure of the market and the inability to include all of the possible factors into models
for prediction. In this work we look at the EMH for six selected data sets and see how
good we can make predictions with and without the usage of external data features, to
see if stock market prices can be predictable at some degree even in an efficient market.

2.1.3

Exogenous Variables Overview

The input variables used for the forecasting of financial data in research have a large
variety. The simplest model consists only of past values of the closing price, called lags,
used as features for prediction. This model is expanded with the candlestick series and
the volume given in historical data, usually with their lags often incorporated as regressors also. The statistical features calculated from those series are called technical
indicators; their analysis and use became one of the most wide-spread methodologies
for the financial forecasting, mostly by the active traders for analysing short term price
movements [KID10]. For the long term investors, technical indicators have little value
since they do not give the information about an underlying business. The examples of
technical indicators are Relative Strength Index, Moving Average Convergence Divergence, etc. [KSD16, TDO10, KT06]
Indeed, many authors reasonably use combinations of markets, for example, the foreign currency rate between U.S. dollar and Chinese renminbi can be used to predict
the index of Shanghai Stock Exchange. Many studies have discovered correlations between the company’s stock price changes and other financial variables [Cas01]. Also, the
method of the random matrix was applied to find the correlations, and the presence of
cooperative behaviour in the market was discovered by Mantegna and Stanley for DJIA
and S&P 500 [MS99]. It is a non-feasible task to include all the exchange stocks possibly
affecting the target market, but with the help of machine learning, we expect to discover
some correlations, which are non-obvious from a theoretical point-of-view. Of course,
each series has specific characteristics connected to the origin country of company or an
exchange stock, e.g., total volume and popularity among the traders.
In two papers by Atsalakis and Valavanis [AV09, AV13] more than 200 articles related
to financial forecasting were reviewed. Broadly we can divide them into two groups:
9

where predictions are made using the data from technical analysis, and where stock
markets’ correlations are used for the prediction. A common idea of all the papers to
include other stock prices or indices is based on the assumption that agents react to the
movements in other markets with some gap, which can be from one minute to a month.
However, since we look at the daily data, we cannot capture the high-frequency trading
going on throughout the day, but we see its result looking at the day’s closing price.
We have selected a set of 51 time series listed in Table 2.2 with their full description
in Appendix A. Under the numbers 1 to 24, we describe the stock markets’ indices of
different countries. The selection is based on the market capitalization values in U.S.
dollars. Their value as features is due to their good descriptive power for a country’s
economic condition in general and due to the assumption that markets quickly react
to each other since traders follow the dynamics of the most important indices in order
to make further decisions. The most influential exchanges are placed in the USA, so
we took five indices describing stocks of the companies traded on those two exchanges:
NYSE and NASDAQ, under the numbers 1 to 5 in Table 2.2. For other 18 country-based
markets we use the most popular index specified individually under the numbers 6 to
23 in Table 2.2. Additionally, we use one index (number 24 in Table 2.2) containing
European market’s stocks.
In each country’s economy, the fiscal and budget policies are reflected at the national
currency exchange rate. It is usually tracked by the relation to the U.S. dollar, however,
by comparing two countries’ exchange rates, we can follow their dynamics in economic
stability, looking at their currency exchange rates. In our work, we use the top ten most
traded currency exchange rates (numbers 25 to 34 in Table in 2.2) belonging to the most
stable and fast developing countries all over in the world.
The price of oil can heavily affect the exchange rates of different economies. The
same can be observed, when a country has a main industry in the economy, e.g., mining,
metallurgy or agriculture. Then the prices for commodities have an effect on the exchange
rates of the national currency. The commodities’ contracts market provides valuable
information about expected future supply and demand, on which producers, consumers,
and traders can act today. We analysed the data from a market of contracts and chosen
ten of the most traded commodities in the world listed in Table 2.2 under the numbers
35 to 44. They include rare metals, natural sources, and basic agriculture goods.
One more group of selected variables is the technical analysis features used widely in
the research on financial data prediction [Ste14] (numbers 45 to 50 in Table 2.2).
The collected data series have different ranges, depending on the source or time when
a certain index of data has been collected for the first time. All the series were retrieved
from FRED, Federal Reserve Bank of StL̇ouis3 , Quandl Platform4 and Yahoo Finance5 .

3

https://fred.stlouisfed.org/
https://www.quandl.com/data
5
https://finance.yahoo.com/
4

10

11

IBEX 35
15.02.1993 - 26.06.2017
TWII
02.07.1997 - 26.06.2017
IBRX
10.03.1997 - 27.06.2017
GSPTSE
29.06.1979 - 26.06.2017
STOXX50E
31.12.1986 - 26.06.2017
Foreign exchange market currency pairs (10)
DTWEXM
02.01.1973 - 16.06.2017
DEXUSEU
04.01.1999 - 16.06.2017

19

20
21
22
23
24

25
26

FTSE JSE TOP 200

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18

51

45
46
47
48
49
50

35
36
37
38
39
40
41
42
43
44

N
27
28
29
30
31
32
33
34

Feature Abbreviation Historical Data Range
DEXJPUS
04.01.1971 - 16.06.2017
DEXCHUS
02.01.1981 - 16.06.2017
DEXCAUS
04.01.1971 - 16.06.2017
DEXUSUK
04.01.1971 - 16.06.2017
DEXUSAL
04.01.1971 - 16.06.2017
DEXSZUS
04.01.1971 - 16.06.2017
DEXSDUS
04.01.1971 - 16.06.2017
DEXHKUS
02.01.1981 - 16.06.2017
Contracts on commodities trading (10)
GOLD
01.04.1968 - 26.06.2017
SILVER
02.01.1968 - 26.06.2017
DHHNGSP
07.01.1997 - 19.06.2017
DCOILWTICO
02.01.1986 - 19.06.2017
DCOILBRENTEU
20.05.1987 - 19.06.2017
CME-S1
01.07.1959 - 23.06.2017
CME-W1
01.07.1959 - 23.06.2017
CME-C1
01.07.1959 - 23.06.2017
ICE-KC1
20.08.1973 - 23.06.2017
ICE-SB1
04.01.1961 - 23.06.2017
Technical Analysis Indicators of
a Current Prediction Variable X (6)
MA(X) Short
MA(X) Long
Repeats the range
MACDX
of X Variable
OBV(X)
listed in the Table ..
ADL(X)
RSI(X)
Investment Rate Indicator (1)
BAMLHY
31.08.1986 - 23.06.2017

Table 2.2: Financial data: Feature Series

02.01.1996 - 27.06.2017

Feature Abbreviation Historical Data Range
Stock exchange market indices (24)
DJIA
29.01.1985 - 26.05.2017
NYA
31.12.1965 - 26.06.2017
NYTE
07.02.1984 - 26.06.2017
NDX
05.02.1971 - 23.06.2017
IXIC
02.01.1986 - 23.06.2017
FTSE
02.01.1996 - 27.06.2017
N225
04.01.1984 - 28.06.2017
SSEC
02.07.1997 - 26.05.2017
HSI
31.12.1986 - 26.06.2017
N100
31.12.1999 - 26.06.2017
SZSE
02.07.1997 - 26.06.2017
GDAXI
26.11.1990 - 26.06.2017
BSE SENSEX
01.07.1997 - 23.06.2017
NIFTY 50
02.01.1996 - 27.06.2017
SMI
09.11.1990 - 26.06.2017
ATOI
02.01.1996 - 27.06.2017
KOSPI
02.01.1996 - 27.06.2017
OMXN40
28.12.2001 - 26.06.2017

N

2.2

Macroeconomic Forecasting
Country
AUS
USA
GER
ITA
IND
RUS

Historical Data Range
Q1.1960-Q1.2017
Q1.1960-Q1.2017
Q1.1970-Q1.2017
Q1.1981-Q1.2017
Q2.1996-Q1.2017
Q1.2003-Q2.2015

Observations
229
229
189
145
84
50

Table 2.3: GDP series overview
The most popular indicator for the economic health of a country and welfare of
the society is GDP–the monetary market value of all the finished goods and services
produced within a selected country in a specific period, usually a year or quarter [Lea08].
We cover the basic theoretical concepts of GDP calculation and forecasting and also
describe briefly, using the examples of countries we selected, how the dynamics of the
GDP reflects the current state of the economy.

2.2.1

GDP and Countries’ Specifics

GDP values and their predictions help the respective government to make a decision on
the current economic policies implemented, e.g., to stimulate the economy in a period
of stagnation6 or to down-trend the invested money flow in case of overheating7 . Firms
use GDP as a guide for actionable decisions based on the business cycle in the economy.
GDP could be measured in two ways: as Nominal and Real product. Nominal GDP is
the market value measured in current prices of good and services, and Real GDP is the
same value, but measured in base year prices, meaning that inflation parameter is also
taken into account [Lea08]. In this work, we concentrate on forecasting of Real GDP
values since we believe they represent the state of economic health better and allow
comparisons between different countries’ productivity.
To diversify the experiments we select six countries’ GDP data, where the series differ
by the number of observations, political and economic policies, stability and growth:
USA (USA), Australia (AUS), Italy (ITA), Germany (GER), India (IND) and Russia
(RUS). The data is retrieved from FRED, Federal Reserve Bank of St. Louis8 . Each of
the initial GDP series is presented in Figure 2.3. We are using the following presentation
6

Stagnation is a prolonged period of slow economic growth usually coinciding with high unemployment.
7
Overheating is a prolonged period of economic growth, when the productive capacity is not able to
cope with the aggregate demand. Usually, it is followed by the high inflation rate.
8
https://fred.stlouisfed.org/
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of series: “Gross Domestic Product by Expenditure in Constant Prices: Total Gross
Domestic Product” [OEC17] given in quarterly frequency and described by the index
relative to the GDP level in 2010 (=1). All the data is seasonally adjusted before the
experiments. A description of data is given in Table 2.3. The length of macroeconomic
series is usually much shorter than for financial data since the strategies for calculation
of the parameters can be quite complex and a more frequent collection is rarely possible.
The process of seasonal adjustment is a part of the decomposition of a time series
into four components: trend, seasonal, cyclical, and irregular terms. The trend can
be described by a linear function or by non-linear ones (in more complex cases), e.g.,
exponential and logarithmic. Seasonality has a fixed and known length, while cyclic component duration is variable and unknown [HA13]. Irregular component has a stochastic
nature. Since we have the already seasonally adjusted data, we briefly introduce the
methods to remove those patterns. There are two types of methods used by statistical
agencies: univariate and multivariate. Univariate techniques (X-11-ARIMA and X-12ARIMA developed by the United States Census Bureau9 , TRAMO-SEATS developed
by the Bank of Spain10 ) are mainly based on the moving average calculation for different
periods with varying frequency. Multivariate methods model large cross section of time
series jointly for the purpose of estimating seasonal components for each individual time
series [GM13]. Other common techniques to eliminate the regular terms from a series
will be discussed in more detail in Section 3.1.

2.2.2

Factors Commonly Used For GDP Forecasting

The basic model used for the GDP forecasting is Autoregression (AR). It strives to
predict the GDP indicator using its past values. These relationships are explained by
the business cycles. Models following this setup in many cases perform worse than ones
with external explanatory features. However, they are still highly favoured in time series
analysis, because of the simplicity and a strong theoretical base popularized by Box et
al. [BJRL15]. In many studies, AR models with different lags serve as a benchmark for
the evaluation of other methods [Mar07].
The choice of external features which could predict the future behaviour of GDP
was based on relevant to this topic studies. There are two large groups of research
connecting machine learning with macroeconomic forecasting depending on models used
for predictions. The first group includes common economic and econometric models with
preliminary theoretically defined specification and variables to be included. For instance
The Phillips Curve model for inflation forecasting with unemployment rate [MM05] and
Agent-Based Models [vdH16]. The second kind of studies is based on the prediction
models with a non-fixed set of explanatory variables and diversity of algorithms. We are
interested in this setting for the research for cases of two countries: USA and AUS. The
selection of based on the availability of GDP series for a longer period than for others.
9
10

https://www.census.gov/
http://www.bde.es/bde/en/
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(a) AUS

(b) USA

(c) GER

(d) ITA

(e) IND

(f) RUS

Figure 2.3: Real GDP historical series for six countries
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The majority of papers investigate the relationship between GDP absolute value or
the growth rate and various macroeconomic and financial indicators. Islam [Isl13] uses
a set of five leading economic indicators to predict the USA quarterly GDP: S&P 500,
number of weekly initial jobless claims, a velocity of M2, number of new private building permits, the Consumer Sentiment Index, published by the University of Michigan
with one- and two-quarter lagged versions. For the Canada GDP growth, Gonzalez et
al. [G+ 00] use six explanatory variables: one-quarter lagged quarterly growth rate of Finance Canada’s index of leading indicators of economic activity, current and one-quarter
lagged employment growth, the Conference Board’s index of consumer confidence, ninequarter lag of the first difference of the real long term interest rate, three-quarter lag of
the first difference of the federal government budgetary balance as a share of GDP.
There is a number of studies claiming that the inclusion of interest rate indicators
improves the GDP forecasting accuracy. In the study on Canada GDP growth rate forecasting Tkacz et al. [TH+ 99] collect the one- and four-quarter lagged long-short interest
rate spread, real 90-day commercial paper and real long-term bond rates, the growth rates
of narrow (real M1) and broad (real M2) monetary aggregates, and the growth rate of the
real TSE 300 index. Similar variables were chosen by Nyman and Ormerod [NO17] for
the USA data, taking into account their availability and no-subsequent revisions. Those
include the 3-month Treasury Bill rate, the yield on 10-year U.S. government bonds, S&P
500, the ratio of private sector debt to current price GDP. Aminian et al. [ASAW06] built
a setup with following one-lagged values: GDP, S&P 500, the standard deviation of daily
returns on the stock market for that quarter, the 3-month interest rate–Treasury Bill,
and the term structure (10-year bond yield minus 3-month yield). Within the recessions
predictions for the USA, Gogas et al. [GPMC15] also investigate the forecasting ability
of yield curve specifying the features as Treasury-Bills for 3 and 6 months and the U.S
government bonds with maturities of 2, 3, 5, 7 and 10 years, however the lags in their
work are not specified, which can be a problem for the model application due to data
unavailability.
The most extensive data set analysed in combination with machine learning algorithms applied for macroeconomic forecasting we discovered in the work of Berge [Ber15]
on economic recessions. Berge includes features from the three groups described before:
interest rates and their spreads, macroeconomic indicators, and financial variables, extended by USD-weighted value.
Summing up the related literature we have defined a set of 51 variables for the USA
GDP prediction, which are listed in Table 2.4. The full description of each feature can
be found in Appendix B. Features under numbers 1 to 10 present the interest rates in
short- and long-term and their spreads. Financial features under points 11 to 23 describe
the main money aggregates with their velocity, commercial banks loans and assets, two
stock market indices for NYSE and NASDAQ exchanges. Macroeconomic indicators
(listed as 24 to 47 in Table 2.4) include the features, previously successfully used in
the related work described above. Additionally, we include the variables connected to
climate changes, vehicle sales, housing and oil price to check their connection to GDP.
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Since data series have different original sources, the procedures of seasonal adjustment
for each can differ or not be applied at all. That can create problems for algorithms to
clarify the relationships between predictors and a target.
In a similar way we collected the data series for Australia, however, found a total
number of 21 prediction variables, because some indicators are only calculated for the
USA or some series are not publicly available and/or contain an insufficient number of
observations which can drastically reduce the model quality. A full description of series
is given in Appendix C and data ranges are presented in Table 2.5. All the time series
were retrieved from FRED, Federal Reserve Bank of St. Louis11 and Quandl Platform12 .

11
12

https://fred.stlouisfed.org/
https://www.quandl.com/data

16

17

24
25

11
12
13
14
15
16
17
18
19
20
21
22
23

1
2
3
4
5
6
7
8
9
10

N

48
49
50
51

N
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47

Feature Abbreviation
CSUSHPISA
EXPGSC1
GGSAVE
GPSAVE
HOUST
IC4WSA
ICSA
IMPGSC1
INDPRO
M12MTVUSM
MDOTHIOH
NCBLFA
PAYEMS
PCECC96
PERMIT
PINCOME
QUSNAM
ROWFDI
ROWFDN
UMCSENT
UNRATE
VAULTSUR
Other indicators (4)
GCAG
HTRUCKSSAAR
MSPNHSUS
WTISPLC

Table 2.4: USA GDP data: feature series

Feature Abbreviation Historical Data Range
Interest rates and spreads (10)
AAA
1Q1919 - 2Q2017
BAA
1Q1919 - 2Q2017
FEDFUNDS
3Q1954 - 2Q2017
IRLTLT01US
1Q1960 - 1Q2017
T10YFFM
3Q1954 - 2Q2017
T1YFFM
3Q1954 - 2Q2017
T5YFFM
3Q1954 - 2Q2017
TB1YR
3Q1959 - 2Q2017
TB3MS
1Q1934 - 2Q2017
TB6MS
4Q1958 - 2Q2017
Financial variables (13)
BOGMBASE
1Q1959 - 2Q2017
CASACB
2Q1973 - 2Q2017
CILACBQ
2Q1947 - 2Q2017
DJIA
3Q1896 - 4Q2016
DTWEXM
1Q1973 - 3Q2017
M1SL
1Q1959 - 2Q2017
M1V
1Q1959 - 1Q2017
M2SL
1Q1959 - 2Q2017
M2V
1Q1959 - 1Q2017
MABMM3
1Q1960 - 1Q2017
MZMSL
1Q1959 - 2Q2017
MZMV
1Q1959 - 1Q2017
SP500
1Q1871 - 2Q2017
Macroeconomic indicators (24)
CPIAUCSL
1Q1947 - 2Q2017
CRDQUSAPABIS
1Q1952 - 4Q2016
1Q1880
1Q1967
1Q1963
1Q1946

-

4Q2016
2Q2017
2Q2017
2Q2017

Historical Data Range
1Q1975 - 2Q2017
1Q1947 - 1Q2017
1Q1947 - 1Q2017
1Q1947 - 1Q2017
1Q1959 - 2Q2017
1Q1967 - 3Q2017
1Q1967 - 3Q2017
1Q1947 - 1Q2017
1Q1919 - 2Q2017
4Q1970 - 2Q2017
4Q1949 - 1Q2017
4Q1946 - 1Q2017
1Q1939 - 2Q2017
1Q1947 - 1Q2017
1Q1960 - 2Q2017
1Q1947 - 1Q2017
1Q1952 - 4Q2016
4Q1946 - 1Q2017
4Q1945 - 1Q2017
4Q1952 - 2Q2017
1Q1948 - 2Q2017
1Q1959 - 2Q2017

N
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21

Feature Abbreviation Historical Data Range
Interest rates and spreads (4)
IRLTLT01AU
3Q1969 - 2Q2017
INTGSBAU
1Q1957 - 2Q2017
IR3TIB01AU
1Q1968 - 2Q2017
IR3TBB01AU
1Q1968 - 2Q2017
Financial variables (4)
CCUSMA02AU
1Q1960 - 1Q2017
MYAGM1AU
1Q1975 - 2Q2017
MYAGM3AU
1Q1965 - 2Q2017
AUSCINSQD
1Q1960 - 1Q2017
Macroeconomic indicators (8)
AUSCPIALL
1Q1960 - 1Q2017
QAUPA
2Q1960 - 4Q2016
CRDQAU
4Q1977 - 4Q2016
NAEXCP07AU
1Q1960 - 1Q2017
NAEXCP06AU
1Q1960 - 1Q2017
AUSPROIND
3Q1974 - 1Q2017
TRESEGAU
1Q1957 - 2Q2017
LRHUTTTTAU
3Q1966 - 1Q2017
Other indicators (5)
GCAG
1Q1880 - 4Q2016
AUSSACR
1Q1960 - 1Q2016
WTISPLC
1Q1946 - 2Q2017
AUSPERMIT
1Q1960 - 1Q2016
ODCNPI03AU
1Q1960 - 1Q2017
Table 2.5: AUS GDP data: feature series
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2.3

Time Series Forecasting Accuracy Evaluation

This section covers measures for forecasting model errors across time series. For the
past half of a century, many time-series studies have been conducted in economics.
The process of deciding which method gives the most accurate forecast is a fundamental
question in every research. The authors still discuss, which error measure is more reliable
in time series analysis. Moreover, the use of an inappropriate error measurement can
lead to the inability of generalization of the described technique for similar data sets.
In statistical and machine learning practice, the data is usually split into three parts:
train, validation, and test. Each partition is done following the 80:20 (Pareto) proportion [HA13], so the final split distribution is 64:16:20. The training set is used for model
parameter estimation, the validation set–for configuration optimization. The testing set
is used for estimating the forecasting accuracy using the resulting model and comparing
different models’ precisions.

2.3.1

Scale-dependent Errors

Scale-dependent errors belong to the class of conventional error measures. The name
comes from the notation of forecast error as ei = yi − ybi , where y is the original series of
the observed variable and yb is a series of predicted values for y. The scale for the error
measurement is the same as for the initial data. Two commonly used methods based on
ei are Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE):
N
1 X
|ei |
M AE =
N i=1

(2.1)

v
u
N
u1 X
t
RM SE =
e2i
N i=1

(2.2)

where N is a number of observations in forecasting series. RMSE is one of the most
frequently used methods to draw conclusions about the forecasting accuracy [AC92].
Both statistics have been criticized in the literature due to scale dependency, when large
numbers in some data dominate comparisons between series on different scales [AC92].
For a single data set, RMSE or MAE are the best measures for error, because they are
easy to understand and compute. Notwithstanding, the issue of dependency is easily
solved by scaling of the data in [0,1]-segment before an analysis, so for any series the
newly created values will be in the range between zero and one. With this assumption,
RMSE and MAE can be called unit-free measures.
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2.3.2

Unit-free Errors

Many authors prefer to use and also recommend unit-free measures to avoid the domination of large-scale series. The most popular way to control for scale is use of percentage
forecast error as a basis: pi = 100 ∗ ei /yi . Most widely academics refer to the Mean Absolute Percentage Error (MAPE) when comparing forecast performance between data
sets:
N
1 X
|pi |
N i=1

M AP E =

(2.3)

The main disadvantage of MAPE is that it can only be used for ratio-scaled data
(data with a meaningful zero). Furthermore, MAPE puts a heavier penalty on negative
values of errors, when forecast is larger that the actual value [AC92]. As a fix for this
bias the Symmetric MAPE (SMAPE) was offered by Armstrong [AF85]:
SM AP E = 100 ∗

N
1 X |yi − ybi |
N i=1 (yi + ybi )/2

(2.4)

Since the values of SMAPE can be negative if the values of yi are negative, then it
loses a meaning of being an “absolute percentage error.”

2.3.3

Benchmark Scaled Errors

Hyndman and Koehler [HK06] propose the scaled errors as an alternative to conventional
methods using percentage errors pi . Their work criticized the measures described above
for the number of limitations working with zero and negative data values. The Mean
Absolute Scaled Error (MASE) Hyndman and Koehler introduce as the best measure to
capture accuracy of methods for data of different nature and having specific features.
The idea behind the MASE is based on scaling the error on a in-sample MAE from the
benchmark method (random walk). The scaled error qi and MASE are defined as
ei

qi =
1
n−1

N
X

(2.5)

|yi − yi−1 |

i=2

N
X
M ASE = (
|qi |)

(2.6)

i=1

Analogously, they define Root Mean Squared Scaled Error (RMSSE). An error qi is
smaller than one if the forecast is better than the average naı̈ve forecast based on the
20

training data. Meaning, the error is bigger than one, if the forecast is worse than the
average naı̈ve forecast based on the training data [HK06]. An important assumption is
made for the efficiency of the measure, that a series has no more than one unit root,
which is not true for stochastic processes. The primary advantage of scaled errors is the
universality, i.e., they can be easily computed for cases when other measured would give
undefined or infinite results. The authors recommend using MAE for data of one scale,
MAPE for data on different scales, but strongly positive and MASE, if data has close to
zero or negative observations.

2.3.4

Benchmark Relative Errors

One alternative approach is to calculate relative errors for each method and compare
them between each other. In time series analysis the most popular candidate to use
as a benchmark is a random walk [AC92]. Theil’s U2 measure (TU2) compares RMSE
for the random walk and currently analyzed model. TU2 is popular only in the area of
economics.
Armstrong and Collopy introduced the Mean Relative Absolute Error (MRAE) as an
alternative to TU2, assuming ri = ei /e∗i is a relative error, where e∗i is a forecast error
obtained from the benchmark method:
N
1 X
|ri |.
M RAE =
N i=1

(2.7)

Relative errors have a strong dependency on which model is used as a benchmark,
also the meaning of error reduction is questionable. Thus, they are not always a good
measure for a generalization purposes.

2.3.5

Summary

There are many methods of error measure for time series prediction. Each has a list
of pros and cons, but the usage of the most reliable measure can improve the research
sufficiently. An idea of having several measures looks attractive in theory, but in practice
leads to ambiguous results and bulky workflows. In the comparative study by Armstrong
and Collopy [AC92], error measures are rated by five criteria: reliability, construct validity, outlier protection, sensitivity and relationship to decisions. A method superior
on all the criteria is not discovered. Our decision was not to use the methods based on
benchmark forecasting model, because we lose an interpretation for the error term after
calculation.
We can highlight two large groups of the error measures: the ones which are good
for a single time series, and the ones which can be used successfully to compare methods
across different data sets. Considering this, we choose RMSE as the main measure for
the calibration of each method on training and validation sets including 80% of the total
21

data, where no comparison with results on other data is required. For evaluation of the
algorithms and models on the testing set with 20% of the data, we select the SMAPE,
since our series have a meaningful zero owed to the economical nature. The symmetric
form will not lead to loss of the error meaning, because the variables we are forecasting
take only positive values. This measure was chosen by Makridakis [Mak93] as the most
reliable one for comparison of models on time series of M-Competition (Makridakis
Competition) series, which are large competitions intended to compare different time
series forecasting methods.

22

Chapter 3
Forecasting Algorithms and Models
A large variety of methods are available and used for modelling and forecasting economic
time series data. In this chapter, we describe univariate and multivariate forecasting
models. We define two statistical methods in Section 3.1 as benchmarks for our research. The most commonly used machine learning forecasting algorithms in economic
and financial applications are presented in Section 3.2.

3.1

Benchmark Statistical Models

Statistical models belong to the group of conventional techniques used for the time series
forecasting. A comparative research by Atsalakis and Valavanis [AV13] describes 150 papers on stock market prediction models, in which approximately one-third of publications
use some variant of the Autoregressive Integrated Moving Average (ARIMA)
methods family. Therefore ARIMA and its simpler variations, Autoregressive Moving Average (ARMA), Autoregressive (AR), and Moving Average (MA)
models, are one of the most popular benchmarks for the financial forecasting.
The second part of a survey by Atsalakis and Valavanis [AV09] covers around 70
articles on multivariate methods for stock forecasting, in more than 20 papers Multiple
Linear Regression (MLR) was used as a benchmark model. Also, in a comparative
study from Marcelino [Mar08], the author conducted an experiment which shows that
carefully specified MLR models provide a good benchmark for macroeconomic growth
forecasting.

3.1.1

Univariate: Autoregressive Integrated Moving Average

The ARIMA model and its different specifications were developed and described by Box
et al. in 1970 [BJRL15]. Before introducing the ARIMA models we briefly discuss the
concepts of time series stationarity and the differencing method. We call yt a stationary time series, if for every l the distribution of yt , . . . , yt+l is the same for all values
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of t [HA13]. In other words, any time series with a seasonal component and/or a trend
component would not be stationary. Most macroeconomic data series, including GDP series, are non-stationary. Financial daily data can be both stationary and non-stationary.
It usually has a cyclical behaviour, but cycles have a non-constant length, the series
are therefore considered non-stationary. Nevertheless, coming across purely stationary
processes in economic analysis is quite improbable.
One of the widely employed techniques of transforming time series into stationary
ones is differencing–a calculation of distances between consecutive observations. An
order of difference can be arbitrary, but usually in practice it is enough to use the first
(1D) or second (2D) difference, defined in Equations 3.1 and 3.2 respectively, to remove
the trend component from the data [HA13]. In practice it is common to see orders of up
to four for macroeconomic data, because the fourth difference can be used to eliminate
the seasonality for quarter-based data [BJRL15]. Another way to remove the trend
is fitting a polynomial regression with a linear trend variable used as a regressor and
subtracting it from the original series (DT), defined in Equation 3.3.
1D = yt − yt−1
2D = 1dt − 1dt−1
= yt − 2 ∗ yt−1 + yt−2
ŷp = βˆ0 + βˆ1 p + . . . + βˆn pn , p = 0, . . . , T
DT = y − ŷp

(3.1)
(3.2)
(3.3)

where βˆ0 , . . . , βˆn are estimated parameters of the polynomial regression.
In Figure 3.1 we present the DJIA and USA data without transformation, with a first
difference calculation and polynomial trend removal (fourth order for DJIA and second
order for the USA). On the graphs for the original data in Figures 3.1a and 3.1b, we
observe an upward trend, which makes the data non-stationary. The transformation of
DJIA with first difference results in a series looking close to a perfect stationary process,
for the USA data, the result is rather close. The polynomial trend subtraction gives a
satisfactory result, but not as good when compared to differencing in both data cases.
However, it is hard to say if the new data has a seasonal component or it is a cyclical
behaviour. The choice of a differencing order is a subjective decision of the analyst and
usually, there are multiple ways giving approximately the same results.
For understanding of the ARIMA model structure we start with describing its simplified versions or components: AR, MA and ARMA. The AR models forecast a variable
using a linear combination of its past values, also called lags [HA13]. A process, yt , is
an autoregressive of order p denoted AR(p) when Equation 3.4 is satisfied.
yt = α1 yt−1 + α2 yt−2 + · · · + αp yt−p + t

(3.4)

where t is a white noise (random error) with a zero mean and a constant variance [Cha16],
α1 , . . . , αp are the model parameters and p defines the number of lags used. The limita24

(a) DJIA

(b) USA

(c) DJIA 1st difference

(d) USA 1st difference

(e) DJIA detrended

(f) USA detrended

Figure 3.1: Examples of datasets (DJIA and USA) and detrending techniques
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tions of AR models are in their univariate structure and the series’ stationarity requirement. Still, AR models are quite competitive and able to deal with a variety of time
series change patterns [HA13].
The MA method uses t and its lags in a linear combination for the forecasting of
yt . A process yt is a moving average of order q denoted MA(q) when Equation 3.5 is
satisfied.
yt = t + β1 t−1 + β2 t−2 + · · · + βq t−q

(3.5)

where β1 , . . . , βq are the model parameters and q defines the number of lags used. Every
AR(p) process can be written as MA(∞), because yt can be presented as MA of the past
forecast errors of AR [HA13]. MA models have the same limitations as AR models.
ARMA(p,q) models are simply a linear combination of AR(p) and MA(q) processes
defined in Equation 3.6. They present a more general class of methods for stationary
time series prediction.
yt = t +

p
X

αi yt−i +

i=1

q
X

βj t−j

(3.6)

j=1

As mentioned above the stationarity condition rarely holds for the economic data,
but can be achieved by applying the differencing. Thus ARMA models are inadequate for
non-stationary time-series forecasting, which is frequently ignored in practice. For this
reason the ARIMA(p,d,q) model is proposed as a statistical benchmark for the method
comparisons [HA13].
d

∆ yt = t +

p
X

d

αi ∆ yt−i +

i=1

q
X

βj t−j

(3.7)

j=1

A term d presents a finite differencing order brought into play for non-stationarity fix
and ∆d yt is the differenced series.
ARIMA(0,1,0 ), i.e., yt = yt−1 + t is known as a Random Walk model and widely
used for stock price series forecasting [AA13]. The model assumes that first differencing
eliminates all the serial components from data and returns a white noise process.
A major challenge with ARIMA models is the choice of values for p, d, and q. Both
empirical and theoretical approaches take place during the decision making. For instance,
if the data is known to have a monthly seasonality, then d = 12 is likely to be a good
way to achieve a stationary form. In other cases, like with DJIA, prior knowledge gives
no information on cycles length. Then the choice of parameters can be made based on
the empirical evidence, e.g., with use of comparison of a forecasting error accuracy for
a variety of possible models in certain limits for all parameters. A residuals graph for a
perfect model with a proper parameter setting will look like a white noise process.
In this work, we follow the Box-Jenkins methodology [BJRL15] which describes an
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empirical approach to specify ARIMA model. The values of p, d, and q are chosen by the
best fit to the given data and the model also satisfies the parsimony principle1 [AA13].
The methodology assumes a three step iterative approach: identification of model configuration parameter ranges, coefficients estimation with error measurement calculation
and the diagnosis.

3.1.2

Multivariate: Multiple Linear Regression

The principle idea of MLR models is an approximation of variable y with an assumption
that it has a linear relationship with a set of features x, of a size k, presented in a form
of linear combination
yt = γ0 + γ1 xt,1 + γ2 xt,2 + · · · + γk xt,k + t
t = 1, 2, . . . , T

(3.8)

The parameters γ0 , . . . , γk estimate the impact of each feature after inclusion of the effect
of all other predictors, i.e., the coefficients present marginal effects of features [HA13].
An existence of a clear interpretation and simplicity of the model make it the most
popular for the estimation of relationships between certain set of features and the target
value.
The general approach of estimating the coefficients γ0 . . . γk is Ordinary Least Squares
(OLS) principle, which minimizes the sum of squared errors, that is we choose values
γ0 . . . γk that minimize term in Equation 3.9 for T observations in series.
T
X
t=1

2t

=

T
X

(yt − γ0 − γ1 xt,1 − · · · − γk xt,k )2

(3.9)

t=1

The matrix notation of MLR [MJK15] can be presented as
y = xγ + 

(3.10)




 
 
y1
1 x11 · · · x1k
γ0
1
 y2 
1 x21 · · · x2k 
γ2 
 2 
 


 
 
y =  ..  x =  ..
..
..
..  γ =  ..  and  =  .. 
.
.
.
.
.
.
. 
yT
1 xT 1 · · · xT k
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(3.11)

where


The solution for the OLS estimator then has the form
γ̂ = (x0 x)−1 x0 y
1

(3.12)

The parsimony principle is defined as: out of all the possible models one should consider the simplest
one, still giving an accurate presentation of time series data properties. Also known as Occam’s razor.
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and predicted values can be calculated as
ŷ = γ̂x

(3.13)

The estimated function with parameters γ̂ is used for forecasting on the test data set.
The differences between the observed y values and the corresponding fitted ŷ are called
regression residuals: r = y − xγ̂. A vector r theoretically has these properties which
are the indicators of correct regression specification: the residuals are uncorrelated with
each other, with each predictor and the mean of them is zero.
The OLS estimator in Equation 3.12 has properties of the Best Linear Unbiased
Estimator, denoted as BLUE [MJK15], where the “best” estimator means a minimal
variance of the parameters compared to other unbiased estimators is meant.

3.2

Machine Learning Algorithms

The benchmark models we describe in Section 3.1 assume a linear relationship between
the target variable and features used for its forecasting. In practice, for economic data,
this assumption is not always satisfied. Machine learning algorithms can be used as the
solution for those cases, in order to explore non-linear connections between features and
the variable to be predicted.
Many families of algorithms have been successfully applied for economic data prediction, as described in Chapter 1. We choose three of the most widespread families
whose representatives demonstrated notable performance in macroeconomic and financial
data forecasting: Artificial Neural Networks, Random Forests, and Support
Vector Machines. We use the Multilayer Perceptron model as a representative of Artificial Neural Networks family. In the following section, we cover the
theoretical background of each and their applicability to time series analysis.

3.2.1

Artificial Neural Networks

Artificial Neural Networks (ANN) became a “boom” model for time series forecasting in the 1990s. A review from Ahmed et al. of many machine learning approaches
applicable for time series predictions on 1045 data sets shows, that ANN performed as
the best method in 35% cases [AAGES10].
ANN are based on biological studies of the functioning of neurons. Our biological
neural system allows us to quickly recognize patterns and signals, make control decisions and perform other tasks much faster than any computer. It is not possible to
completely replicate the human brain, but the process of how we learn by remembering,
analysing and generalizing is reproduced as a mathematical model for specific tasks in
ANN [Eng07].
A single unit of the biological neural system is a neuron–a nerve cell, which performs
the transmission of bioelectrical signals. In Figure 3.2 we present the structure of Bio28

(a) Biological Neuron

(b) Artificial Neuron

Figure 3.2: Biological and Artificial neurons’ schemes
logical (BN) and Artificial (AN) Neurons [Eng07]. The brain has very large number of
connections between neurons called synapses. Each synapse ties an axon of one neuron
to a dendrite of another; one neuron can have multiple bindings. The transmission occurs
only when a neuron is activated. The AN models the behaviour of BN, receiving input
signals from the environment or other ANs, handles them and, when activated, passes
a signal to other ANs. There are weights for each incoming transmission used for a net
signal average sum (in some cases–product) calculation. The firing of the AN depends
on a non-linear activation function applied to weighted inputs to compute the output.
An activation function used for each hidden neuron net value calculation is usually nonlinear, e.g., step, ramp, sigmoid, etc., which allows modelling non-linear relationships
between input signals for each neuron. The sigmoid function is the most common in
practice [HA13] and has a form
f (net) =

1
1 + e(−net)

(3.14)

where net is a net signal of a hidden neuron calculated as the weighted sum of its
inputs. This function allows incorporating the non-linear transformation into neurons
interconnections to capture relationships between data features different from linear.
Multilayer Perceptron
A set of ANs interconnected with each other form an ANN. The ANN is structured in
layers of three types: input, hidden and output. A possible configuration of a typical
feed-forward ANN [HA13] with four inputs from the environment and two hidden layers
is shown in Figure 3.3. This type is also known as Multilayer Perceptron (MLP).
In the MLP in Figure 3.3, all neurons of the input or hidden layer are connected to the
neurons of a higher layer, but it is not required. As a further matter, backward directed
connections are also feasible.
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Figure 3.3: Example of ANN structure with two hidden layers
In the notation from Engelbrecht, an ANN is “a realization of a non-linear mapping
from RI to RK ” [Eng07]
fN N = RI → RK

(3.15)

where I and K denote input and output dimensionality. The function f is a set of
non-linear functions for each neuron of ANN, which allows this algorithm to be useful
for broad variety of problems. Using the notation from Equation 3.11 the aim of MLP
is to find a vector of weights w, describing the connections between neurons, given a
target vector y and matrix of feature values x. The estimation of predicted value ŷ with
mapping looks as following [Bou16]
ŷ = fN N (x, w) + 

(3.16)

A process of adjustment of the weights’ values to get the desired output is called
learning or training of a network. At the beginning of a training phase, weights for all
connections are initialized with random values. There are three major types of learning:
supervised, unsupervised and reinforcement [Eng07]. Our task fits a supervised learning
strategy when the desired output for an input vector is known in a training set. The
goal of learning is to minimize an error between the output from last ANN layer and
target. We will go into detail on one of the supervised learning techniques called Backpropagation (BP), proposed by Williams and Hinton in 1986 [WH86]. BP is the most
frequently encountered learning supervised algorithm in publications about MLP. BP
conveys a backward propagation of errors from the output layer back to the input layer
in combination with Gradient Descent (GD) optimization.
One training example for a network consists of a target value yt and the vector of k
features xt1 , xt2 , . . . , xtk , presenting one row from matrix x in from Equation 3.11. There30

fore, the input layer, denoted as layer 0, contains k neurons receiving the features data
without weighting. The network is structured with the H hidden layers (h1 , h2 , . . . , hH )
having nh neurons each and a Sigmoid activation function f from Equation 3.14. The
output for each neuron j of a first hidden layer h1 is equal to the weighted sum of the
input layer values transformed by activation function f :
hj1 =f (netj )
k
X
0
=f (
wn,j
xtn )

(3.17)

n=1

j = 1, . . . , nh
0
where wn,j
is a weight of connection from n-th neuron in the input layer to j-th neuron
in the hidden layer. For the following hidden layers (h2 , . . . , hH ) outputs for each neuron
j are

hji =f (netj )
nh
X
i−1 n
=f (
wn,j
hi−1 )

(3.18)

n=1

j = 1, . . . , nh and i = 2, . . . , H
i−1
where wn,j
is a weight of connection from n-th neuron in hidden layer i − 1 to j-th
neuron in hidden layer i. The output layer contains one neuron for our problem setting.
The output value of the network for one training example is
nh
X
H n
ŷt = f (
wn,j
hH )

(3.19)

n=1

For the cases with multiple output neurons, the vector is formed similarly [RAI+ 16].
The aim of learning with BP and GD is to minimize an error defined as objective
function for all training examples, e.g., squared sum of deviations between target value
yt and network output ŷt for all observations T
T
X
ε=
(yt − ŷt )2

(3.20)

t=1

In order to find a weight adjustment delta and its sign with GD, the gradient of ε is
determined in a weight space w, then the parameter vector is moved along the negative
gradient as
w(τ ) = w(τ − 1) + η(−
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∂ε
)
∂w

(3.21)

where τ is a training iteration, w is a weight of one connection and η is a learning rate
(size of the step taken) [Eng07]. A partial derivative of error function with respect to w
is eventually simplified and depends on continuity of activation function. For this reason
Sigmoid version of it is a universal one for GD. A BP for MLP training described as in
Algorithm 1 [Fyf00].
MLP with BP is sensitive to the scaling of data inputs, therefore it requires a normalization of data (usually in 0-1 scale). The most common technique is a Min-Max
Normalization.
xnorm =

x − min(x)
.
max(x) − min(x)

(3.22)

the configuration of an MLP is defined by four parameters: the number of hidden
layers, the number of neurons in each of them, learning rate, and the number of iterations
in a learning process. The parameters must be specified in advance and depending on
their values results of forecasting can differ significantly. There is no rule established for
theoretical configuration choice, so parameters get specified empirically [RAI+ 16].
A network without hidden layers and one output neuron is equal to linear regression,
where the output is a weighted average of inputs. According to the Universal Approximation Theorem one hidden layer is a good approximator in most of the cases when enough
hidden neurons are used [HSW89], however it is widely popular to use more complicated
networks nowadays since technologies make their learning computationally feasible. The
drawback of such systems is the slow training process. We refer to the empirical choice
of the ANN parameters using the validation set of data. While optimizing, we calculate
error measure for all the determined parameter combinations and choose one with the
highest accuracy.
In a time series context, inputs can contain lagged values of a target itself, denoted
in the literature as Neural Neural Autoregressive Models (NNAR) [HA13]. A
strong advantage comparing to benchmark AR models is the lack of the stationarity
assumption about the data. Exogenous features and their lags are also easily included as
a part of the learning process and those ANN are denoted as Neural Autoregressive
Models With Exogenous Inputs (NARX) [HA13].
In summary, ANN are flexible approximation models suitable for a wide range of
tasks including time-series forecasting. The main drawback of the method is a lack of
interpretation possibilities for such complex systems. Another problem is the slow learning process for ANN with large values for the configuration parameters or a significantly
high number of observations.

3.2.2

Random Forests

Random Forests (RF) belong to a family of ensemble machine learning algorithms
and were introduced by Breiman in 2001 [Bre01]. RF are constructed from a combination
of Decision Tree (DT) learners.
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Algorithm 1: Backpropagation algorithm for MLP training
Data: time series for training: k features xt1 , xt2 , . . . , xtk and target value yt for
obsrvations t = 1, . . . , T
Result: trained MLP network
initialize weights in vector w with small random values
repeat
foreach learning exmaple lt : (xt1 , xt2 , . . . , xtk , yt ) do
/* inputs are forward propagated until they reach output
neurons
foreach layer in netwrok do
foreach neuron j in layer do
if input layer then
neuron output = xtj
else
if hidden layer then
caclulate the activation output of the neuron hji
else
calclate the output of the netwrok ŷt
end

*/

end
end
end
/* errors are back propagated until they reach output neurons
*/
compute the ouput error δout = (yt − ŷt )f 0(netout )
foreach neuron j in the hidden layer in direction from H − 1 to input do
nh
X
compute the error δj =
δn wj,n f 0(netj )
n=1

end
foreach weight wnj do
update the value wnj = wij + ηδj xtj
end
end
until terminating condition is satisfied
return trained network with final weights
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Figure 3.4: Example of Decision Tree for numeric data and one split per node
Decision Trees
The DT algorithm is based on a recursive partitioning strategy [ZM12]. We look closely
at the case when the features for learning are numerical because the data set we use has
this property. In each iteration, a feature space gets a split on one predictor into several
subspaces. The root node of a tree contains all features, then it gets a split based on
some feature values, e.g., for continuous variables and binary splits in Figure 3.4. Then
both left and right children get a consecutive split. The process stops if there are no
more nodes to split or a condition for a minimal number of unsplit nodes is reached.
To choose which feature will be used to split and in which way, the DT algorithm
looks at each of the possible splits for each predictor in a node [ZM12]. The scoring
criteria can be different, the most popular in a regression setting is to minimize the
following term
T
1X
Q=
(yt − ŷt )2
T t=1

(3.23)

where y1 , . . . , yT are response values at the particular node and ŷ is a predicted value
of a response variable at point t. Each split creates two child nodes, both having split
criteria QL and QR and sizes nL and nR . Therefore a minimization criteria is applied for
Qsplit = nL QL + nR QR .
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(3.24)

The best possible split for one predictor can be found using sorting of feature values and
taking each split between consecutive non-equal points for the comparison of Qsplit .
When stopping criteria for recursive partitioning are met, the splitting stops. All the
nodes which are not split are called terminal nodes, denoted as Zi in Figure 3.4. They
form a final partition of the feature space. To predict an output for new input values,
they are passed down the tree until a terminal node is reached, ŷ for this node returned
as a result.
The DT algorithm is invariant to different scaling between the input predictors and
robust to redundant variables, providing embedded feature selection. Unessential predictors are highly unlikely to give the best split, hence will not be chosen at any of the
nodes [SG17]. Additionally, the output models from the DT algorithm are easily understood and their results can be interpreted. It is possible for DT to grow larger than
necessary which can lead to overfitting for the training data set. Then the DT can be
“pruned” back to prevent this from happening. Ensembles counteract individual trees’
overfitting, so RF are less likely to experience this issue.
Ensembles of Decision Trees: Random Forests
In economics, RF are proven to be less popular than ANN and Support Vector Machines, however, they are recognized as one of the most powerful and effective machine
learning techniques [FDCBA14]. Random forests were applied for GDP forecasting based
on different data sets in [SG17, NO17, AM15, BD09, KN16] and for stock market forecasting by [KSD16, KT06]. RF are able to deal with both classification and regression
targets, but we will describe in the following section only the second type, suitable for
our problem formulation.
The high accuracy of RF is a result of the use of ensemble of trees, each performing
the prediction of a target variable. The simple average sum from all the outputs is a
result of an ensemble. The ensembles grow with the generation of random vectors Θ
controlling each tree in the ensemble [Bre01]. The randomization can be provided in the
several ways. The bagging method proposed by Breiman in 1996 assumes the random
selection with a replacement of the part of the original training set for each tree [Bre96].
In 1998, Ho introduced the random subspace method, implementing the random selection
of features subset for each tree growing [Ho98].
Following the previously defined notation in Equation 3.11, we have an input matrix
x consisting of k features and vector y of target values for T observations. The RF
is the collection of J DT learners h(x, Θj ), j = 1, . . . , J , where Θj are “independent
identically distributed random vectors” and each tree predicts the value ŷ individually.
The random component Θj of a DT is defined as following: random subspace sampling
of m features from the features set k for each split in the tree and bagging with a random
sampling of L training examples from the training set of the size T for each tree. The
procedure of RF learning consists of the following steps described in Algorithm 2. Since
the DT algorithm is highly sensitive to the change in the data, then the ensemble will
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Algorithm 2: RF Training
Data: time series for training: k features xt1 , xt2 , . . . , xtk and target value yt for
obsrvations t = 1, . . . , T ; number of features to sample m; number of
training examples to sample L
Result: RF trained model
foreach DT h(x, Θj ) where j = 1, . . . , J do
sample data of size L from the training set of size T
/* fill a tree hj using recursive splits
start with all the L sampled points in a single node
repeat
selecl m out of k features at random
find the best split amjng all possible splits for m features
split the node into descendant nodes
use a repeat recursive call for each descendant

*/

until stopping criterion is met
add h(x, Θj ) to ensemble
end
return RF trained Model
consist of fairly diverse models because of the bagging and random subspace selection
techniques involved. This combination is strongly recommended for ensemble methods
if accuracy is the main goal [BBHK10].
The stopping criterion is usually the number of data points in each terminal node or
the maximum number of terminal nodes [ZM12]. Using the trained RF model with J
DT learners, the prediction is formed as following
J
1X
yˆt (hj (x, Θj ))
yˆt =
J j=1

(3.25)

The configuration of RF depends on three parameters that can be tuned for a higher
accuracy achievement: the number of features sampled for each node m, the total of DT
in RF J, and DT size, estimated as the number of terminal nodes or smallest node size
allowed. In most cases, an increase of the J parameter leads to convergence of an error
to a certain value, so it should be not too small, but large numbers will not increase an
accuracy significantly [Bre01]. The parameter to which training gets really sensitive is
m. In many cases, the value of k/3 is picked as a good setup [ZM12]. The advantages
of RF comparing to other methods is a speed of learning with forecasting and only one
or two parameters in configuration.
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Figure 3.5: Example of Support Vectors and Hyperplane for a classification task SVM
training
The averaging among several learners combined with randomization for each DT in
ensemble makes the family of RF algorithms able to approximate wide class of functions
with a promise of convergence [ZM12]. RF are flexible with interaction types between
input and output data, and cope easily with non-linear effects. They also can train in
short time. An embedded feature selection helps to define the importance of predictors.
The limitation of RF algorithm can be in an interpretation of results since a DT can be
quite easily understood, but the interpretation of the entire ensemble is rather complex.

3.2.3

Support Vector Machines

Support Vector Machines (SVM) algorithm was developed by Vapnik [Vap98] in
1995 as to solve classification tasks. Later the algorithm was improved to solve regression
problems. The intuition behind SVM is to use for training not all the data points
available because some of them can be redundant for network learning and only add
the time to this process without accuracy improvement [Fyf00]. The data selected for
the training is called support vectors [AA13]. The idea of SVM is based on mapping
of original training data into a higher dimensional feature space and construction of
optimal separating hyperplane [HPK11]. An example of a geometrical presentation of a
classification task with two classes is given in Figure 3.5. The hyperplane is depicted as a
dotted line and support vectors are the dots on lines lower and higher than a hyperplane.
The example illustrates a dataset which is fully linearly-separable.
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A process of SVM training is equal to finding the solution for quadratic programming
problem with linear constraints, which makes a solution of SVM unique and globally
optimal [AA13]. SVM are quite often used in stock market data forecasting [Fle12, CT03,
PL05] and macroeconomic predictions [GPMC15, GPT+ 13] due to their simplicity and
flexible capabilities. The outstanding results of SVM for time series prediction from a
competition on time series forecasting are reviewed by Crone et al. [CHN11].
As it was described earlier the aim of learning is to find a function f (x) to map k
feature vectors in matrix x to an output vector y in a form of Equation 3.26. We define
for the one training example k features xt1 , xt2 , . . . , xtk as vector xt and target value yt .
f (x, w) =

T
X

wφ(xt ) + b

(3.26)

t=1

where φ(xy ) is a non-linear mapping of a feature set into a higher dimensional space and
w and b are the learning parameters, weights of features and a constant term respectively.
The mapping function φ(x) is intended to make initial data linearly separable in a
feature space. This is realized with the use of Kernel functions avoiding the explicit
computation of a mapping function.
K(xi , xj ) = φ(xi )T φ(xj )

(3.27)

There are four types of well-known kernels used for learning in the literature [AA13]:
• Linear Kernel: K(xi , yj ) = xTi xj .
d

• Polynomial Kernel of order d: K(xi , xj ) = (1 + xTi xj ) .
• Radial Basis Function (RBF) Kernel: K(xi , xj ) = e−λkxi −xj k , λ = 1/2σ2 , where σ
is a bandwidth of K.
• Neural Network Kernel K(xi , xj ) = tanh(axTi xj + b), where a,b are constants.
The goal of the approximation is to minimize the loss function, defined as the aggregate of deviations between the approximated f (x, w) and y. There are several types
of loss functions which include the distance measure: Quadratic, Laplace, Huber, intensive [G+ 98]. The -intensive function was originally proposed by Vapnik for SVM
learning as the one optimal for the data with unknown distribution.
(
0
for |f (x, w) − y| < 
L (y, f (x, w)) =
(3.28)
|f (x, w) − y| − 
otherwise
The function defines a so-called “-tube” (Figure 3.5) and if predicted value lies within
a tube then loss is zero, in other cases it is equal to the magnitude of deviation of a
predicted value from radius  of a tube.
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By Vapnik [Vap98], the minimization problem is defined for an empirical risk term
T
1X
Remp (f ) =
L (yt , f (xt , w)).
T t=1

(3.29)

Then the quadratic programming problem formulation is [AA13]
T

X
1
Minimize J(w, ξ, ξ ) = kwk2 + C
(ξt + ξt∗ )
2
t=1
∗

Subject to

(3.30)

yt − wT φ(xt ) − b ≤  + ξt ∀t = 1, . . . , T
wT φ(xt ) + b − yt ≤  + ξt∗
ξt ≥ 0, ξt∗ ≥ 0
where C is a pre-specified penalty parameter of error, and ξ, ξ ∗ are slack variables for
lower and upper constraints on the system outputs. The slack variables are introduced
to relax the hard margin constraints for not linearly separable data.
The solution of Equation 3.30 found using two sets of Lagrange multipliers α and α∗ ,
satisfying for the support vectors 0 < αt , αt∗ ≤ C, t = 1, . . . , T
T
1 X
∗
∗
(αt1 − αt1
)(αt2 − αt2
)K(xt1 , xt2 )
Maximize = −
2 t1,t2=1

−

T
X

(αt +

αt∗ )

t=1

+

T
X

yt (αt − αt∗ )

(3.31)

t=1

Subject to
T
X
(αt − αt∗ ) = 0
t=1

Then the optimal hyperplane in a feature space by Kuhn-Tucker Theorem is [AA13]
f (x) =

T
X

(αt − αt∗ )K(x, xt ) + b

(3.32)

t=1

A tuning of SVM parameters includes choice of C,  and kernel function with inner parameters (e.g., RBF kernel–λ). The C parameter controls a trade-off between
margin maximization and error minimization. It is known that SVM are very sensitive to the variations in the values for those configuration variables and can give nonplausible predictions in some cases. There is no well-known structured way to make
a choice of parameters beforehand, thus in practice, empirical optimizations are used
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to find a proper combination [CT03].

3.3

Summary

We described the mathematical background for five methods of time series prediction:
ARIMA, MLR, MLP, RF and SVM with RBF kernel belonging to statistical and machine learning families for data forecasting. Two statistical methods, ARIMA and MLR,
we use as a benchmark. In the next chapter, we specify the configurations and their
optimizations for all the models.
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Chapter 4
Experimental Results
Experiments are conducted on the financial and macroeconomic data described in Chapter 2, using the five approaches, covered in Chapter 3. Two methods are classical statistical prediction models and used in our work as a benchmark: Autoregressive
Integrated Moving Average (ARIMA) and Multiple Linear regression
(MLR). Results from benchmarks we compare to the three machine learning strategies:
Multilayer Perceptron (MLP), Random Forests (RF) and Support Vector Machines (SVM). For the implementation of the experiments we used KNIME
Analytics Platform1 [BCD+ 07] and RStudio: Integrated Development Environment for
R [RSt16]. We also describe how we choose the parameters for tuning of each algorithm,
which data-transformation techniques we use and present the results of all experiments
including their discussion.

4.1

Experimental Design Pipeline

The set of all tests can be divided into two large groups based on the type of data selected
for prediction: financial assets’ daily closing price and quarterly GDP index forecasting.
Those two data sets have significant differences between the average length of time series
and in behavioural dynamics and therefore require individual approaches. The setups of
experiments and results will be described separately for each group.
We present in Figure 4.1 the general pipeline describing our approach without going to
further group-connected details. The method built is based on the well-known Knowledge
Discovery in Databases [FPSSU96] process and CRoss Industry Standard Process for
Data Mining [CCK+ 00]. For the steps with model tuning parameters and selection of
features, we split the data into three sets following the Pareto proportion (64:16:20):
train, validation, and test. The training data is always used for algorithm learning and
model statistical parameters estimation. With a validation set, we evaluate the result
of training with RMSE and compare the accuracy of all the models with different hyper
1

https://www.knime.org/
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parameters which we optimize. The same is done with feature selection. After the
optimal configuration for an algorithm is achieved, the model is used for prediction on
test data and final evaluation with SMAPE.
Additionally, for the financial data, we perform the evaluation based on the accuracy
of binary movement prediction. In a long term trading, the numeric forecast for a closing
price is more important for the trader, but for a frequent trading, e.g., with everyday
investment, the main knowledge required is if the price will go up or down in the next
period.

Figure 4.1: General pipeline for forecasting experiments
The experiments for each data group have Stage I and II sequential phases. For
Stage I no external predictors are used and the resulting model has optimized parameters
and feature set. This model is used in Stage II with new variables added to the data set.
Feature selection is performed again to improve the predictions.

4.1.1

Backward Feature Elimination

One of the integral steps of model improvement is feature selection. We use the same
process for each model to make them comparable and it has no modifications based on
data or algorithm selected, therefore we describe it as a common step for all experiments.
Feature selection allows to effectively perform the dimension reduction, if the number of
predictors in model grows too large, like in Stage II with external predictors involved.
The effect of dimension reduction is observed in two aspects: the speed up of the algorithm learning and prediction, and improvement of the final accuracy. Some features,
used in training before the selection, can bring noise to the learning process or even be
distorted in general. The algorithm can achieve a better performance on a test data if
all the non-informative or misleading features are removed [SAHM14].
There are two common techniques for feature selection: Forward Feature Construction and Backward Feature Elimination. In a comparative study on di42

mension reduction techniques by Silipo et al. [SAHM14] the Backward Feature
Elimination was evaluated to be the best method in terms of accuracy and reduction rate values. The authors also mention its slow performance for high dimensional
data sets. However, we choose this method because our data is rather small.
The high accuracy of Backward Feature Elimination technique is explained by
its adjustment to the algorithm being evaluated. Other methods like Low Variance
Filter or Principal Component Analysis are based on the data set statistical characteristics and do not take the model into account. The method of Backward Feature
Elimination can be described as an iterative process in Algorithm 3 [SAHM14].
Algorithm 3: Backward Feature Elimination
Input: training set of n features, the model to train on the data
Result: set of features reslting with highest accuracy
error before the elimination is recorded n
repeat
selected algorithm is trained on n input features
error e0 for training is recorded
foreach feature i = 1 to n do
feature i is removed
algorithm is trained on n − 1 features
error measurement ei for result is recorded
delta for error term is computed ∆i = e0 − ei
end
feature with max(∆) gets eliminated
n gets updated to n − 1
error term for current iteration is recorded n−1
until n is equal to 1
set of features with minimal i is selected
return set of selected features

4.2

Financial Data Forecasting

The first group of experiments includes forecasting for six financial series: DJIA, SSEC,
IBM, MSFT, USEU, USBC described in Chapter 2. Financial series usually have a
dynamic structure with a changing trend behaviour and non-equal frequencies of cycles
which are fairly difficult to measure.
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Financial series have a rather large number of observations which make a learning
process costly in time and memory for very complicated models like SVM and MLP.
Taking these properties into account, we build a process for experiments in a way that
those can be replicated and used in practice.

4.2.1

Experimental Setup

Data Handling
We select 2 for each data set a target series presenting the day closing price at the exchange
market where the asset is traded. The trials for financial data can be divided into two
groups: prediction of next day closing price based on the lagged values of the price itself
and then the price with additional external variables used as features, denoted as Stage I
and II.
The stochastic trend we observe for financial series (Chapter 2, Figure 2.1) is hard
to measure and predict for algorithms we are using. In order to see for which series and
models it holds, we use data transformation to remove the trend. We calculate the first
difference for each series (1D) as a detrending policy: yt − yt−1 . The differenced series
we use as a new variable to forecast and afterwards restore the initial values of a closing
price. The differencing of higher order is also possible, but in most cases, a one-day
change for financial indicators is rather small, so differencing one more time can lead to
data series with all values close to zero. The training performed for both original series
(OS) and differenced series to evaluate the effect of transformation.
In Stage I of experiments we use 10 lags of target series as predictors which are
equal to two trading weeks before the current day because exchange markets operate on
working days only. In Stage II we use the features from Stage I with additional external predictors (Chapter 2, Table 2.2 and Appendix A). We calculate 5 lags of external
predictors and add them to the resulting model from Stage I with Backward Feature
Elimination repetition. To get a final data set we use left outer join of target series to a
feature set and linear interpolation for missing values imputation. A resulting number
of observations in Stages I and II for each train, validation, and test sets after lag calculations is presented in Table 4.1. The preprocessing includes a Min-Max Normalization
of data for learning of MLP and SVM algorithms.
Parameter Tuning for the Algorithms
Choosing the algorithmic parameters is rather expensive in time and computation and do
not give the desired results in many cases. The configuration settings for each algorithm
are described in Chapter 3. Since there is no unified procedure which can theoretically
define the optimal values, we use an empirical search in ranges specified by a trade-off between accuracy and computational time. The list of all parameters and their trial values
2

The steps following the pipeline in Figure 4.1 are italicized
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Code
DJIA
SSEC
IBM
MSFT
USEU
USBC

Stage I
Train Validation
5208
1303
3076
769
8918
2230
5028
1257
4537
1135
1328
333

Test
1628
962
2788
1572
1419
416

Code

Stage II
Train Validation

DJIA
SSEC
MSFT
USBC

2475
2379
2475
1286

619
595
619
322

Test
774
744
774
403

Table 4.1: Financial data train, validation and test sets’ sizes
Algorithm Parameter
Linear spacing
p (AR-order)
ARIMA
d (differencing order)
q (MA-order)
MLR
hidden layers
MLP
hidden neurons
iterations
RF
trees
Logarithmic spacing
C (costs)
SVM
gamma (influence of one training unit)

Start
0
0
0

Values
Stop
10
2
10

Step
1
1
1

1
10
500
100
Start
101
10− 3

3
100
1500
1000
Stop
103
10− 1

1
10
500
100
Number
3
3

Table 4.2: Parameter optimization values for financial data prediction
is given in Table 4.2. The MLR method does not have a parameter to optimize. When
the tuning is finished, the following Backward Feature Elimination is performed.
Together they form the final model used for forecasting.

4.2.2

Prediction and Evaluation

Stage I–Closing Price Lags as Predictors
A final configuration for each algorithm containing the best parameters and the selected
features is described in Table 4.3 and Appendix D, Table D.1. The general trend in
optimization is a unique configuration for each data set, however, some tendencies still
can be detected. We expected no effect of the number of trees included in RF training
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Code
USEU
DJIA
USBC
MSFT
SSEC
IBM

Series
OS
1D
OS
1D
OS
1D
OS
1D
OS
1D
OS
1D

ARIMA
p d q
7

0

8

7

0

9

4

0

5

1

2

3

1

1

10

5

1

5

MLP
n
i
90 1000
20 500
90 1500
90 500
40 1500
90 500
90 1000
10 500
70 1500
70 500
20 1500
100 500

l
3
1
1
1
1
2
1
3
2
1
2
1

RF
t
100
100
100
100
100
100
100
100
100
300
100
100

SVM
C
g
1000 0.001
10 0.001
100 0.001
100 0.001
1000 0.1
100
0.1
100 0.001
1000 0.001
1000 0.01
10 0.001
10
0.01
1000 0.001

Table 4.3: Financial forecasting optimal learning parameters
Series
OS
1D

MLR
3
3

MLP
2
4

RF
0
6

SVM
2
4

Total, %
29,2
70,8

Table 4.4: Summary for financial series transformation winning cases from Table 4.5
on the resulting error which is proved by the empirical data: only 100 models on average
give the same performance as any larger number up to 1000. The effect of detrending
can be seen on the optimal number of iterations needed for MLP training: with the OS
in all the cases MLP has 1000 or 1500 iterations, while for the 1D transformation 500
always gives the best accuracy.
The final feature sets after the feature selection have different structures for all algorithms used. The interesting result we see for MLP, where for many cases the reduction
of feature set does not improve the performance of a network.
The values of SMAPE for each of 5 algorithms and 2 data transformation techniques
for 6 series resulting in 54 trials data presented in Table 4.5 for 12 time series. We
take one ARIMA results calculated with OS data because the detrending technique is
automatically performed as an integrated part of model.

46

47

OS
1D
OS
1D
OS
1D
OS
1D
OS
1D
OS
1D

USEU

0,9610

1,0525

1,0053

2,0165
2,0165

0,6103

0,3892

ARIMA

SMAPE
MLR
MLP
RF
0,3877 0,3919
0,5132
0,3880 0,3880
0,4019
0,6072 17,0395 28,3872
0,6073 0,6073
0,6256
2,0614 5,5230 10,2652
1,9441 1,9551
2,0648
1,0787 1,0916
1,9690
1,0052 2,3706
1,0532
1,0465 1,0514
1,2387
1,0436 1,0355 1,0514
0,9594 0,9878
1,2050
0,9613 1,1077
1,0027
SVM
0,3870
0,3880
0,7190
0,6070
10,1810
2,0073
1,0050
1,0060
1,0477
1,0396
0,9680
0,9600

Accuracy Price Action
ARIMA MLR
MLP
RF
0,4940 0,5046 0,4975
0,5081
0,5011 0,5046 0,4778
0,4988 0,4724 0,4767
0,4846
0,5037 0,5326 0,4840
0,4591 0,4303 0,5000
0,4760
0,5986 0,6266 0,5337
0,5121 0,5006 0,5019
0,5064
0,5045 0,5102 0,5140
0,4906 0,4948 0,4906
0,5094
0,5187 0,5489 0,5198
0,5183 0,4824 0,5029
0,5094
0,4907 0,5104 0,5043

SVM
0,5070
0,4900
0,4800
0,5020
0,4207
0,5649
0,5230
0,5130
0,5270
0,5301
0,4940
0,4950

Table 4.5: Financial series forecasting accuracy results (no external features)

The bold figures for each line indicate the best accuracy given a time series transformation, the coloured cells are to show the
best performance for the financial instrument overall–blue for SMAPE and pink for Movement Accuracy

IBM

SSEC

MSFT

USBC

DJIA

Series

Code

Differencing Effect
To see the effect of 1D calculation we look at the data cut for each country and compare
6 pairs for each of the 4 algorithms (ARIMA excluded) resulting in 24 SMAPE pairs
of values. The total distribution of cases with the best accuracy for each algorithm is
given in Table 4.4. The values show that in 70% of cases the differencing of financial
series leads to a higher precision. This number is supported by the ARIMA suggestion of
non-zero d -parameter in 50% cases (Table 4.3). The only algorithm for which all cases
of better performance are with differenced data is RF. That can be explained by the
mathematical model behind: the split of tree node in RF will be on the last observed
value of data, consequently, the same value will be used for a prediction, while trend
assumes the behaviour of constantly increasing or decreasing values. For MLP and SVM
differencing improved accuracy in 67% cases and for MLR in 50%. Therefore, the step
of data detrending is very important for RF algorithm, and improves accuracy for other
machine learning approaches more often than for statistical methods.
Accuracy Evaluation
Considering the transformation for each financial instrument we have in total 12 different
time series, for which we compare the benchmark accuracy of ARIMA and MLR models
with machine learning performance of RF, MLP and SVM algorithms. The minimal
SMAPE is presented in bold for each series in Table 4.5. In 6 of 12 cases machine
learning algorithms turn out more accurate: the SVM strategy gives the highest values
of SMAPE 5 times, MLP one time, while in 6 other cases the benchmark models were
superior, in 5 trials simple MLR and once for the ARIMA model.
However, a goal of the financial forecasting is to predict the future values for the
closing price, so evaluation should be done combining the transformation of a data step
with algorithm training for each of 6 series. In that scenario for 4 financial assets the
minimal SMAPE is a result of SVM and MLP learning, in 2 other cases MLR gives a
higher accuracy, the best results are marked as blue cells in Table 4.5. We are able to
outperform the benchmark models in approximately two-thirds of cases using the proper
financial series transformation and SVM or MLP models on 10-lagged data with following
Backward Feature Elimination. The most accurate method is SVM with RBF kernel with
C and γ values optimized.
We can also compare the accuracy between different financial assets since we use
SMAPE–a scale-independent error measure. We observe the lowest accuracy for USBC
data–reaching 2,1% error, while for other series it grows only up to 1,1% for the best
model and transformation taken for each algorithm. This result can refer to the smallest
number of observations in the USBC data set. One more reason is the extremely quick
growth of the Bitcoin price in the period which includes the test data.
The graphical presentation of the best prediction results for all series and each algorithm is presented in Figure 4.2. We draw results for 75 observations sampled from data
on every instrument, so the differences between predictions can be visible. The overall
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trend we can see from the graphs is one-day gaps between the actual value and a forecast
when the stochastic trend changes direction. That gap occurs due to lagged structure of
the prediction variables set.
Stage II–External Features as Predictors
We collected a set of 51 features as described in Chapter 2 and Appendix A. Using the
resulting model from Stage I, we perform the Backward Feature Elimination again on the
extended data set to get the resulting set of predictors. For a comparison, we present the
error of prediction with lags only resulted from Stage I. We have a total of 4 time series
with SMAPE II and SMAPE I presented in Table 4.6, meaning with external regressors
and with closing price lags only respectively.
Looking at each algorithm and model performance before and after the addition of
external features, we see, that in exactly 50% of all cases the accuracy was improved when
new regressors were introduced. Furthermore, we detect which series respond better to
the inclusion of chosen predictors better: MSFT and DJIA data get a higher accuracy
for most of the algorithms, while forecast for USBC and SSEC data is improved in only
one case for MLP strategy.
Among the 4 time series, the resulting best model did not change even when the data
set was cut due to smaller number of observations for features. For MSFT and DJIA
the smallest SMAPE is still recorded for the SVM algorithm, only now—with external
regressors involved. The set of 5 features for MSFT prediction contains 5 lagged values
for the China / U.S. Foreign Exchange Rate (DEXCHUS). The set of 10 features for
DJIA prediction contains 5 lagged values for DEXCHUS and 5 lagged values for the
S&P Bombay Stock Exchange Sensitive Index (BSE SENSEX). Best accuracy strategies
did not change for USBC and SSEC data, so addition of new features does not improve
the models from Stage I.
Overall, machine learning algorithms show the same performance comparing to benchmark models as before the inclusion of external features. Depending on the financial
instrument, the selected feature set improves the accuracy of models. The significant
effect we observe for prediction of DJIA with lags for BSE SENSEX and DEXCHUS as
predictors and for MSFT with DEXCHUS lags in a feature set.
Revision of the Efficient Market Hypothesis
Following the discussion of EMH presented in Chapter 2 we investigate the predictive
power of different models on financial data. The errors we have resulting from regression
learning are on average 1% on a scale from 0 to 200 for SMAPE. This shows a rather
high prediction accuracy. However, the idea of next day closing price forecasting for
financial markets is mainly in prediction of a value movement: in many cases, a trading
agent is interested not in an actual value of a price, but only in a sell/buy strategy to
follow. The task we built is surely different from the classification training that would
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(a) DJIA Prediction

(b) SSEC Prediction

(c) IBM Prediction

(d) MSFT Prediction

(e) USEU Prediction

(f) USBC Prediction

Figure 4.2: Historical prices prediction for six financial instruments
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SMAPE I
Accuracy I
SMAPE II
Accuracy II
Series
Features

SMAPE I
Accuracy I
SMAPE II
Accuracy II
Series
Features

SMAPE I
Accuracy I
SMAPE II
Accuracy II
Series
Features

SMAPE I
Accuracy I
SMAPE II
Accuracy II
Series
Features

ARIMA
1,957
0,710

MLR
1,764
0,583
1,907
0,412
1D
10

ARIMA
0,961
0,509

MLR
0,950
0,521
0,945
0,526
1D
5

ARIMA
0,601
0,486

MLR
0,571
0,504
0,569
0,495
1D
192

ARIMA
1,124
0,509

MLR
1,117
0,522
1,154
0,449
1D
10

USBC
MLP
1,967
0,516
1,876
0,486
1D
5
MSFT
MLP
0,958
0,501
0,946
0,517
1D
235
DJIA
MLP
0,574
0,494
0,565
0,526
1D
5
SSEC
MLP
1,109
0,493
1,580
0,562
1D
30

RF
1,842
0,553
2,400
0,417
1D
218

SVM
2,522
0,444
6,347
0,382
1D
10

RF
1,016
0,505
0,975
0,492
1D
226

SVM
0,948
0,536
0,943
0,501
1D
5

RF
0,602
0,487
0,649
0,484
1D
25

SVM
0,566
0,508
0,564
0,528
1D
10

RF
1,145
0,496
3,152
0,435
1D
60

SVM
1,118
0,540
1,329
0,435
1D
10

The bold figures for each instrument indicate the best accuracy comparing results without external features and with
them. The coloured cells are to show the best performance for
the financial instrument overall–blue for SMAPE and pink for
Movement Accuracy

Table 4.6: Financial series forecasting accuracy results
(external features)
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be required for the binary action prediction, however, the results look quite interesting
if we transform the numeric predictions into binary values.
In Tables 4.5 and 4.6 we additionally present the accuracy of a correct price action
prediction, the best result for each financial instrument is in a coloured cell. In Stage I,
the model which had the smallest SMAPE is not always the same as with the highest
matching. For series IBM, SSEC and MSFT the model stays the most accurate considering both measures. For USEU, USBC, and DJIA the most promising accuracy for
action prediction is given by not the best regression model. In Stage II experiments
with external features, the best accuracy is achieved for MSFT, DJIA and SSEC with
machine learning algorithms using external regressors and matches the best model by
SMAPE as well.
The distribution of machine learning and statistical methods which were chosen as
the most accurate stays the same–machine learning outperforms in two-thirds of cases,
with the best results achieved with MLP. The benchmark accuracy for action prediction
is a random guess, giving a 50% chance of correctness. Our results show the possibility
to improve over the benchmark precision with statistical and machine learning methods
to 71%. This significant improvement we observe for USBC data, where the regression
error is the largest among all the data sets. Both outcomes can be explained with one
circumstance: the rising trend for the closing price with increasing slope. The direction
of the price movement has a prevalence in growing, which holds for all training, validation
and test data, so the matching accuracy is the highest for USBC instrument. From a
trading perspective, this result makes the USBC a perfect candidate for investment in a
short term. In a long term financing, it is necessary for a trader to dive into nuances of
the cryptocurrencies exchange market.
On average, small values, around 5% improvement over the benchmark accuracy,
state as support arguments for EMH. When we talk about financial instruments traded
in large volumes the market is semi-efficient and quite unpredictable. However, the
accuracy of price action forecasting on the next day is still improved with usage of
machine learning techniques.

4.3

GDP Data Forecasting

The second large set of experiments includes forecasting of GDP data from six countries:
AUS, USA, ITA, GER, IND, RUS. The detail description of data sets is given in Chapter 2. The main feature of all macroeconomic series is their short length varying in our
case from 50 to 229 observations. We compare the accuracy results from financial group
forecasts to investigate if machine learning algorithms can outperform the benchmark
models if a number of observations is small. Moreover, there is a strong trend behaviour
almost always observed for macro series, since they are mostly directly proportional to
population estimates.
The experiments are separated into two parts as in previously described setup. In
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Stage I we take time series with its lagged observations only and build optimized models
for prediction. In Stage II we add external variables to the data set for two countries
and examine their forecasting power.

4.3.1

Experimental Setup

Data Handling
A set of experiments for GDP data is slightly different than for financial series, because
the computational time for training is lowered by the reduced number of observations,
which allows for the extension of some steps in a general pipeline in Figure 4.1.
The selected series for each country includes quarterly Real GDP Index in prices of
2010. We compare three different examples of time series transformation techniques for
GDP data to examine how the presence of trend affects the accuracy of each algorithm.
Thus, four data sets are generated for each country: Original Series (OS), Polynomial
De-trended Data (DT), First Difference Calculation (1D), Second Difference Calculation
(2D). For the ARIMA model the transformation of series is included into its differencing
parameter, so no removal of trend is needed in advance. For other algorithms and models,
the learning and prediction is done with four series variations: OS, 1D, 2D, DT. The
equations for each transformation we describe in Section 3.1.1–Equations 3.1-3.3.
For the training, we calculate the lags for already detrended or initial series OS, DT,
1D, 2D and perform the prediction for those series as well. To return the original scale
we restore the initial data series using procedure reverse to detrending step and calculate
the SMAPE for those series.
We assume that DT technique is quite unstable, because not every time series can
be described as a polynomial behaviour of trend, in many cases it is stochastic. Thus
the accuracy of the trend fitting can be both very low and high, but will still affect the
total precision significantly.
The number of lags, used in a Stage I as features, is 8. We consider this value,
because it captures the quarterly patterns for two years and covers 24 months described
by Mobasheri [Ard17] as a period, where recession is going to take place almost in
close to 100% cases. It is also connected to the fact that central banks react to the
events in a country with a certain delay, from 9 to 24 months, to be sure in a choice
of economic policy. For the experiments at Stage II we calculate 4 lags for external
predictors used together with selected features from Stage I and model which showed
the best performance. A number of observations after lags calculation given the split for
training, validation, test data and the polynomial order of fitted trend for each country
series are given in Table 4.7.
Since two of algorithms MLP and SVM require normalization at preprocessing step
we perform Min-Max Normalization on a prepared data set and then denormalize data
during the restoration step.
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Country
AUS
USA
ITA
GER
IND
RU

Train
140
140
86
114
47
25

Country
AUS
USA

Train
96
102

Stage I
Validation Test
35
44
35
44
22
27
29
36
12
15
7
8
Stage II
Validation
24
26

Polynomial trend order
4
3
2
1
3
1
Test
30
32

Table 4.7: GDP data train, validation and test sets’ sizes
Parameter Tuning for the Algorithms
The model optimization includes the same steps as for financial data: choice of best
parameters for each algorithm and feature selection for the tuned model. There are
two exceptions where one of those steps is omitted: ARIMA method does not include
a feature selection step in a classical methodology [BJRL15], because the optimization
is already performed in a parameter choice step, in MLR there are no tuning variables
cause of model simplicity. A process of Backward Feature Elimination is described in
Section 4.1. Since time series for economic data are shorter than financial ones, we
extended the ranges for tuning of several parameters to achieve better accuracy. The
full list of optimization settings for each learning technique is given in Table 4.8.

4.3.2

Prediction and Evaluation

Stage I–GDP Value Lags as Predictors
The resulting model for each series consists of optimized parameters for algorithms in
Table 4.9 and selected features in Appendix D, Table D.2. The conclusion derived
from financial data set results about no effect of increase in a number of trees in RF
is supported by the resulting parameters. Considering MLP, we again see a decrease
in iterations required for training after at least one of the transformation strategies,
most likely the one which makes the series stationary. The behaviour of SVM optimal
parameters also has a correlation with a detrending technique–the values of C decrease
in most cases when transformation is applied. Results of Backward Feature Elimination
show the similar tendency of MLP models to use the full feature set as an optimal model.
The full Table 4.11 contains accuracy measure SMAPE calculated for 6 countries, 4
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Algorithm Parameter
Linear spacing
p (AR-order)
ARIMA
d (differencing order)
q (MA-order)
MLR
hidden layers
MLP
hidden neurons
iterations
RF
trees
Logarithmic spacing
C (costs)
SVM
gamma (influence of one training unit)

Start
0
0
0

Values
Stop
8
2
8

Step
1
1
1

1
10
500
100
Start
10−2
10−9

3
100
3000
1000
Stop
106
103

1
10
500
100
Number
9
13

Table 4.8: Parameter optimization values for GDP prediction
detrending techniques for each and 5 algorithms applied for prediction summing up as
102 experiments for 24 distinct time series.
Detrending Effect
We compare results of prediction for 3 types of transformation techniques: polynomial
trend removal, first and second differencing with initial data for each family of algorithms
applied. In total, we have 24 comparison sets. The number of times when certain
presentation of data is giving the best prediction accuracy is given in Table 4.10. Overall,
in around 92% of experiments, the transformation is helping to get the higher precision.
For machine learning algorithms this number is close to 100%. The best strategies to
use are 1D and 2D, in total taking up to 88% of all the best results. For most of the
countries, the choice between 1D and 2D depends on a particular trend behaviour. For
example, 1D transformation gives the most accurate forecast for all the models with
USA and GER as initial data, 2D—with ITA and IND. As expected DT has the lowest
impact, in only one case SVM model built on DT data has the highest predictive power.
Looking at the models, MLR has performed better in two-thirds of cases when
detrending was used. Machine learning strategies in 100% experiments have a lower
SMAPE, if proper transformation was applied, so the step with detrending is even more
important for macroeconomic data than for financial series, where the mentioned rate is
70%.
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Country

AUS

USA

ITA

GER

IND

RUS

Series
OS
DT
1D
2D
OS
DT
1D
2D
OS
DT
1D
2D
OS
DT
1D
2D
OS
DT
1D
2D
OS
DT
1D
2D

ARIMA
p d q

6

2

6

7

2

7

3

0

1

7

0

8

3

2

8

8

2

8

l
2
2
1
1
2
2
1
1
3
2
2
1
1
1
1
1
3
1
1
2
3
1
1
3

MLP
n
i
30 2500
30 1000
90 500
30 500
100 2000
50 3000
70 500
100 1000
10 2500
20 1000
90 500
10 2000
90 3000
70 500
70 500
30 1000
70 1500
80 3000
60 3000
10 500
60 3000
30 3000
90 500
50 1500

RF
t
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100

SVM
C
g
5
10
10−4
106 0,001
1
1
6
10
10−5
105 10−4
100 0,01
10
0,1
100 0,01
106 0,001
105 10−4
1000 0,01
0,1
1
5
10
10−4
1000 0.01
0.1
1.0
1000 0.001
106 10−5
1000 0.001
0.1
1.0
6
10
10−6
106 10−5
106 10−4
1.0
100
1.0
10

Table 4.9: GDP forecasting optimal learning parameters
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Series
OS
DT
1D
2D

MLR
2
0
2
2

MLP
0
0
4
2

RF
0
0
3
3

SVM
0
1
2
3

Total, %
8,3
4,2
45,8
41,7

Table 4.10: Summary for GDP series transformation winning cases from Table 4.11
Accuracy Evaluation
In total, we have 24 time-series for which SMAPE is given in Table 4.11. The smallest
error distinguished with bold font for each line or a block of lines. The benchmark model
is selected in 21 outcomes out of 24. In 3 other cases, SVM are more accurate.
Considering the country-based cut, for AUS, USA, IND, and RUS we observe the
absolute leader among all cases of models and transformations–ARIMA model. SVM
outperforms other methods for GER and ITA. Summing it up, the machine learning
algorithms underperform the benchmark models in two-thirds of the cases (marked with
blue colour in Table 4.11) for macroeconomic time series data with the four lagged
series, used as features. The best model among them is SVM with RBF kernel learned on
detrended initial quarterly GDP data with optimized parameters C and γ and Backward
Feature Elimination.
Overall, machine learning algorithms perform worse for macroeconomic data than
for financial series possibly due to lack of observations for sufficient training or omitted
variables. A comparison of SMAPE between the countries does not give any information
which can be interpreted as a causality between observations number and error increase.
The graphical presentation of result with the best transformation for all series and
each algorithm is given in Figure 4.3. Taking the example of RUS we observe that
machine learning algorithms tend to predict some peaks, which we do not have in real
data. This can be explained by the periods covered by training and test data. There are
two crisis periods in the data: one connected with the World Financial Crisis covering
the years 2008–2009 and one after the Crimea crisis starting in 2014 and still going on.
The declining slope of GDP values in the train set is steeper than for the test data, so
we detect larger drops for predictions.
AUS and IND series have low volatility and therefore all the predictions look quite
similar. The ITA, USA and GER initial test sets are highly variable, we observe the
greatest number of peaks and jumps with MLP forecasts. Graphically ARIMA models
have the most smooth predictions replicating the original GDP series.
Summing it up, GDP index forecasting based on lagged features is a case when
machine learning algorithms can seldom improve the accuracy of statistical benchmark
methods. The crisis periods seem to be the cornerstone of macroeconomic forecasting,
the features derived from past values cannot properly predict the unexpected drops in the
future. There is always one-step lag observed between a forecast and original observation,
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Country

Series

AUS

OS
DT
1D
2D
OS
DT
1D
2D
OS
DT
1D
2D
OS
DT
1D
2D
OS
DT
1D
2D
OS
DT
1D
2D

USA

ITA

GER

IND

RUS

ARIMA

0,329

0,414

0,275
0,275
0,680
0,680

0,218

0,126

SMAPE
MLR MLP
0,342 9,428
1,079 48,003
0,433 0,476
0,384 0,497
0,437 5,318
1,975 43,474
0,424 0,547
0,479 0,557
0,346 1,138
1,698 38,874
0,395 0,726
0,262 0,500
0,611 2,935
0,632 32,172
0,594 0,659
0,811 0,734
0,469 6,716
1,019 49,324
0,753 0,858
0,344 0,681
0,331 1,475
1,082 32,357
0,549 0,323
0,343 0,636

RF
45,832
4,538
0,407
0,475
33,985
11,163
0,425
0,535
0,735
10,338
0,425
0,344
12,727
1,902
0,561
0,695
33,970
1,753
0,678
0,455
4,750
5,450
0,655
0,325

SVM
0,434
5,218
0,438
0,409
0,462
10,273
0,428
0,492
0,313
1,918
0,395
0,257
0,553
0,642
0,525
0,774
0,393
0,865
0,629
0,348
0,525
0,257
0,917
0,452

The bold figures for each line or a union of lines indicate the best accuracy
given a time series transformation, the blue cells are to show the best
performance for the country overall

Table 4.11: GDP forecasting accuracy results (no external features)
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which affects the prediction results strongly during the actual crisis years.
Stage II–External Variables as Predictors
AUS
SMAPE I
SMAPE II
Series
Features
USA
SMAPE I
SMAPE II
Series
Features

ARIMA
0,296

ARIMA
0,337

MLR
0,330
0,329
OS
6
MLR
0,361
0,431
1D
5

MLP
0,350
0,292
1D
3
MLP
0,691
0,309
1D
3

RF
0,384
0,288
1D
20
RF
0,362
0,303
1D
27

SVM
0,332
0,450
2D
5
SVM
0,334
0,329
1D
9

The bold figures for each country indicate the best accuracy
comparing results without external features and with them. The
blue cells are to show the best performance for the country
overall

Table 4.12: GDP forecasting accuracy results (external
features)
We perform the evaluation of prediction models, using the two data sets of features
collected for AUS and USA series (Appendices C, B), containing 21 and 51 variables
accordingly. In Table 4.12 we present two measures for SMAPE I and II denoting the
Stages of experiments. We mark with a bold font cases when the error was minimal,
before or after the inclusion of new variables. The best model for both countries is
highlighted with a colour.
Opposite to the results with financial data, in 6 out of 8 cases the accuracy significantly improved after the addition of new features. This indicates a higher sensitivity of
GDP data towards other macroeconomic and financial indicators. The list of all features
giving the best performing model for each algorithm and both data sets we present in
Appendix D, Table D.3.
When using only the lagged values for GDP, none of the algorithms are better than
benchmark ARIMA model. Addition of new variables makes it possible to beat the
benchmark models for machine learning still considering the limited length of data sets.
In a new setting, RF algorithm shows the best result in both cases of AUS and USA
data.
The final feature set for AUS includes 20 series: Interest Rates of 4 types of shortterm and long-term securities, M1 Money Stock and Total Industry Production with
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(a) AUS Prediction

(b) USA Prediction

(c) GER Prediction

(d) ITA Prediction

(e) IND Prediction

(f) RUS Prediction

Figure 4.3: Historical prices prediction for six countries
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their lagged values. For the USA data, the resulting set has 27 variables includes mostly
macroeconomic series like Money Velocity, Personal Income, DJIA, Weighted U.S. dollar
Index and others listed in Appendix D, Table D.3.
The use of external regressors for GDP Index forecasting increases the accuracy of
all models. The resulting errors are significantly lower than for benchmark performance,
which makes machine learning algorithms highly competitive with statistical models even
on smaller data sets.
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Chapter 5
Conclusion and Future Work
This work provides a theoretical review and comparison of the statistical and machine
learning models on the examples of time series economic data. The experiments conducted in a research include forecasting of next day closing price for 6 financial instruments and forecasting of next quarter GDP Index for 6 countries. Models for prediction
include ARIMA and MLR benchmark approaches and RF, MLP, and SVM algorithms.
The results of the work can be summarized into answers to the questions posed in Chapter 1.
• What measures can be used to compare and evaluate models in time series forecasting?
For the optimization of model parameters, feature selection and other tasks including prediction comparison for single series any scale-dependent error measure can
be used. The most popular estimators from this group are RMSE, MAE (see Section 2.3.1). For the evaluation of models based on several data sets with different
domain unit-free errors show more accurate results, the most common are MAPE
and SMAPE(see Section 2.3.2).
• Can machine learning algorithms improve the accuracy over the benchmark models
for financial data prediction?
With the use of lagged series of the closing price as predictors, machine learning
algorithms outperform the benchmark statistical methods in two-thirds of the experiments. The highest accuracy among those is achieved by the SVM learning,
the MLP algorithm is at the second place (see Section 4.2.2).
The inclusion of external regressors has an effect on the precision only in half
of the experiments. The influence is strongly dependent on the target variable,
which indicates the limited applicability of selected features set. The distribution
of winning models among machine learning and benchmark approaches did not
change after new variables were introduced (see Section 4.2.2).
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• Is there evidence to accept or decline the Efficient Market Hypothesis?
After the transformation of regression results into a binary classifier of price movement prediction, we have a result in 5% average increase of accuracy comparing
to a random guess benchmark which theoretically provides a 50% accuracy. These
can serve as strong evidence for EMH, stating that in a short term in efficient
and semi-efficient markets the use of technical analysis and other regressors from
historical data does not lead to superior trading.
An exception showing the 71% accuracy in forecasting is the exchange rate between U.S. Dollar and Bitcoin predicted with ARIMA model. That result can be
explained by the growing popularity of the cryptocurrencies leading to the strong
upwards trend and small variability of price movement (see Section 4.2.2).
• Can machine learning algorithms improve the accuracy over the benchmark models
for macroeconomic data prediction?
As opposed to results on the financial data, for the GDP forecasting on its past
values, benchmark ARIMA model takes a leading position in the forecast accuracy.
In two-thirds of the cases, machine learning algorithms underperform the statistical
models in accuracy. The leading algorithm among machine learning group is the
SVM (see Section 4.3.2).
The situation changes greatly when the feature set is extended with new variables.
The accuracy of machine learning models shows improvement for 75% of the experiments (see Section 4.3.2). Furthermore, new predictors make it possible for
the RF model beat the benchmark models and other machine learning algorithms.
The selected variables contain important country macroeconomic and financial indicators.
• What types of processing of time series data sets make it possible for machine
learning algorithms and outperform benchmark models?
There are two main steps, which we determine as factors for successful machine
learning for economic time series. The first step is the proper data transformation
before the training step. Results of the experiments show a strong improvement
of accuracy for machine learning algorithms after detrending of the data in 67%
of cases for financial series and in 100% of cases for GDP data (see Sections 4.3.2
and 4.2.2).
The second important factor is a properly defined and collected set of predictors.
We observe a rising precision of prediction for both GDP data sets when external
regressors are included, however, it still depends on the series used as a target.
• What are the principal advantages and drawbacks to the use of machine learning
techniques and tools for economic data?
The main advantage of machine learning algorithms is in their ability to capture
the non-linear relationships between a target variable and a set of predictors. This
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leads to a higher accuracy of the forecast in a proper setting, which is a goal of
each experiment.
The drawbacks may include a long time for training and optimization depending
on the algorithm used, in our case for SVM and MLP. Another disadvantage can
be in the rather complex interpretation of the final estimated parameters for the
model.
• What is a suggested approach for accurate prediction of the economic data with
machine learning algorithms?
We suggest the unified approach for time series prediction that consist of the steps
described in a pipeline in Figure 4.1. The most important steps towards the accuracy improvement are detrending, optimization of algorithms’ parameters and
feature selection.
In summary, the set of conducted experiments shows the ability of machine learning
algorithms to make better predictions for economic time series with the use of a suitable
feature set, careful data preprocessing, and optimization on each training step. The
prediction of a change direction for financial instruments in efficient markets is still a
challenging task even with highly accurate results from a regression prediction. For the
GDP Index, the use of macroeconomic and financial historical data as variables with RF
performed the best among evaluated experiments for the forecast.

5.1

Future Work

The research can be extended in the different directions: concerning the data used for
the experiments and the models applied for the forecasting.

5.1.1

Data Oriented Extensions

One of the possible ideas for a future work is the collection of a diversity of feature sets
used as predictors, collected not only from the economic area but also from political
data, news and other areas related to economics. With high-speed servers, the training
of machine learning algorithms would be able to handle thousands of features used as
predictors, which can lead to unknown discoveries.
Some patterns that exist for a time series possibly can only be recognized for data
with frequencies distinct from the ones used in this paper. In financial forecasting,
traders often use every second or even smaller interval for high-frequency trading, while
for long term investments weekly and monthly values are more important.
The investigation of the performance of machine learning techniques for a long term
period forecasting can be explored as a part of future work. The results can significantly
differ due to the ability of algorithms to predict changing trend behaviour.
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5.1.2

Model Oriented Extensions

The trials with ensembles of different models based on diverse families of algorithms
boosted for a final result would be one more interesting thing to evaluate for forecasting
accuracy.
Finally, for a short term prediction of financial closing price binary change classification models can be used. There is a large number of machine learning algorithms
specified for this task particularly, which may result in a better accuracy for a price
movement prediction in efficient markets.
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Appendix A
Financial Data: Features Table
N

Feature

Abbreviation

Description or corresponding formula

Stock exchange market indices (24)
1

Dow Jones Industrial
Average

DJIA

30 major industrial companies traded
at NYSE and NASDAQ

2

NYSE Composite

NYA

Covers all common stocks listed on the
NYSE (∼2000)

3

NYSE Arca Tech 100
Index

NYTE

Common stocks of technology-related
companies from NYSE and NASDAQ

4

NASDAQ Composite

NDX

Covers all common stocks listed on the
NASDAQ

5

NASDAQ 100

IXIC

Covers top 100 of the largest nonfinancial companies stocks listed on the
NASDAQ

6

The Financial Times
Stock Exchange 100
Index

FTSE

100 companies listed on the London
Stock Exchange with the highest market capitalization

7

The Nikkei 225

N225

225 companies listed on the Tokyo
Stock Exchange

8

The Shanghai Stock
Exchange Composite
Index

SSEC

Covers all common stocks listed on the
Shanghai Stock Exchange

9

The Hang Seng Index

HSI

50 constituent companies of the Hong
Kong Stock Exchange
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10

The Euronext 100 Index

N100

Comprises the largest and most liquid
stocks traded on Euronext exchange

11

The Shenzhen Stock
Exchange Component
Index

SZSE

500 stocks that are traded at the Shenzhen Stock Exchange

12

The DAX (Deutscher
Aktienindex )

GDAXI

30 major German companies trading on
the Frankfurt Stock Exchange

13

The S&P BSE SENSEX (S&P Bombay
Stock Exchange Sensitive Index)

BSE SENSEX

30 well-established and financially
sound companies listed on Bombay
Stock Exchange

14

National Stock Exchange of India Index

NIFTY 50

Stock market index for Indian equity
market covering 50 major companies

15

The Swiss Market Index

SMI

20 of the largest and most liquid Swiss
Performance Index large- and mid-cap
stocks

16

Australian Securities
Exchange Index

ATOI

100 Australian major stocks listed by
Standard & Poor’s

17

Korea
Composite
Stock Price Index

KOSPI

All common stocks (∼760) traded on
the Korea Stock Exchange based on
market capitalization

18

The OMX Nordic 40

OMXN40

40 most-traded stock classes of shares
from the four stock markets operated
by the OMX Group in the Nordic countries

19

FTSE/JSE Africa Index

FTSE JSE TOP
200

200 major companies traded at Johannesburg Stock Exchange

20

Spanish Exchange Index

IBEX 35

35 most liquid Spanish stocks traded in
the Madrid Stock Exchange

21

Taiwan Capitalization
Weighted Stock Index

TWII

Companies traded on the Taiwan Stock
Exchange

22

Sao Paulo Stock Exchange Index

IBRX

100 most traded equities at BOVESPA

23

The S&P/TSX Composite Index

GSPTSE

Index, representing 70% of the total
market capitalization on the Toronto
Stock Exchange (∼250 stocks)
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24

The EURO STOXX
50

STOXX50E

50 largest and the most liquid Eurozone
stocks

Foreign exchange market currency pairs (10)
25

Trade Weighted U.S.
dollar Index

DTWEXM

A weighted average of the foreign exchange value of the U.S. dollar against
a subset of the broad index currencies

26

U.S. / Euro Foreign
Exchange Rate

DEXUSEU

Noon buying rates in New York City for
cable transfers payable in foreign currencies

27

Japan / U.S. Foreign
Exchange Rate

DEXJPUS

28

China / U.S. Foreign
Exchange Rate

DEXCHUS

29

Canada / U.S. Foreign
Exchange Rate

DEXCAUS

30

U.S. / U.K. Foreign
Exchange Rate

DEXUSUK

31

U.S. / Australia Foreign Exchange Rate

DEXUSAL

32

Switzerland / U.S.
Foreign
Exchange
Rate

DEXSZUS

33

Sweden / U.S. Foreign
Exchange Rate

DEXSDUS

34

Hong Kong / U.S. Foreign Exchange Rate

DEXHKUS

Contracts on commodities trading (10)
35

Gold Fixing Price

GOLD

10:30 A.M. (London time) price in London Bullion Market, based in U.S. dollars

36

Silver Fixing Price

SILVER

10:30 A.M. (London time) price in London Bullion Market, based in Euros

37

Henry Hub Natural
Gas Spot Price

DHHNGSP

Official daily closing prices at 2:30 p.m.
from the trading floor of the New York
Mercantile Exchange
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38

Crude Oil Prices:
West Texas Intermediate

DCOILWTICO

39

Crude Oil Prices:
Brent - Europe

DCOILBRENTEU

40

Soybean Futures

CME-S1

41

Wheat Futures

CME-W1

42

Corn Features

CME-C1

43

Coffee C Futures

ICE-KC1

44

Sugar No. 11 Futures

ICE-SB1

Daily spot closing price for oil futures

Non-adjusted price based on spotmonth continuous contract calculation

Technical Analysis Indicators of a Current Prediction Variable X (6)
45

Moving Average 12
Days

MA(X) Short

Simple moving average with more
weight given to the latest data

46

Moving Average 26
Days

MA(X) Long

47

Moving average convergence divergence

MACDX

MA(X) Long - MA(X) Short

48

On-Balance Volume

OBV(X)

Current OBV = Previous OBV ? today’s volume ?: + if price change >0,
- if price change <0, no operation if
change = 0

49

Accumulation / Distribution Line

ADL(X)

(Close*2-Low-High)/(HighLow)*Volume

50

Relative Strength Index

RSI(X)

RSI = 100 - 100 / (1 + RS)RS = Average gain of up periods during the specified time frame / Average loss of down
periods during the specified time frame

Investment Rate Indicator (1)
51

BofA Merrill Lynch
US High Yield Total
Return Index Value

BAMLHY

Tracks the performance of US dollar
denominated below investment grade
rated corporate debt publically issued
in the US domestic market
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Appendix B
USA GDP: Features Table
N

Feature

Abbreviation

Description

Interest rates and spreads (10)
Series is calculated as the spread between 10/1/5-Year Treasury Constant
Maturity and Effective Federal Funds
Rate

1

10-Year
Treasury
Constant
Maturity
Minus Federal Funds
Rate

T10YFFM

2

1-Year Treasury Constant Maturity Minus
Federal Funds Rate

T1YFFM

3

5-Year Treasury Constant Maturity Minus
Federal Funds Rate

T5YFFM

4

Moody’s
Seasoned
Aaa Corporate Bond
Yield

AAA

An investment bond that acts as an
index of the performance of all bonds
given an Aaa rating by Moody’s Investors Service

5

Moody’s
Seasoned
Baa Corporate Bond
Yield

BAA

An investment bond that acts as an
index of the performance of all bonds
given an Baa rating by Moody’s Investors Service

6

Effective
Funds Rate

FEDFUNDS

The federal funds rate is the interest
rate at which depository institutions
trade federal funds (balances held at
Federal Reserve Banks) with each other
overnight

Federal

72

7

Long-Term Government Bond Yields:
10-year: Main

IRLTLT01US

Long-term interest rate to government
bonds maturing in ten years

8

1-Year Treasury Bill:
Secondary
Market
Rate

TB1YR

9

3-Month
Treasury
Bill:
Secondary
Market Rate

TB3MS

A Treasury bill (T-Bill) is a short-term
debt obligation backed by the U.S. government with a maturity of less than
one year.

10

6-Month
Treasury
Bill:
Secondary
Market Rate

TB6MS

Financial variables (13)
11

Monetary Base, Total

BOGMBASE

Total balances maintained plus currency in circulation.

12

Cash Assets, All Commercial Banks

CASACB

Percent Change at Annual Rate at Assets

13

Commercial and Industrial Loans, All
Commercial Banks

CILACBQ

Percent Change at Annual Rate at
Loans

14

Dow Jones Industrial
Average

DJIA

Quarterly average of Dow Jones Index

15

Trade Weighted U.S.
Dollar Index: Major
Currencies

DTWEXM

A weighted average of the foreign exchange value of the U.S. dollar against
a subset of the broad index currencies

16

M1 Money Stock

M1SL

M1 includes funds that are readily accessible for spending

17

Velocity of M1 Money
Stock

M1V

Calculated as the ratio of quarterly
nominal GDP to the quarterly average
of M1 money stock

18

M2 Money Stock

M2SL

M2 includes a broader set of financial
assets held principally by households

19

Velocity of M2 Money
Stock

M2V

Calculated as the ratio of quarterly
nominal GDP to the quarterly average
of M2 money stock
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20

M3 Money Stock

MABMM3

Includes M2 as well as large time
deposits, institutional money market
funds, short-term repurchase agreements and other larger liquid assets

21

MZM Money Stock

MZMSL

M2 less small-denomination time deposits plus institutional money funds.

22

Velocity of
Money Stock

MZMV

Calculated as the ratio of quarterly
nominal GDP to the quarterly average
of MZM money stock

23

S&P 500

SP500

Quarterly average of S&P 500 Index inflation adjusted

MZM

Macroeconomic indicators (24)
24

Consumer Price Index
for All Urban Consumers: All Items

CPIAUCSL

25

Total Credit to Private
Non-Financial
Sector

CRDQUSAPABIS Credit is provided by domestic banks,
all other sectors of the economy and
non-residents

26

S&P/Case-Shiller
U.S. National Home
Price Index

CSUSHPISA

Measures of U.S. residential real estate
prices, tracking changes in the value
of residential real estate, Index Jan
2000=100

27

Real Exports of Goods
and Services

EXPGSC1

Export measure, Billions of Chained
2009 Dollars, Seasonally Adjusted Annual Rate

28

Gross
Saving

GGSAVE

How much the government is saving

29

Gross Private Saving

GPSAVE

How much all the people who reside
within an economy are saving

30

Housing Starts

HOUST

Total: New Privately Owned Housing
Units Started

31

4-Week Moving Average of Initial Claims

IC4WSA

Unemployment Insurance Weekly
Claims Report, Moving Average

32

Initial Claims

ICSA

Unemployment Insurance
Claims Report, Inital Data

Government

All Items is a measure of the average
monthly change in the price for goods
and services paid by urban consumers
between any two time periods
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Weekly

33

Real imports of goods
and services

IMPGSC1

Import measure, Billions of Chained
2009 Dollars, Seasonally Adjusted Annual Rate

34

Industrial Production
Index

INDPRO

Measures real output for all facilities located in the United States manufacturing, mining, and electric, and gas utilities

35

Moving 12-Month Total Vehicle Miles Traveled

M12MTVUSM

Appended the recent monthly figures
from the FHAŐs Traffic Volume Trends
to their Historic Monthly Vehicle Miles
Traveled

36

Mortgage Debt Outstanding by Type of
Holder:
Individuals
and Other Holders

MDOTHIOH

A debt created by a mortgage and secured by the mortgaged property

37

Nonfinancial
rate business

corpo-

NCBLFA

Net lending (+) or borrowing (-) (financial account), Flow

38

All Employees: Total
Nonfarm Payrolls

PAYEMS

A measure of the number of U.S. workers in the economy that excludes proprietors, private household employees,
unpaid volunteers, farm employees, and
the unincorporated self-employed

39

Real Personal Consumption
Expenditures

PCECC96

Actual expenditures and expenditures
that are attributed to households

40

New Private Housing
Units Authorized by
Building Permits

PERMIT

An increase in the universe of permitissuing places from 19,000 to 20,000
places

41

Personal Income

PINCOME

The income that persons receive in return for their provision of labor, land,
and capital used in current production
and the net current transfer payments
that they receive from business and
from government

42

Total
Credit
to
Non-Financial Corporations

QUSNAM

Credit is provided by domestic banks,
all other sectors of the economy and
non-residents

75

Sequence of accounts that relate production, income and spending, capital
formation, financial transactions, and
asset revaluations to changes in net
worth between balance sheets for the
major sectors of the U.S. economy

43

Rest of the world; foreign direct investment
in U.S., Flow

ROWFDI

44

Rest of the world; foreign direct investment
in U.S., Level

ROWFDN

45

University of Michigan: Consumer Sentiment

UMCSENT

Consumer confidence index calculated
with results of a telephone survey

46

Civilian Unemployment Rate

UNRATE

The number of unemployed as a percentage of the labor force

47

Vault Cash, Surplus

VAULTSUR

Vault cash eligible to satisfy reserve requirements that’s held by institutions
not exempt from reserve requirements

Other indicators (4)
48

The global component
of Climate at a Glance

GCAG

Annual mean temperature anomalies
in degrees Celsius from 1880 to the
present

49

Motor Vehicle Retail
Sales: Heavy Weight
Trucks

HTRUCKSSAAR

Heavy trucks are trucks with more than
14,000 pounds gross vehicle weight

50

Median Sales Price for
New Houses Sold

MSPNHSUS

Monthly median price, mean-grouped

51

Spot Crude Oil Price:
West Texas Intermediate

WTISPLC

History of the monthly West Texas Intermediate oil price series
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Appendix C
AUS GDP: Features Table
N

Feature

Abbreviation

Description

Interest rates and spreads (4)
1

Long-Term Government
Bond Yields: 10-year:
Main

IRLTLT01AU

Long-term interest rate to government
bonds maturing in ten years

2

Interest Rates, Government Securities, Government Bonds

INTGSBAU

Total interest-rate value

3

3-Month or 90-day Rates
and Yields: Interbank
Rates

IR3TIB01AU

Short-term interest rate

4

3-Month or 90-day Rates
and Yields: Bank Bills

IR3TBB01AU

Short-term interest rate

Financial variables (4)
5

National Currency to
USD Exchange Rate:
Average of Daily Rates

CCUSMA02AU Noon buying rates in New York City
for cable transfers payable

6

M1 Money Stock

MYAGM1AU

M1 comprises notes and coins held by
the public and demand deposits of the
private nonbank sector in banks

7

M3 Money Stock

MYAGM3AU

Includes M2 as well as large time
deposits, institutional money market
funds, short-term repurchase agreements and other larger liquid assets
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8

Change in Stocks in
Australia

AUSCINSQD

Stocks change in national currency

Macroeconomic indicators (8)
9

Consumer Price Index of
All Items

AUSCPIALL

Average monthly change in the price
for goods and services
Credit is provided by domestic banks,
all other sectors of the economy and
non-residents

10

Total Credit to Private
Non-Financial Sector

QAUPA

11

Total Credit to NonFinancial Corporations

CRDQAU

12

Imports of Goods and
Services

NAEXCP07AU

Imports of goods in USD

13

Exports of Goods and
Services

NAEXCP06AU

Exports of goods in USD

14

Production of Total Industry

AUSPROIND

Idustrial Production Total

15

Total Reserves excluding
Gold

TRESEGAU

Conutry Reserves in USD

16

Harmonized Unemployment Rate: Total: All
Persons

LRHUTTTTAU The number of unemployed as a percentage of the labor force

Other indicators (5)
17

The global component of
Climate at a Glance

GCAG

Annual mean temperature anomalies
in degrees Celsius from 1880 to the
present

18

Passenger Car Registrations

AUSSACR

Any car registration inside the country

19

Spot Crude Oil Price:
West Texas Intermediate

WTISPLC

History of the monthly West Texas Intermediate oil price series

20

Permits
Issued
for
Dwelling in Australia

AUSPERMIT

New dwellings permits

21

Dwellings and Residential Buildings Permits
Issued for Construction

ODCNPI03AU

An increase in the universe of permitissuing places from 19,000 to 20,000
places
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Appendix D
Backward Feature Elimination
Results
Code
USEU

USEU

DJIA

DJIA

USBC

USBC

MSFT

Series

MLR

MLP

OS

(-1),(-3),(-4),(-8),(-10)

(-1):(-4),(-9),(-10)

1D

(-3),(-4),(-7),(-10)

(-2):(-10)

RF

SVM

OS

(-1)

(-1),(-4),(-7),(-8),(-10)

1D

(-1):(-8),(-10)

(-3),(-4),(-7),(-10)

MLR

MLP

OS

(-1),(-3),(-5),(-7):(-10)

(-1):(-10)

1D

(-1),(-2),(-5):(-10)

(-2),(-9),(-10)

RF

SVM

OS

(-1)

(-1),(-3),(-8)

1D

(-1),(-3),(-4),(-7):(-10)

(-1),(-2),(-5),(-7)

MLR

MLP

OS

(-1),(-4):(-9)

(-1),(-4),(-7),(-9)

1D

(-1),(-2),(-4),(-6),(-8),(-10)

(-1),(-2),(-4)

RF

SVM

OS

(-1),(-2),(-6),(-8)

(-1):(-3),(-5):(-7),(-9),(-10)

1D

(-1):(-4),(-6),(-7),(-9),(-10)

(-1):(-9)

MLR

MLP

(-1),(-3)

(-1):(-10)

OS
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1D
MSFT

SSEC

SSEC

IBM

IBM

(-1),(-2),(-6),(-7)

(-1),(-2),(-4),(-5),(-7):(-10)

RF

SVM

OS

(-1)

(-1):(-3),(-7):(-9)

1D

(-1),(-2),(-4):(-7),(-9),(-10)

(-1),(-2),(-4):(-7),(-9)

MLR

MLP

OS

(-1),(-3),(-4),(-7):(-9)

(-1):(-6),(-8):(-10)

1D

(-3),(-7),(-8),(-10)

(-2):(-10)

RF

SVM

OS

(-1),(-2),(-6),(-8)

(-1):(-4),(-8),(-10)

1D

(-1):(-6),(-9),(-10)

(-2),(-3),(-6),(-7),(-10)

MLR

MLP

OS

(-1),(-4),(-5),(-7),(-8),(-10)

(-1):(-10)

1D

(-5),(-6),(-9)

(-1),(-3):(-7),(-9),(-10)

RF

SVM

OS

(-1),(-2),(-4),(-6)

(-1),(-2)

1D

(-2),(-4):(-8),(-10)

(-9),(-10)

Table D.1: Financial forecasting features resulted from Backward Feature Elimination
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RUS

IND

GER

ITA

USA

AUS

(-1),(-4)

(-1):(-4),(-6),(-8)

(-2),(-3),(-5),(-6)

(-2),(-5)

(-3),(-6),(-7)

(-3):(-5),(-7),(-8)

1D

2D

OS

DT

1D

2D

(-2),(-4),(-7)

2D

(-1),(-3),(-8)

(-1):(-4),(-7)

1D

DT

(-1),(-2),(-4),(-5),(-8)

DT

(-1),(-4)

(-1),(-2),(-4),(-5)

OS

OS

(-2):(-5),(-8)

2D

(-1):(-5)

(-1):(-4),(-8)

1D

2D

(-3):(-7)

DT

(-2):(-4),(-7),(-8)

(-3):(-5)

OS

1D

(-1):(-8)

2D

(-1),(-3),(-6)

(-1),(-2),(-5):(-7)

1D

DT

(-1)

DT

(-1),(-3),(-5)

(-1),(-3),(-5),(-6),(-8)

OS

OS

MLR

Series

(-1):(-7)

(-1)

(-1),(-3),(-6):(-8)

(-1):(-7)

(-2)

(-2),(-4)

(-1)

(-1):(-8)

(-1):(-8)

(-1),(-3),(-4),(-7),(-8)

(-1),(-5)

(-1),(-3):(-8)

(-1),(-2),(-4),(-5),(-7)

(-1):(-8)

(-1):(-8)

(-1):(-8)

(-1):(-8)

(-1):(-8)

(-1):(-8)

(-1):(-8)

(-1),(-4),(-8)

(-1),(-3),(-5):(-7)

(-1)

(-1):(-8)

MLP

(-2),(-4),(-5),(-7),(-8)

(-1),(-2),(-8)

(-1)

(-1)

(-1),(-2),(-8)

(-1),(-2),(-5)

(-1)

(-1)

(-1),(-2),(-4),(-5),(-8)

(-2),(-3),(-4),(-5)

(-1),(-2),(-5),(-6)

(-2):(-6)

(-3):(-5),(-7)

(-2)

(-1)

(-1)

(-1),(-5),(-6),(-8)

(-1):(-4)

(-1)

(-1):(-8)

(-1),(-2),(-4),(-7)

(-2),(-5):(-7)

(-1),(-3)

(-1):(-8)

RF

(-5),(-6),(-8)

(-1),(-2),(-5),(-6),(-8)

(-1),(-3),(-5):(-8)

(-1):(-3),(-6),(-8)

(-1):(-3),(-7)

(-1):(-3),(-5):(-8)

(-1):(-4),(-7)

(-1),(-3):(-8)

(-1):(-3)

(-1),(-2),(-4),(-7),(-8)

(-1),(-5)

(-1),(-5)

(-2),(-4)

(-1),(-3):(-5),(-7)

(-1),(-2),(-4),(-8)

(-1):(-5),(-6)

(-1):(-5),(-8)

(-1):(-4),(-7),(-8)

(-1):(-8)

(-1),(-3):(-8)

(-1):(-4),(-7),(-8)

(-1):(-3),(-5),(-7)

(-1),(-5),(-6)

(-1),(-3),(-5),(-6),(-8)

SVM

Table D.2: GDP forecasting features resulted from Backward Feature Elimination (Stage I)

Country

MLP
INTGSBAU(-1):(-4)

INTGSBAU(-4)

INTGSBAU(-3)

AUS
MLR
IRLTLT01AU(-3)
IRLTLT01AU(-1):(-4)

SVM

INTGSBAU(-3)
AUSSACR(-2)

IRLTLT01AU(-3)

RF

INTGSBAU(-4)
IR3TBB01AU(-3)

IRLTLT01AU(-4)

AUS GDP 1D(-3)

IR3TBB01AU(-4)

IRLTLT01AU(-3)
IRLTLT01AU(-4)

MYAGM1AU(-1)

QUSNAM(-4)

SVM

AUSPROIND(-1):(-4)
IR3TIB01AU(-3)
IR3TIB01AU(-4)
USA

QUSNAM(-3)

RF

MYAGM1AU(-1)

NCBLFA(-2)

MYAGM1AU(-1):(-4)

MLP
INDPRO(-1)

AUS GDP(-1)

MLR
PCECC96(-4)

TB6MS(-2)

VAULTSUR(-2)
MABMM3(-3)

M2V(-1)

NCBLFA(-3)
M1V(-1)

PINCOME(-1):(-4)

NCBLFA(-3)

CSUSHPISA(-2)

M1V(-2)

MSPNHSUS(-2)

PERMIT(-3)

INDPRO(-2)

M1V(-3)

M12MTVUSM(-2)

PERMIT(-4)

INDPRO(-4)

CRDQUSAPABIS(-4)

M12MTVUSM(-4)

USA GDP 1D(-8)

VAULTSUR(-3)

DTWEXM(-2)

EXPGSC1(-4)

GPSAVE(-3)

UMCSENT(-1)

BOGMBASE(-2)

DJIA(-3)

ROWFDI(-1)

BOGMBASE(-4)

INDPRO(-3)

GPSAVE(-3)

ROWFDI(-3)

USA GDP 1D(-8)

M1SL(-4)
T10YFFM(-2)

HOUST(-2)

Table D.3: GDP forecasting features resulted from Backward Feature Elimination (Stage II)
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