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The purpose of the thesis is to identify the association of the financial ratios with stock returns
in the Finnish market from 2014 to 2018. It studies the literature related to financial ratios in
financial performance prediction, and machine learning in the context of stock market
prediction is covered. Additionally, the objective is to build machine learning models for stock
return prediction using a bunch of financial ratios as inputs in the model.
The raw data is gathered from Nasdaq Helsinki, cleaned, and manipulated in excel before
switching to the python programming language. In the quantitative section, the dataset is
divided into training and test sets using a stratified sampling method. The exploratory data
analysis discovered due to correlation analysis that feature scaling and data standardization is
appropriate to apply on model building pipeline. Furthermore, eight established machine
learning algorithms are applied and fine-tuned using hyperparameter optimization to estimate
the feature importance scores of the financial ratios, and the performance of the models is
assessed using root mean square error and cross-validation.
The results indicate that the profitability ratios and market value ratios seem to have the
strongest association with stock returns. Moreover, the Return on Assets and Dividend Yield
ratios have the highest and positive association with the stock returns in the Finnish stock
market. The results of the model prediction accuracy suggest that the accuracy differences
among the models are marginal. However, it seems that the tree-based machine learning
models are slightly performing better than the linear models.
Overall, this thesis shows the suitability of the machine learning methods to assess the financial
ratios' association with the stock returns on the Finnish market. The results presenting the
useful financial ratios support the findings from the literature. However, the thesis
demonstrates that the models are not unanimous in their predictions. Even so, the study
succeeds in deciphering the financial ratios in which to pay closer attention in investing.
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Tutkimuksessa käsitellään taloudellisten tunnuslukujen ja osaketuoton välistä yhteyttä
Helsingin pörssiyhtiöissä vuosina 2014–2018 käyttämällä koneoppimisen malleja.
Tutkimuksessa selvitetään kirjallisuutta koskien taloudellisten tunnuslukujen käyttöä
taloudellisissa ennusteissa. Lisäksi kirjallisuudessa perehdytään koneoppimiseen ja sen
käyttöön osakemarkkinoiden ennustamisessa. Tämän ohella työn tarkoituksena on rakentaa
toimivia koneoppimisen ennustemalleja osaketuoton määrittämiseen käyttäen ainoastaan
taloudellisia tunnuslukuja datana.
Työssä käytetty aineisto on hankittu Helsingin pörssin nettisivuilta ja tunnusluvut on laskettu
tilinpäätöksistä sekä puhdistettu excelissä, jonka jälkeen mallinnus on tehty python
ohjelmointikielellä. Kvantitatiivisessa osiossa aineisto on jaettu opetus- ja testausjoukkoon
käyttäen ositettua otantaa sekä aineiston standardioinnin tarvetta on selvitetty
korrelaatioanalyysin avulla osana eksploratiivistä aineistoanalyysiä. Lisäksi kahdeksan
vakiintunutta koneoppimisen algoritmia on hyperparametrisesti optimoiden käytetty
mallintamaan tunnuslukujen ja osaketuottojen välistä yhteyttä. Mallien suoriutumista on
mitattu keskineliövirheen neliöjuurella ja ristiinvalidoinnilla.
Tulokset esittävät kannattavuuden -ja pörssitunnuslukujen olevan voimakkaimmin yhteydessä
osaketuottoihin. Tarkemmin sanoen koko pääoman tuottoasteella ja osinkotuotolla on
voimakkain ja positiivinen yhteys osaketuottoon Helsingin pörssiyhtiöillä vuosien 2014 ja 2018
välillä. Koneoppimisen mallien suoriutumisessa ei löytynyt merkittäviä tarkkuuseroja, mutta
päätöspuuperusteiset koneoppimisen mallit näyttäisivät suorituvan hivenen lineaarisia malleja
paremmin.
Yhteenvetona Pro-gradu tutkielma esittää koneoppimisen mallien sopivuuden taloudellisten
tunnuslukujen ja osaketuoton välisen suhteen mallintamiseen. Vaikka mallien haastena on
saavuttaa tarkat osaketuottoennusteet, tutkielma onnistuu osoittamaan taloudelliset
tunnusluvut, joihin on suositeltavaa paneutua sijoittaessa suomalaisiin listayhtiöihin.
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1. INTRODUCTION
Financial markets are the mainstay of the world’s economy providing liquidity and protection
against a multitude of risks associated with financing and investing. For an investor, the success
measured financially is determined by the quantity and quality of the available financial market
data. Owing to its significance, the topic of financial predicting produces a large amount of
research across many overlapping fields of science, including artificial intelligence’s growing
use in finance.

Recently, a promising area of research is focused more on artificial intelligence techniques that
can process non-linearity and randomness. Improvements in technology and computer science
have popularized the implementations of soft computing for a wider audience, accelerating
the growth of the research under the field of machine learning. Research in financial market
prediction is done by applying several machine learning algorithms, including gradient
boosting, support vector machine, and random forests to predict prices, returns, directions,
and volatility of stock indices, stocks, and commodities (Henrique et al., 2019).

Investors aim to maximize their wealth by investing in the company stocks since they provide
the most significant potential for long-term gains based on the risk-return tradeoff. Since
investing in equity is riskier, it also has the potential to yield higher rewards. Typically, the
profitable investment opportunities are found by analyzing the total stock returns, among
other financial signals which measure the investment’s real growth over time. For instance,
Anwaar (2016) believes that the company’s financial information determines the evaluation of
investment opportunities for investors. The company information is divided into internal and
external information based on its source (Emamgholipour et al., 2013). As the names imply,
the external information is assessed from the stock market, while the internal information
occurs in financial statements. Hence, investors can rely on that information in investment
decision-making to assess stock returns over time.

The literature of the prior financial research contains much debate about the effectiveness of
the financial ratios usage in forecasting stock returns. Prior studies have been conducted for
several decades, and still, there is no consensus in which of the ratios seem to have the
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strongest association with stock returns. For instance, Barnes (1987) argues that financial
ratios are often used in a predictive manner. He also states that they are relevant indicators of
a company's financial and business performance and can help predict a company's future
performance. Mutually, the stock returns are foreseeable, according to Lewellen (2004), who
found evidence that the dividend yield ratio has a robust predicting power of stock returns.

Similarly, the study of Delen et al. (2013) found that the most important financial ratio
predicting firm performance is the net profit margin. They utilized decision tree algorithms to
asses the linkage between financial ratios and company performance. Equally, the results of
Musallam’s (2018) study adds debate because he found that earnings per share and two yield
ratios of dividend yield and earnings yield have a robust association with stock returns.

Earlier studies covering the association of returns and ratios have centered in the abroad
markets and are similarly researched in various countries (see, for example, Lewellen, 2004;
Musallam, 2018; Anwaar, 2016), not in the Finnish market though. Therefore, extended
research covering also Finland is required to see if the Finnish market differs. This thesis
endeavors to assess the association between financial ratios and stock returns of companies
listed on Nasdaq Helsinki.

Evaluating stock returns of Finnish companies using machine learning algorithms, along with
financial ratios, has yet to be studied. Additionally, the literature is not unanimous in which
financial ratios have a strong association with stock returns. Predicting the performance of a
company is a demanding task undoubtedly and even harder when applying only a batch of
financial ratios. However, it is a high demand for decision-makers, including equity analysts,
creditors, portfolio managers, and investors, to identify a suitable batch of ratios to make
decent predictions. Hence, there is a demand for deciphering the proper financial ratios to
determine stock performance in the Finnish stock market.
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1.1 Purpose of the Study
The thesis’s purpose is to focus on the association of the financial ratios with stock returns in
the Finnish market from 2014 to 2018. This thesis aims to explore the association of the
financial ratios with the stock returns on the Finnish stock market to understand the
connection between them better. Quantitative methods will be used to identify the financial
ratios that have a high association with stock returns. Moreover, several machine learning
models are built to predict the stock returns using the batch of financial ratios that the
literature has proposed to have a significant association with the firm performance.

This study contributes to the previous literature by providing evidence from the Finnish stock
market that the author's knowledge is not yet studied in measuring the association of the
financial ratios with stock returns. Secondly, this study is unique in a sense that this approach
utilizes supervised machine learning’s subfield of regression analysis, while previous machine
learning-based studies have treated the problem from the classification analysis point of view
(see, e.g., Delen et al., 2013; Tsai et al., 2011; Wang et al., 2009). In consequence, the
prediction accuracy results that the models provide in this study are unique. However, the
identification of the highly associating financial ratios is comparable among the previous
literature.

The motivation for this study comes from the experience in evaluating the performance of a
company. Since the company performance forecasting is an essential part of the analyst’s job,
it would be valuable to know which financial ratios have the highest association with stock
returns. As a result, the stock returns' estimation would be approached using the financial
ratios that have been proved to have the highest association with returns. Additionally, it is an
exciting challenge to build a functioning stock return prediction models from different families
of machine learning algorithms and compare the model accuracy between linear and
intelligent algorithms together. The interest for this subject arises from the fact that artificial
intelligence is excitably spreading like wildfire in the field of finance and will soon sort the
wheat from the chaff in the tight competition among companies operating in the same
segment.
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1.2 Research Question
The thesis aims to produce generalization about the association of relevant financial ratios in
stock return prediction by answering the following research question and sub-questions. The
main research question of the thesis is stated as:

RQ: “What association do financial ratios have with the stock returns on the Finnish stock
market from 2014 to 2018?”

Furthermore, the following sub-questions are formed to answer whether some particular
financial ratios have a higher association with the stock returns than the others. To determine
that association, the prediction performance of eight machine learning models are compared
with each other and to the simple baseline model.

SQ1: Which financial ratios have the strongest association with the stock return?
SQ2: What prediction accuracy differences do the applied Machine Learning models have?

The main research question is partially covered in the literature review to clarify the proper set
of financial ratios to apply in the modeling in which the association of proper financial ratios is
measured. The sub-questions are formed to help to answer the main question. To answer
these questions, the financial statements of the Finnish listed companies was the source to
turn to.

The batch of 86 companies is accepted based on the quality of the data from all publicly listed
companies in Nasdaq Helsinki. If the company data included missing data, it was dropped out
from the dataset. In total, eight machine learning models are built, trained, tuned, and tested
to measure the association. The performance of the models is measured and compared with
each other to see the accuracy differences.
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1.3 Positioning and Focus of the Study
This thesis merges concepts from corporate finance and artificial intelligence while keeping a
practical approach to the topic. Figure 1 visualizes the theoretical framework of the thesis
which divides into the main research themes, the main theoretical cores, and the research
questions that guide the thesis.

The theoretical core of the thesis covers the topics of ratio analysis from the fundamental
analysis and regression analysis from the subfield of supervised machine learning. As can be
seen, financial ratios and machine learning are the core topics of the thesis. While the
theoretical framework presents a comprehensive representation of the thesis topic, there are
some limitations that have been taken into consideration.

Research Themes

Finnish Listed
Companies

Financial Ratios &
Stock Returns

Information Fusionbased Sensitivity
Analysis

Machine Learning
Algorithms

Theoretical Core

Research
Questions

What association do financial
ratios have with the stock
returns on the Finnish stock
market from 2014 to 2018?”

Corporate Finance

Artificial Intelligence

Financial Analysis

Machine Learning

Which financial ratios have
the strongest association with
the stock return?

Fundamental Analysis

Supervised Learning

What prediction accuracy
differences do the applied
Machine Learning models
have?

Ratio Analysis

Regression Analysis

F IGURE 1. THEORETICAL FRAMEWORK

While the thesis’ focus is on the association of the financial ratios with stock returns, the
financial performance area of activity ratios is dropped from the study. The batch of financial
ratios used is from the other four areas of short-term solvency, financial leverage, profitability,
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and market value (Ross et al., 2002). Furthermore, the study covers only 14 ratios even though
there are substantially more ratios to choose from. The financial statements covering years of
2014 to 2018 are obtained from Nasdaq Nordic (2019), and the companies that do not provide
data from the whole time period are dropped from the study. Similarly, the sector of Financials
is dropped because the ratios are not equivalent to ratios of other sectors.

1.4 Structure of the Study
In chapter 1 the motivation of the study is presented by explaining the aim, objective, purpose,
positioning, focus, and contribution of the thesis. It will also introduce the theoretical
framework of the study and explain the limitations the study has. The second chapter provides
a literature review focusing on the research of the financial ratios in financial performance and
stock return predictions. Additionally, the introduction of machine learning and machine
learning in the context of stock market prediction is covered.

Chapter 3 introduces the research methodology applied and followed in the experimental
modeling. The research workflow and different stages of model building are covered. This
includes the discussion of the data and software used in modeling. Furthermore, the key
concepts, tools, and techniques to build models are discussed including dataset preparation
techniques, model selection, and evaluation techniques, concepts of different machine
learning models, and the concept of feature importance.

In chapter 4 results are documented and interpreted. First, the correlation analysis is reported
to gain a more in-depth understanding of the dataset. Then, the various prediction results in
different stages of final model building are presented. Finally, the feature importance scores
are presented and analyses using a sensitivity analysis technique to rank the financial ratios’
influences on returns. Lastly, chapter 5 discusses and concludes the thesis by reiterating the
research questions and summarizing the major findings by answering with statements of the
results to the research questions.
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2. LITERATURE REVIEW
The concepts of the relation between stock returns and financial ratios, profitability ratios as
signals of firm performance and returns, and prediction methods of statistical and machine
learning techniques are central to this study. A literature review tries to decipher which
financial ratios are discovered to have a robust association with stock returns, whether it is
approached by using statistical methods or machine learning methods. Furthermore, the data
and methodologies used in previous research are discussed.

2.1 Financial Ratios in Financial Performance Prediction
Accounting methods are probably the most common way to assess company performance and
to provide essential internal information about the enterprise value and market capitalization
of a company. Accounting methods and their application are extensively applied for years
worldwide, particularly on predicting firms' future performance. Moreover, they can be used
as instruments to predict stock market returns (Lewellen, 2004), especially the firms'
profitability. Furthermore, the financial ratios are widely used in assessing a company's
creditworthiness.

The extensive use of the financial ratios can be perceived in a simple literature search, for
instance, by using keywords of "financial ratios" and "firm performance". There are hundreds
of published papers on the topics of relationship between the profitability of the firm and
financial ratios, and the relationship between financial ratios and financial distress, failures,
and bankruptcies. The search was narrowed to mainly include the papers covering the
association of the financial ratios with the performance of a company. These studies are often
segregated from others by the specific methodologies and datasets applied. The various
combinations of financial ratios are employed as independent variables as well as the
employed different statistical or machine learning-based techniques have varied.

The financial theory suggests that financial ratios can produce following insight from the
financial performance of a company by rearranging information from the financial statements
(Ross et al., 2002): the profitability and the value of the firm, the ability to allocate cash flow in
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investments, short-term solvency, and the scale of debt financing. Moreover, financial ratios
are employed for future performance prediction tasks. For example, they are employed as
explanatory variables in predictive modeling to forecast financial distress, failures, and
bankruptcies (Sun et al., 2011; Zieba et al., 2016; Kim & Upneja, 2014). Similarly, financial ratios
are utilized for modeling relationships between financial ratios and stock returns by using a
more or less individual set of financial variables or employing unique methods of statistical or
machine learning techniques (Anwaar, 2016; Chairakwattana & Nathaphan, 2014; Chen &
Shen, 2009; Delen et al., 2013; Emamgholipour et al., 2013; Fama & French, 1988; Kheradyar
et al., 2011; Lewellen, 2004; Mussallam, 2018; Öztürk & Karabulut, 2018; Pech et al., 2015;
Petcharabul & Romprasert, 2014). Though most of these published papers are successful in
modeling the relationship between financial ratios and the firm's profitability, they lack on
defining the features that are relevant to assess firm performance. Some of the prior related
research on the topic of the relationship between financial ratios and stock returns are
presented in Table 1.

T ABLE 1. PRIOR RESEARCH ON THE RELATIONSHIP BETWEEN RATIOS AND RETURNS
Author(s)

Market

Data

Anwaar (2016)
Chairakwattana &
Nathaphan (2014)

London

FTSE-100

Thailand

394 comp.

Chen & Shen (2009)

USA

483 obs.

Delen et al. (2013)
Emamgholipour et al.
(2013)

Turkey

2345 obs.

Iran

80 comp.

Fama & French (1988)

USA

NYSE

Kheradyar et al. (2011)

Malaysia 960 comp.

Lewellen (2004)

USA

NYSE

Mussallam (2018)
Öztürk & Karabulut
(2018)

Qatar

26 comp.

Turkey

14 comp.

Pech et al. (2015)
Petcharabul &
Romprasert (2014)

Mexico

29 comp.

Thailand

22 comp.

Years
20052014
20012011
19612001
20052011
20062010
19411986
20002009
19462000
20092015
20082016
19952011
19972011

Method
Panel regression
Bayesian model
averaging
Four Markov
switching model
Decision trees;
CHAID, C5.0,
QUEST and C&RT
Multiple
regression models

Profitability ratios predicting returns
Positive; Net margin & ROA,
negative; EPS
book to market value ratio
PE & PD
Earnings Before Tax-to-Equity Ratio
and Profit Margin
Positive; EPS, Negative; PE & market
to book

WLS

DY

GLS

Positive; EY, DY & BM
DY, Book-to-Market, earnings-price
ratio

OLS
WLS & OLS
Two-way fixed
effects models
Panel regression

EPS, EY & DY enhance returns
earnings to price ratio & profit
margin
EPS, PE, firm value to EBITDA, DY,
sales growth

OLS

ROE and PE ratio
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However, there are massive variations in the selected financial ratios, calculation methods, and
several financial ratios utilized in previous research, as Delen et al. (2013) express. For instance,
they used thirty-one financial ratios to measure firm performance using machine learning
algorithm called decision tree, while Ma et al. (2018) examined twenty-five financial ratios,
Wang et al. (2009) selected fifty financial ratios, Musallam (2018) used nine financial ratios,
Petcharabul & Romprasert (2014) used five financial ratios, Anwaar's (2016) used five financial
ratios, Kheradyar et al. (2011), Emamgholipour et al. (2013) and Öztürk & Karabulut (2018)
used three financial ratios.

However, many research studies published in reputable journals also included economic
variables in support of financial ratios. For instance, Chen & Shen (2009) used six economic and
financial variables, Chairakwattana & Nathaphan (2014) used eight financial and economic
variables, Tsai et al. (2011) used twelve economic indicators and nineteen financial ratios.
There is no mutual agreement in the literature with the appropriate number of variables to
sufficiently estimate the company's performance. The equity analysts' recommendation
reports studied by Pech et al. (2015) argue that the most used financial ratio groups to assess
firm performance are profitability, margins, and leverage, and the most used five ratios are
earnings per share, price to earnings, firm value to EBITDA, dividend yield and sales growth.
Though these ratios are extensively utilized in practice, there is much variation in the research
field.

For instance, Delen et al. (2013) used profitability ratios, liquidity ratios, solvency ratios,
turnover ratios or asset utilization, growth ratios, and asset structure ratios. They used seven
profitability ratios: net profit margin, return on assets, return on equity, EBITDA margin,
earnings before tax-to-equity ratio, gross profit margin, and operating expense-to-net sales
ratio. Ma et al. (2018) examined the financial ratio groups of profitability, liquidity, operating
capacity, development ability, and solvency & risk. Six profitability ratios are earnings per share,
return on assets, net profit rate, return on equity, book value per share, and gross profit rate.
Musallam (2018) included dividends earnings ratio, dividend yield ratio, earnings per share,
price to earnings ratio, earnings yield ratio, return on equity, net profit margin, market to book
value ratio, and return on assets. Chairakwattana & Nathaphan (2014) used only financial
variables of earnings yield, book-to-market, and dividend yield, and Petcharabul & Romprasert
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(2014) used return on equity, inventory turnover, price to earnings ratio, debt to equity ratio,
and current ratio. Net margin, return on equity, quick ratio, return on assets, and earnings per
share are used in Anwaar's (2016) research.

Chen & Shen (2009) used economic and financial variables, price to dividend ratio, yield spread,
and price to earnings ratio, namely the three leading indicators of the U.S. business cycle
predicting stock returns. The profitability ratios of Tsai et al. (2011) used in their study were
return on equity, return on assets, net assets per stock, and EBIT. According to the research of
Kheradyar et al. (2011), book-to-market ratio, earnings yield, and dividend yield have found to
have an impact on returns. Wang et al. (2009) forecast the trend of future earnings per share
changes, including following six profitability ratios of the net margin, gross margin, return on
total assets, equity to fixed assets, return on closing equity, and return on opening equity.
Emamgholipour et al. (2013) selected the ratios of market value to book value of equity, price
to earnings, and earnings per share to estimate the firm performance. Finally, Öztürk &
Karabulut (2018) used net margin, earnings to price, and current ratio to measure the relation
with stock returns.

The results of Fama & French (1988) confirm that dividend yield can predict stock returns. They
also suggest that it is better to use operating earnings over net income because of its noisiness.
Lewellen (2004) finds evidence that the earnings-price ratio, book-to-market, and dividend
yield can be used in stock return forecasting. Delen et al. (2013) find that the net margin and
EBT-to-equity ratio are the essential ratios predicting company performance measured in ROE
and ROA. Musallam (2018) found a positive and robust association between stock returns and
dividend yield, earnings yield, and earnings per share. Book to market ratio was found to be an
essential variable in stock return prediction in Chairakwattana & Nathaphan's (2014) study.
The study of Petcharabul & Romprasert (2014) found two meaningful results. First, the price
to equity and return on equity was found to have a significant association at the 95%
confidence level with returns. Second, there is no relation between inventory turnover, debtto-equity, and current ratio with returns. Pech et al. (2015) argue that sales growth has
predictive power on 1-year stock returns. A similar claim was made on the more usual ratios
of dividend yield, price to earnings, firm value to EBITDA, and earnings per share. The negative
association with returns was found to have with earning per share in Anwaar's (2016) study.
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Furthermore, Anwaar (2016) found a positive association from the ratios of the return on
assets and net margin with returns. Chen & Shen (2009) found the price to earnings and
dividends to be associated with stock returns. According to Kheradyar et al. (2011), the bookto-market ratio has a strong predictive ability compared to earnings yield and dividend yield.
They also argue that the ratios combined improve stock return forecasting because each ratio
is unique but complementary. Emamgholipour et al. (2013) found that earnings per share have
a robust association with a stock return in the present year. However, the ratios of market
value to book value and price to earnings have a negative relationship in the present and future
year with returns. Stocks with higher profit margins and earnings to price ratio have a positive
impact on returns and generally produce higher returns also for the subsequent prediction
horizon (Öztürk & Karabulut, 2018). Kim & Upneja (2014) find that low debt-to-equity ratio and
high growth ratios in income and assets reduce the probability of distress and failure, but no
significant reference to profitability ratios. Sun et al. (2011), Wang et al. (2009), and Tsai et al.
(2011) do not provide a ranking for the importance of the financial ratios.

Earlier studies have provided an extensive range of financial ratios used in stock return
prediction, as seen before, which might be explained by the data and diverse methodologies
scholars have used. Also, different economies studied can explain that variation. As Ma et al.
(2018) pointed out, a transition from one economic administration system to the next one as
in a few countries in East Asia, where efficient market hypothesis does not instantaneously
integrate into the financial information, the fundamental analysis-based predictions can be
effectively implemented. However, various financial markets from developing economies to
developed economies, and periods are covered.

For instance, Anwaar (2016) researched the companies listed on the FTSE-100 Index, in LSE
from 2005 to 2014. Two studies from Turkey were selected. Delen et al. (2013) used public
stocks listed on the Borsa Istanbul from 2005 to 2011, while Öztürk & Karabulut (2018) used a
dataset of 14 companies and 448 observations from the ICT sector listed in the Borsa Istanbul
from 2008 to 2016. Zieba et al. (2016) used the EMIS database covering Polish companies for
the period of 2000–2013. Additionally, a few studies covered the North American stock market.
For instance, Fama & French (1988) used NYSE returns from 1941 to 1986. Similarly, the NYSE
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index data from 1946 to 2000 was used by Lewellen (2004). Restaurants and food services
industries in North America from 1988 to 2010 were selected by Kim & Upneja (2014) as a
dataset. Chen & Shen (2009) researched U.S. bear stock markets from 1961 to 2001. Pech et
al. (2015) used 29 Mexican firm data during 1995-2011.

A significant portion of relevant studies was found to be conducted in Asian countries and
mainly clustered in China. For instance, Ma et al. (2018) used 60 listed firms from 2011 to 2015.
The initial sample consist of a total of 692 Chinese companies listed in both Shenzhen and
Shanghai exchanges from 2000 to 2008 was the dataset of Sun et al. (2011). Wang et al. (2009)
also used data from the Shenzhen and Shanghai exchanges from 1996 to 2005 totaling 3181
observations. Furthermore, the Taiwanese electronics sector market data from 2002 to 2006
were used by Tsai et al. (2011), focusing on the quarterly returns. Several studies were
researched in Southeast Asia and the Middle East as well. For instance, Musallam (2018)
examined market returns of 26 Qatari listed companies from 2009 to 2015. Emamgholipour et
al. (2013) had selected 80 listed firms based in Tehran from 2006 to 2010. Additionally, two
studies were conducted in Thailand as well. Chairakwattana & Nathaphan (2014) used data of
listed Thai firms from 2001 to 2011, while Petcharabul & Romprasert (2014) used quarterly
stock returns of 22 companies from the technology sector in the Stock Exchange of Thailand
from 1997 to 2011. The dataset in the study of Kheradyar et al. (2011) contains 960 companies
in Bursa Malaysia from 2000 to 2009.

In earlier studies, statistical methods are widely applied even though their downside is that
they tend to assume linearity and normality assumptions in the context of financial data.
However, several studies have employed them. For example, Lewellen (2004) used the
ordinary least squares (OLS) estimating method in a linear regression model. Similarly,
Petcharabul & Romprasert (2014) used OLS to examine the association of financial ratios with
returns. Musallam (2018) used a statistical approach of weighted least squares (WLS) and
ordinary least squares (OLS). Kheradyar et al. (2011) utilized generalized least squares (GLS) to
estimate the regression predictions. Pech et al. (2015) and Anwaar (2016) used panel
regression analysis, while Emamgholipour et al. (2013) test their hypotheses using the multiple
regression models and estimates of panel data econometrics. Chairakwattana & Nathaphan
(2014) used Bayesian model averaging. Ma et al. (2018) used three correlation analysis
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methods. Chen & Shen (2009) research included four different Markov-Switching models.
Öztürk & Karabulut (2018) used two-way fixed effects models to test model consistency.

Then, there are machine learning methods applied to the same topic in the literature. The
superiority of machine learning compared to statistical learning might be explained that they
are not as assumption dependent and, in most cases, ignores them. Furthermore, machine
learning identifies patterns from the data and requires less human effort. A famous machine
learning algorithm family known as decision trees are extensively covered in the literature.
They are considered easily understandable, and the results can be displayed by visualizing is
advantageous. For example, Delen et al. (2013) applied four decision tree algorithms.

Similarly, three versions of decision trees Wang et al. (2009) applied by exploiting boosting and
bagging. Kim & Upneja (2014) evaluated the accuracy of the predictions made by the
algorithms of decision tree and AdaBoost using cross-validation. Tsai et al. (2011) utilized multilayer perceptron, decision trees (CART), and logistic regression as the baseline models, and an
ensemble of these three evaluated by using 5-fold cross-validation. Sun et al. (2011) used two
AdaBoost algorithms and Support Vector Machine. Zieba et al. (2016) compared 16 methods
resulting that extreme gradient boosting overcome other methods such as random forest,
AdaBoost, support vector machine, and decision tree.

2.2 Machine Learning in Stock Market Prediction
As known, humans approach problems by acquiring an existing large amount of information,
which is called learning. Machine learning works in a similar but more primal manner. Arthur
Samuel defines it in 1959 as:

“Artificial intelligence techniques that give computers the ability to learn without
explicitly programmed to do so are called Machine Learning.”

So, the main interest in the machine learning field centers on the construction of algorithms
and improvements in the prior established algorithms from the given data. Moreover, it also
provides relevant knowledge for the task. Once the data is processed and given, a machine
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learning algorithm could recognize how to conclude by generalizing from the data. So, the
focus is centered on the algorithms that do the job of discovering the right mathematical
function for giving a relevant outcome given the input data. Machine learning attempts to
attain predictions with a decent margin of error. (Ketkar, 2017) Intelligence in machine learning
is mainly in the feature’s identification, and an algorithm is just learning to connect these
features to draw relevant conclusions.

Machine learning divides into three types of learning based on the desired outcome:
supervised learning, unsupervised learning, and reinforcement learning. The concept of
supervised learning is only relevant to this study. Its objective is to learn a mathematical
function that most closely estimates the connection between input and output data.
Moreover, the supervised learning divides into subfields of classification analysis and
regression analysis. The task of the algorithm in regression analysis is to produce high-quality
predictions by extracting the required information from the data.

The purpose of regression analysis is to detect connections in the input data that enables them
to deliver high-quality outputs or predictions adequately. Predicting stock returns is one type
of regression analysis task where input data includes financial ratios of a stock. Typically, the
dataset is divided into two parts: training and test set. The training set is used for estimating
the model and its parameters by learning from the labeled data. Moreover, the test set is used
to see how the model performs on unseen data.

Several different algorithms suitable for supervised learning problems are briefly presented to
see how to build models that make accurate and useful predictions. As Atsalakis & Valavanis
(2009) claim, the machine learning methods are extensively researched and applied on stock
market evaluation. Consequently, the most straightforward machine learning algorithm is a
linear regression or ordinary least squares method. It works similarly to statistical linear
regression, where the model estimates a linear line to input data and predicts with a minimal
margin of error. Linear regression can be stated to be a parametric method since the
parameters are definite. Additionally, the structure of the function associating with input data
and output data is assumed. Also, typically used algorithms where the form is pre-defined
include, for instance, support vector machines.
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In contrast, the non-parametric algorithms' structure is not specified. Instead, the model
structure is purely determined from the data and, therefore, more flexible in the shape of a
distribution of the training data. Standard algorithms of this type are nearest neighbors or
decision tree-based algorithms such as random forest and gradient boosting, which comprises
many decision tree-based models. This type of algorithm is a good starting point for the
modeling process since it tends to have a strong performance and a high tolerance for messy
data.

That was a summary of the machine learning concepts relevant to the thesis. Some published
articles from machine learning usage in stock market predictions are presented to get a general
understanding of their overall use in literature. The surveys of Atsalakis & Valavanis (2009) and
Henrique et al. (2019) focused on machine learning related published papers on stock market
prediction, both using stocks and stock indices. While Atsalakis & Valavanis (2009) surveyed
nearly a hundred published articles divided into well-developed markets and emerging
markets, the study of Henrique et al. (2019) reviewed 57 articles relating mostly to North
American and Taiwanese markets. Atsalakis & Valavanis (2009) find that the S&P 500 index is
having the highest occurrence, while the Singapore exchange is the most popular emerging
market predicted. Although the topic is widely studied in China, only some studies used
Chinese data (Henrique et al., 2019).

Financial markets are affected by many market factors, such as market trends. Therefore,
market behavior is extensively studied in order to make more reliable forecasts in financial
markets. The market analysis is generally divided into approaches of fundamental analysis and
technical analysis. Both approaches attempt to assess price movements and predict future
directions of the assets in their unique ways (Cavalcante et al., 2016). However, there is no
mutual agreement on which approach is more competent for analyzing the market, but several
studies have shown which approach is more popular. For instance, Henrique et al. (2019) found
that the most popular input variables are technical analysis indicators, following the
fundamental analysis indicators. They found it rare to use both classes of indicators
simultaneously. Similarly, the survey of Cavalcante et al. (2016) claims that technical analysis
exploits market factors directly and therefore is a more applied approach.
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Atsalakis & Valavanis (2009) found that technical analysis indicators, typically ranging from 2
to 25 variables, are sometimes combined with daily or previous prices. Even though these two
approaches are widely studied and applied to the forecasting domain, Cavalcante et al. (2016)
report that text mining is also used to extract useful information from data in some primary
studies, as these surveys conclude, the variable count diverse largely among researches.
According to Atsalakis & Valavanis (2009), typically, the variables count is ranging between four
and ten, but some studies have applied two or nearly sixty variables. The top-rated technical
variables are relating to asset prices: closing and opening prices of a stock (Cavalcante et al.,
2016; Atsalakis & Valavanis, 2009; Henrique et al., 2019).

The topic of asset price movement forecasting is extensively studied. Many innovative
approaches are presented, and a wide range of applied algorithms have been deployed. For
instance, Patel et al. (2015) applied several typical algorithms, such as random forest and
support vector machines, to assess forecast predictions. A comparison between models shows
that the random forest outperformed other models on overall performance, and all models
improved when features are presented as trend deterministic data. Imandoust & Bolandraftar
(2014) compared the performance of three classification models created to predict the
direction of the movement of a stock index. They employed technical and fundamental
indicators separated and together by the models of a decision tree, random forest, and naïveBayesian classifier. The accuracy of the predictions was acceptable for all models, but the
decision tree outperformed the other algorithms. Similarly, Tsai et al. (2011) used classifier
ensemble methods to claim that ensemble methods outperform individual classifiers. These
results are consistent with previous works (for example, Patel et al., 2015).

The decision tree algorithms are extensively applied to the firm's profitability performance
forecasting (Delen et al., 2013; Wang et al., 2009) and also for financial distress prediction (Kim
& Upneja, 2014). Additionally, decision tree-based ensemble methods such as AdaBoost,
Random Forest, and Gradient Boosting are applied in bankruptcy and financial distress
prediction (Sun et al., 2011; Zieba et al., 2016; Kim & Upneja, 2014). Moreover, Sun et al. (2011)
applied a support vector machine among several profitability ratios to assess Chinese
companies' financial distress.
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3. RESEARCH METHODOLOGY
This quantitative study aims to decipher the association between financial ratios and stock
returns in machine learning modeling. The research methodology consists of six steps. First,
the overall steps in the research workflow are briefly presented. Second, the raw data and its
summary statistics and software are described. Third, data preparation methods are described.
The fourth section presents the model selection and evaluation techniques. The fifth section
provides descriptions of the machine learning models applied. Finally, the sixth section
presents the feature importance methods applied.

3.1 Research Workflow
The thesis's approach is a quantitative experimental study aiming to produce generalization
about the association of relevant financial ratios in stock return prediction. To answer the
thesis research questions, the financial statements of the Finnish listed companies was the
source to turn to.

The main steps employed while studying the association of the financial ratios with the stock
returns by using predictive machine learning modeling are presented in a graphical form in
Figure 2. Previously, the financial performance of companies has been evaluated by using
traditional statistical methods (e.g., OLS and GLS). The methodology of this thesis has not been
a standard in the field of predictive stock returns modeling, but it has gained more attention
in recent studies where e.g., decision tree models have been employed.

The first step followed is data acquisition in which the raw data was obtained from Nasdaq's
website, and financial ratios were calculated in excel. From now on, the rest of the research's
empirical part is conducted in Python notebook in the Jupyter server. Then, the domains
covering the workspace and software used are discussed, following a data structure glance.
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Data acquisition
Raw data obtained from Nasdaq's website
Creating dataset by calculating financial ratios in excel
↓

Workspace and software
Workspace creation and a switch to Python
↓

Data structure glance
Data description and descriptive statistics
↓

Partitioning the dataset
Stratified sampling: 80% training, 20% testing
↓

EDA
Correlation analysis and visualization
↓

Dataset preparation
Feature scaling using standardization
↓

Model building using training set
Shortlisting and fine-tuning promising models
RMSE, cross-validation and grid search
Feature importance
↓

Model testing using test set
Evaluate the final models on test set
RMSE
↓

Feature Importance
Performed on the results of the test set
Financial ratio ranking

F IGURE 2. STEPS F OLLOWED IN THE RESEARCH

Following Géron (2017), the dataset is partitioned into training and test set before looking at
the data any further. The generation of training and test set is conducted at this stage to avoid
data snooping bias that can affect prediction performance on the test set. After dataset
generations, data exploration is conducted for the training set by using correlation analysis.
Then data transformation is conducted by applying the feature scaling technique because the
features should have similar scales, so the large-scaled features are not dominating. The
standardization technique is applied for the training set, which replaces the values by their Z
scores. This method makes the data more normally distributed by removing the average of the
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features and scaling to unit variance (Pedregosa et al., 2011). The research problem is framed,
data is acquired and explored, the training set and test set is generated, and data
transformation for algorithms is prepared. So now, several machine learning models are
shortlisted using standard parameters.

Additionally, a simple baseline model called dummy regressor that makes predictions using the
mean of the training set is introduced. Their prediction performance on the training set is
measured in a root mean square error and validated using cross-validation. The models' results
are compared between the models themselves to arrive at some tentative conclusions from
the models' performance. These model selection and evaluation techniques are explained
more in detail in chapter 3.4. Further, these models are fine-tuned by optimizing
hyperparameters of the learning algorithms, and the best performing estimators are stored for
further use. In this stage, the feature importance of the financial ratios is ranked using three
different methods. Finally, the best estimators of each model are evaluated on the test set to
see the model performance on the unseen data.

3.2 Data and Software
This chapter presents the raw data and software that have been utilized to conduct predictive
machine learning modeling. Raw data were acquired from a secondary source and cleaned in
an Excel spreadsheet before changing to Python programming language. Later in the chapter,
the data structure is displayed, and summary statistics are analyzed to understand the dataset.

The financial statements of Finnish companies were obtained from a secondary source
(Nasdaq Nordic, 2019). The available data consisted of all Finnish listed public companies from
2014 to 2018 in Nasdaq Helsinki, counting 137 companies. The number of companies in the
analysis was reduced to 87 since fifty companies had notable missing date or value issues. Also,
the Financials sector was eliminated from the study because the financial ratios from their
financial statements are not comparable to the other sectors. The included 86 companies are
listed in appendix 1. Then the dataset was developed in Excel (Microsoft, 2019) by calculating
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all the financial ratios from the obtained financial statements. At the end of the dataset
development and data cleaning, there were 430 observations for predictive modeling.

The final dataset included 14 financial ratios as variables covering the period of 2014 to 2018.
The list of financial formulas of the financial ratios is listed in appendix 2. The dependent
variable in the study is the Total Stock Return (TSR). Independent variables are Dividend Per
Share (DPS), Earnings Per Share (EPS), Dividend Yield (DY), Dividend Payout Ratio (DPR), Gross
Margin (GM), Operating Margin (OM), EBT Margin (EBTM), Net Margin (NETM), Return on
Assets (ROA), Return on Equity (ROE), Financial Leverage (FL), Current Ratio (CR), and Quick
Ratio (QR).

The research is conducted using the Python 3.7 (Python Software Foundation, 2019)
programming language in an isolated Python environment relying on the packages Pandas
(McKinney, 2010), Numpy (Van Der Walt et al., 2011), Jupyter (Kluyver et al., 2016), SciPy
(Oliphant, 2007), Matplotlib (Hunter, 2007), and Seaborn data visualization library based on
matplotlib. Furthermore, the Scikit-learn library (Pedregosa et al., 2011) is employed for
dataset transformations, model building, model selection, and model evaluation. All the coding
is conducted in Python notebook in the Jupyter server.

The dataset is downloaded from the workspace using a function that returns a data frame
comprising the aggregate data. A glance at the data structure of the untreated dataset is
illustrated next. The top five rows of the dataset are presented in Figure 3.

0
1
2
3
4

symbol
ACG1V
ACG1V
ACG1V
ACG1V
ACG1V

date
total_stock_return dividend_per_share earnings_per_share dividend_yield dividend_payout_ratio gross_margin operating_margin EBT_margin net_margin ROA
ROE
financial_leverage current_ratio quick_ratio
12/30/2014
-0.0877
0.0000
-0.3100
0.0000
0.0000
0.6196
-0.0930
-0.0965
-0.0950 -0.1218 -0.1716
1.4000
1.8400
1.2700
12/30/2015
0.0769
0.0000
-0.1600
0.0000
0.0000
0.5918
-0.0685
-0.0742
-0.0583 -0.0709 -0.1012
1.4600
1.5600
0.9300
12/30/2016
0.4286
0.0000
0.1600
0.0000
0.0000
0.5764
0.0310
0.0288
0.0478 0.0700 0.1029
1.4800
1.7900
1.1200
12/29/2017
0.4813
0.0000
0.1800
0.0000
0.0000
0.5418
0.0322
0.0306
0.0514 0.0712 0.1042
1.4500
2.0200
1.3300
12/28/2018
0.5907
0.0700
0.4900
0.0295
0.1429
0.5482
0.3631
0.0948
0.1113 0.1500 0.2412
1.7400
2.1800
0.5000

F IGURE 3. TOP F IVE ROWS IN THE DATASET

Each row in the dataset includes one company’s financial ratios in one year. There are 16
attributes: symbol, date, total_stock_return, dividend_per_share, earnings_per_share,
dividend_yield, dividend_payout_ratio, gross_margin, operating_margin, EBT_margin,
net_margin, ROA, ROE, financial_leverage, current_ratio, and quick_ratio. From these 16
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attributes, the symbol and date attributes are dropped because they are irrelevant for the
modeling. So, the final number of attributes used is 14. In Figure 4, the description of the
dataset is displayed. Rows are ranging from 0 to 429 totaling 430 rows. Each of the attribute's
type is "float64", meaning a real number. Furthermore, there are 430 non-null values meaning
that there are no missing values.

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 430 entries, 0 to 429
Data columns (total 14 columns):
total_stock_return
430 non-null float64
dividend_per_share
430 non-null float64
earnings_per_share
430 non-null float64
dividend_yield
430 non-null float64
dividend_payout_ratio 430 non-null float64
gross_margin
430 non-null float64
operating_margin
430 non-null float64
EBT_margin
430 non-null float64
net_margin
430 non-null float64
ROA
430 non-null float64
ROE
430 non-null float64
financial_leverage
430 non-null float64
current_ratio
430 non-null float64
quick_ratio
430 non-null float64
dtypes: float64(14)
memory usage: 47.2 KB

F IGURE 4. DATA DESCRIPTION

Next, the summary statistics of the untreated dataset are presented in Table 2. The summary
statistics contain the measures of count, mean, standard deviation, minimum, lower
percentile, median, upper percentile, and maximum. Furthermore, the summary statistics are
analyzed in order to clarify the need for data transformation. The data structure glance shows
signs of the need for data transformation.

T ABLE 2: SUMMARY STATISTICS OF THE ATTRIBUTES

count
mean
std
min
25%
50%
75%
max

TSR
430
0.0866
0.4320
-0.9116
-0.1687
0.0457
0.2637
3.3953

DPS
430
0.4143
0.5566
0.0000
0.0000
0.2000
0.5925
3.2700

EPS
430
0.5583
0.9733
-2.9800
0.0100
0.3700
0.9575
9.4400

DY
430
0.0364
0.0639
0.0000
0.0000
0.0305
0.0455
0.6547

DPR
430
0.6220
2.6297
-7.0000
0.0000
0.4065
0.8192
49.0000

GM
430
0.4611
0.2378
0.0174
0.2758
0.4392
0.6166
0.9986

OM
430
0.0429
0.1230
-1.0325
0.0123
0.0489
0.0840
0.7430

EBTM
430
0.0412
0.1397
-0.9883
0.0074
0.0431
0.0816
1.0482

NETM
430
0.0576
0.4894
-1.1242
0.0039
0.0327
0.0655
9.5282

ROA
ROE
FL
CR
QR
430
430
430
430
430
0.0417 -0.0243 2.5770 1.5619 1.0699
0.2156 1.2856 1.9699 1.0778 0.9853
-0.8503 -20.3631 0.0000 0.2200 0.0800
0.0043 0.0104 1.9200 1.0025 0.6200
0.0361 0.0854 2.3050 1.3350 0.8600
0.0708 0.1616 2.8200 1.7775 1.1700
3.3190 4.6870 36.2300 8.8800 8.3500
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Table 2 displays the values of the summary statistics. There are 430 observations for all 14
variables. The highest maximum value and the highest standard deviation value have been
observed in the dividend payout ratio (DPR). The values are 49.0000 and 2.6297, respectively.
The minimum value is -7.0000, while the mean value is 0.6220. Additionally, the lowest
minimum value and the lowest mean value was with return on equity (ROE) in which the values
are -20.3631 and -0.0243, respectively. The maximum value is 4.6870, and a standard deviation
value is 1.2856.

Moreover, the Financial leverage (FL) has the highest values of mean and median. Following
that, the mean value is 2.5770, and the median value is 2.3050, while having a standard
deviation of 1.9699. The dividend yield (DY) has the lowest values of standard deviation,
median, and maximum values corresponding to the following values of 0.0639, 0.0305, and
0.6547. The rest of the variables have not notable values in case of the highest or lowest value.

However, these previous summary statistics present substantial variations among the financial
ratios. For instance, the maximum value of the DPR and FL ratios are much higher than the rest
of the ratios seem to have. Additionally, the ratio of ROE has a substantially lower value than
the rest of the dataset. These results seem to show signs of the need for data transformation
since the scales of the financial ratios vary. The aforementioned is harmonious with the
presumption that the dataset's feature scaling should be conducted by using the
standardization technique before building machine learning models.

Also, a graphical representation of the dataset is conducted. The characteristics of a variable's
distribution are depicted in histogram plots for each numerical attribute (Figure 5). The top left
to bottom right attributes are sequential: EBTM, ROA, ROE, CR, DPR, DPS, DY, EPS, FL, GM, NM,
OM, QR, and TSR.
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F IGURE 5: A TTRIBUTE HISTOGRAM P LOTS

A few subjects arise from these histogram plots. First, these attributes seem to have very
different scales, as also seen in summary statistics. This matter will be later discussed more in
detail when the feature scaling is presented. However, some data transformation and data
preparation are needed to conduct. Second, most of the attributes seem to have many
observations at zero or are around zero.

Additionally, many of these histograms appear to be tail heavy, meaning that observations are
distributed unevenly. They are spread from the median more on the right side of the plot. This
may be a problem for some machine learning algorithms (Géron, 2017) since parametric
methods are applied along with non-parametric methods. However, as earlier mentioned, this
will be handled by doing data transformation for the dataset resulting in more bell-shaped
distribution.
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3.3 Dataset Preparation
In the field of machine learning, it is a crucial step to conduct proper data sampling and data
preprocessing to receive valid predictions. Here, the two methods, called stratified sampling
and standardization, are presented. Appendix 3 demonstrates the process of dataset split into
training and test set, and the 10-fold cross-validation for the training set.

Following common practices in supervised learning, the data is split into a training set and a
test set to avoid data snooping bias. It is an accepted habit to utilize 80% of the data for training
and 20% for testing (Géron, 2017). Since the dataset is small for machine learning purposes,
the risk of introducing a significant sampling bias must be avoided. Therefore, the dataset split
into training and test set is generated using a stratified shuffle split over a random sampling
strategy.

The stratified sampling method divides the population into subgroups known as strata. The
correct amount of data is sampled to ensure that there are equal amounts of similar
observations in the test set. (Géron, 2017) Earnings per share attribute are studied to be an
essential variable to predict stock returns (see, e.g., Anwaar, 2016; Musallam, 2018).
Therefore, the stratified sampling method is done based on it. As the summary statistics
assume, the values of EPS ranged from -2.98 to 9.44, and most of the values concentrated
between 0 and 1. From this continuous numerical attribute, an earnings per share category
attribute is created where five labels [1, 2, 3, 4, 5] and five bins are ranging from [-3, -1, 0, 1,
2, 10].

Appendix 4 shows the comparison of the two sampling methods following Géron's (2017)
procedure. The comparison is made between the entire dataset and the test set generated
with stratified and random sampling. As can be seen, the sampling bias is almost non-existent
in the test set developed using stratified sampling.

Another data preparation task is conducted. Atsalakis & Valavanis (2009) found in their survey
that proper data sampling and input data preprocessing influence positively on prediction
performance. Following this notion, the data transformation method called feature scaling is
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conducted only to the training data. Data transformation is applied because various machine
learning algorithms need mutual scales between attributes in the input data to function
sufficiently. However, data preprocessing is not performed on the test data to see the model's
performance on the unseen untreated data. Atsalakis & Valavanis (2009) found that in the
most reviewed studies, two standard methods were generally used: data scaling or logarithmic
data preprocessing. Data scaling was found to range between 0 and 1, or from -1 to 1.

Moreover, data sampling and data preprocessing were found to improve predictions. Here,
the scikit-learn's standardization method, called StandardScaler, is applied to all attributes. This
method replaces the values by their Z scores. In other words, it subtracts the average value. It
then divides it by the variance so that the resulting distribution has unit variance (Pedregosa
et al., 2011) and might be much less affected by outliers than normalization. Standardization
is applied specifically for that reason in a part of a data transformation pipeline because the
dataset used here has multiple outliers and widely ranging scales.

3.4 Model Selection and Evaluation
This chapter introduces model selection concepts of cross-validation and hyperparameter
optimization, and model evaluation terminology of the root mean squared error and a simple
baseline model called dummy regressor. The in-depth descriptions of the methods are
presented in scikit-learn’s documentation (Pedregosa et al., 2011).

3.4.1 Cross-Validation and Hyperparameter Optimization
After the generation of the training and test set, it is common practice to hold out; also,
another dataset called validation set. Typically, model training is conducted on the training set,
evaluation is done using validation set, and final evaluation is conducted on the test set.
However, by partitioning the available data into three sets is not an option here since the
dataset is relatively small for machine learning purposes already. Therefore, the procedure of
a model validation technique called k-Fold Cross-Validation is implemented. This approach split
the training set into subsets called folds. Then, each of the folds is trained separately and
compared to the remaining subsets (Pedregosa et al., 2011).
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Hyperparameters, on the other hand, are parameters that the estimators are not learning
themselves. Instead, they are manually set as arguments while building the models. Searching
the hyperparameters space for the best cross-validation score is recommended. (Pedregosa et
al., 2011) The generic approach to sampling search candidates of exhaustive grid search was
applied. It exhaustively generates candidates from a grid of parameter values specified and
evaluates all the possible combinations of parameter values, and the best combination is
retained (Pedregosa et al., 2011). All models in the thesis, besides linear regression model, are
optimized using a hyperparameter optimization technique. The parameter combinations
explored are further discussed in the machine learning models chapter.

3.4.2 Performance Measures
Two model evaluation techniques are applied. The first one is a common regression analysis
measure of errors known as Root Mean Square Error (RMSE), and the second one is more of
an experimental one called Dummy Regressor. The prediction errors' standard deviation the
model makes measures the Root Mean Square Error (Géron, 2017). Therefore, it is a suitable
measure of accuracy to compare prediction errors of different models for the dataset in the
thesis.

𝟏

(𝒊)
(𝒊) 𝟐
𝑹𝑴𝑺𝑬(𝑿, 𝒉) = √𝒎 ∑𝒎
𝒊=𝟏(𝒉(𝒙 ) − 𝒚 )

(1)

The equation (1) defining the root mean square error, presents various general Machine
Learning notes. First of all, the m presents the instances' count in the dataset calculating the
RMSE. Secondly, the x(i) is a vector of all variable values excluding the label of the ith instance
in the dataset, and y(i) is the desired output value for that instance. Thirdly, the X is a matrix of
all the feature values, excluding labels of all instances in the dataset. There is one row per
instance and the ith row is equal to the transpose of x(i), noted (x(i))T. Fourthly, the h is the
model’s prediction function. When model is given an instance’s feature vector x(i), it outputs a
predicted value ŷ(i) = h(x(i)) for that instance. RMSE(X,h) is the cost function measured on the
set of examples using prediction function h. (Géron, 2017)
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As earlier mentioned, the second model evaluation technique, called Dummy Regressor, is
applied. It generates predictions using simple strategies such as the mean, median, quantile,
or constant of the training targets. The dummy regressor's advantage is that the built model's
predictions can be compared to predictions made by the dummy regressor. Dummy regressor
can be used as a baseline model in which to compare the model predictions. (Pedregosa et al.,
2011) The mean strategy is applied in the thesis.

3.5 Machine Learning Models
This chapter briefly outlines the models and methods used and how they are calibrated. Details
about the implementations of all subsequent models are in the scikit-learn's documentation
(Pedregosa et al., 2011). All models, besides the linear regression model, are optimized using
a hyperparameter optimization technique called grid search, and the grids are evaluated this
time using 5-fold instead of 10-fold cross-validation. The change was decided to do because
the computational costs increased substantially, but the performance did not change
significantly in any direction.

3.5.1 Decision Tree-Based Models
Decision Tree: The advantage of the decision trees is that they are assumed to be nonparametric methods. They are broadly utilized in predictive modelling. They are simple to build,
and they function simply. They predict the output values by learning from the input data with
simple decision rules. Only the hyperparameter of the number of features that ranged from 2
to 13 was trained across five-folds, meaning that there were a total of 60 rounds of training.

Ensemble learning refers to a process where several machine learning models combined are
used to make predictions by aggregating the prediction of each base model. Then it performs
as a single model and makes its final prediction for the unseen data. According to Dietterich's
(2000b) review, the advantages using ensemble methods compared to a single estimator
method is that they perform better because predictions of each estimator ideally would be
complementary to one another and therefore reduce the generalization error of the prediction
and so improve the overall robustness of the prediction.
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Two techniques for constructing ensembles are originated from bagging (Breiman, 1996) and
boosting (Freund & Schapire, 1996). These ensembles have a long history and an active area
of research and practice. Based on the experimental study of Dietterich (2000a), boosting often
gives the most accurate results. Bagging and randomization perform similarly, but in some
cases on extensive data sets, randomized trees outperform bagging. Dietterich (2000b) finds
that AdaBoost performs well in low-noise cases because it can optimize the ensemble without
overfitting. Bagging and randomization do well in all cases because they focus on the statistical
problem, and noise increases that statistical problem. The following paragraphs clarify used
averaging and boosting methods and how the parameters of the models are optimized.

Random Forest: The roots of the random forest algorithm are established by Ho (1995).
Breiman (2001) refined the algorithm to the stage where it is nowadays. The random forest
algorithm is, as the name implies, a bunch of decision trees bundled together. The following
three parameters are optimized using the grid search technique: the number of trees, the
number of features at each split, and whether bootstrap samples are used in building trees.
Here, two grids are explored: one with a tree count in the forest ranging in [3, 10, 30, 100, 300]
and the number of features in [2, 4, 6, 8], and the second one with no use of bootstrap, and a
number of trees ranging in [3, 10] and the number of features ranging in [2, 3, 4]. These
hyperparameters were trained across five-folds, meaning that there was a total of 130 rounds
of training.

AdaBoost: The boosting algorithm, AdaBoost by Freund & Schapire (1997), was deployed to
show the relative advantage of the random forest. Correctly, the AdaBoost.R2 algorithm by
Drucker (1997) is implemented with the base estimator being a decision tree in the depth of
three. Here, the number of estimators and loss function parameters are explored. The
maximum number of estimators at which boosting is stopped, ranges in [3, 10, 30, 50], and the
utilized loss functions are linear, square, and exponential after every boosting iteration
weights' update. In total, 60 rounds of training were made.

Gradient Boosting: As for the second boosting algorithm, the Gradient Boosting (Friedman,
2001) was also deployed. It is an efficient and reliable generalization of the boosting methods.
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It builds an ensemble of sequential predictors in which every predictor corrects the predictions
the previous predictor made. The loss function was determined between least squares
regression and the least absolute deviation loss functions. The number of boosting stages
ranged in [3, 10, 30, 100, 300], and the maximum depth of the individual regression estimators
in [2, 3, 4, 5]. Finally, the number of features was determined among choices of [2, 4, 6, 8], and
explored across five-folds, which means there were 800 rounds of training.

3.5.2 Linear Models
Additionally, a linear regression model with two different regression methods is deployed.
First, the ordinary least square method is described, and then the Elastic-Net regularization
method is presented. Only the parameters of the latter method were calibrated.

Linear Regression: As a first linear model, linear regression with the ordinary least squares
method is deployed. The purpose is to minimize the residual sum of squares between real and
estimated values by fitting a linear model with coefficients (Pedregosa et al., 2011). The default
values of linear regression are applied.

Elastic-Net: To add more explanatory power for the family of linear models, Elastic-Net (Zou &
Hastie, 2005) was decided to apply. First, it is a continuation of linear regression models trained
with Lasso's L1 penalty and Ridge's L2 penalty. Combining both methods' penalties in one
model produces a competitive, regularized model where the parameter's weights are non-zero
(Pedregosa et al., 2011).

Second, Elastic-Net is useful when several features are correlated with each other. The
argument above is based on that the Elastic-Net is likely to pick both correlations of Lasso and
Ridge (Pedregosa et al., 2011). The optimal combination of L1 and L2 penalties were specified
among ten choices between values of 0 and 1 using 5-fold cross-validation on the training set,
while other parameters are set as default. In total, that is 50 rounds of training.

3.5.3 SVM and kNN Models
The rest of the two applied models are bundled together even though they are not similar in
the same way as earlier, but they use the same method for assessing the association of the
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financial ratios with the stock returns. They are the Support Vector Machine and the K-Nearest
Neighbors.

Support Vector Machine (SVM): The known algorithm for support vector machines was
suggested by Cortes & Vapnik (1995) and was later expanded to also solve regression problems
by Drucker et al. (1996). Details about the Support Vector Machine model's implementation
are available in the sci-kit learn's documentation (Pedregosa et al., 2011).

However, the following combinations of hyperparameters are explored: kernel, C, and gamma.
Two grid search rounds are explored. First has a linear kernel and C values ranging in [10, 30,
100, 300, 1000, 3000, 10000, 30000], and the second grid with an RBF kernel, and the crossproduct of C values ranging in [0.1, 0.3, 1, 3, 10, 30, 100, 300, 1000] and gamma values in [0.01,
0.03, 0.1, 0.3, 1, 3]. So, in total, 310 rounds of training were conducted.

k-Nearest Neighbors (kNN): This simple algorithm capable of solving regression problems was
suggested by Altman (1992). It assumes that similar observations exist in proximity. The
nearest neighbor method predicts the output by using the k-number of training data. Here, the
number of neighbors ranges in [3, 5, 7, 9], and weight functions of distance and uniform are
explored. In uniform weight function, all points in each neighborhood are weighted equally.

Nevertheless, in distance weight function, the closest neighbors of a query point have more
influence than further neighbors. Power parameters for the Minkowski metrics of Manhattan
distance and Euclidean distance were searched. Also, four different algorithms, auto, BallTree,
KDTree, and brute, to compute the nearest neighbors were explored. That accounts for 320
rounds of training.

3.6 Feature Importance
The technique for assigning scores to input features in predictive modeling is called feature
importance. Feature importance scores are an essential part of predictive modeling because
they can be used to enhance the model's performance and gain insight into the dataset and
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the model. The relative scores they provide can be used in defining which features are most
relevant for the research. There are different types of feature importance scores within these
techniques. Simple ones to calculate are statistical correlation scores such as Pearson's
correlation and Spearman's rank for linear correlation and nonlinear correlation, respectively.
Here, the three types of more advanced feature importance scores are also deployed from
model coefficients as part of linear models, from decision tree-based models, and from
permutation importance, which is more in detail described in Pedregosa et al. (2011). They are
briefly displayed next.

Coefficients as Feature Importance: After fitting a linear machine learning model on the
dataset, each input variable's coefficient can be retrieved and stated as feature importance
scores. The comparison is possible because the dataset is standardized, and the variables have
the same scale. This approach is applied to Linear Regression and Elastic-Net models to retrieve
feature importance scores.

Tree-Based Feature Importance: Decision tree algorithms, such as the CART algorithm
implemented in this research, provide in scikit-learn's implementation the feature importance
scores based on the reduction in the criterion used to select split points. This approach is
implemented for the Decision Tree model, and all the tree-based ensemble methods used such
as Random Forest, Gradient Boosting, and AdaBoost.

Permutation Feature Importance: This technique calculates the relative importance scores that
are independent of the model used. After fitting a model on the dataset, the prediction is
made, then this is repeated five times for each feature in the dataset resulting in a mean
importance score for each input feature. This technique is suitable for models that do not
provide native feature importance scores, such as k-Nearest Neighbors and Support Vector
Machine in this thesis.
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4. RESULTS
The results chapter is divided into three subsections where the characteristics of the dataset
are discussed in correlation analysis chapter, the prediction results of the several modelbuilding phases are observed, and the final models' performance on the test set is predicted.
Eventually, the feature importance scores of financial ratios are discussed.

4.1 Correlation Analysis
The exploratory data analysis is conducted to see the story of the dataset. This chapter
summarizes the main findings from the correlation analysis. Two conventional correlation
techniques are applied to the training set to gain insight from the dataset: Pearson's correlation
coefficient for a linear correlation and Spearman's rank coefficient for a nonlinear correlation.
Furthermore, some visualization results are presented in support of the correlation findings.

Pearson Correlation: Two discoveries can be observed from the Pearson correlation: the
direction and strength of the association between two variables (Anwaar, 2016). In the
following Figure 6, the Pearson correlation between any attributes is explored by visualizing
the correlation matrix plot as a heatmap with sized squares.

F IGURE 6. PEARSON CORRELATION MATRIX P LOT
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As shown in Figure 6, there is some correlation between attributes, but the correlation with
the total stock return is rather low for all attributes. The following values are Pearson's
correlation coefficient values between every pair of attributes with the Total Stock Return. The
correlation values are as following: Return on Assets 0.1838, EBT Margin 0.1702, Earnings per
Share 0.1658, Operating Margin 0.1635, Dividend Yield 0.1448, Net Margin 0.1368, Return on
Equity 0.0795, Dividend per Share 0.0554, Current Ratio 0.0280, Quick Ratio 0.0154, Dividend
Payout Ratio 0.0125, Financial Leverage -0.0284, and Gross Margin -0.0842.

The highest positive correlation among the top six financial ratios is observed with the Return
on Assets, EBT Margin, Earnings per Share, Operating Margin, Dividend Yield, and Net Margin.
The remaining seven attributes have less than 10% correlation coefficients, and two are
negatively correlated. They are as following. The correlation coefficient of the Return on Equity
is 0.0795, and the Dividend per Share is 0.0554. Moreover, the ratios of the Current Ratio,
Quick Ratio, and Dividend Payout Ratio have less than 0.0500 coefficient correlation.
Furthermore, the negative correlation coefficients were observed among the Financial
Leverage and the Gross Margin.

These results are more or less in line with the findings of the literature review. The same
financial ratios, for example, Return on Assets, Earnings Per Share, and Dividend Yield seem to
have the highest association among the ratios, as suggested in the literature. Additionally,
these results support the prior assumption made based on the literature that the earnings per
share ratio's use as a base in the stratified sampling is plausible.

Furthermore, the correlation between attributes is also visualized. The scatter matrix plot of
the four most correlated attributes from Pearson correlation with the Total Stock Return is
plotted in Figure 7. They are Return on Assets, EBT Margin, Earnings per Share, and Operating
Margin. Notice, however, that the diagonal from top left to bottom right is a histogram of each
attribute.
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F IGURE 7: SCATTER MATRIX P LOT OF FIVE M OST CORRELATED A TTRIBUTES

The first column and the first row are the Total Stock Return. The second column and the
second row are the Return on Assets. The third column and row are the EBT Margin. The fourth
column and row are the Earnings per Share. The fifth column and row are the Operating
Margin. The variables seem to trend up more or less meaning that there is a positive weak
relationship between variables. However, a more glaring subject is that the data seems to
contain a lot of outliers. As can be seen, the observations are fragmented widely in the plots
excluding some of them.

Spearman Correlation: Spearman's rank measures the monotonic association's strength and
direction between two ranked variables. In the following Figure 8, the Spearman correlation
between every attribute is explored by visualizing the correlation matrix plot as a heatmap with
sized squares.
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F IGURE 8. SPEARMAN CORRELATION MATRIX PLOT

These following values are the Spearman’s rank correlation coefficient values between every
pair of attributes with the Total Stock Return. The values are as following: Return on Assets
0.3620, Return on Equity 0.3439, EBT Margin 0.3403, Net Margin 0.3356, Operating Margin
0.3165, Earnings per Share 0.2952, Dividend Yield 0.2920, Dividend per Share 0.1831, Dividend
Payout Ratio 0.1417, Current Ratio 0.1076, Quick Ratio 0.0935, Gross Margin -0.0601, and
Financial Leverage -0.1190.

The highest positive correlation among the top six financial ratios is observed within the Return
on Assets, the Return on Equity, the EBT Margin, the Net Margin, the Operating Margin, and
the Earnings per Share. The top six ratios compared to Pearson's results are very similar;
however, the Dividend Yield was ousted by Return on Equity. However, the Dividend Yield has
a relatively high correlation, as well. The remaining four positive attributes are the Dividend
per Share, the Dividend Payout Ratio, the Current Ratio, and the Quick Ratio as previously.
Then two attributes have a negative correlation coefficient. The correlation coefficients of the
Gross Margin and the Financial Leverage are -0.0601 and -0.1190, respectively.
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An interesting observation from the results of a comparison between Spearman ranking and
Pearson correlation is that in every pair of attributes with the Total Stock Return is higher in
the case of Spearman correlation. The median increase in correlation values from Pearson to
Spearman is approximately 145% and, on average, 253%. These findings strongly support a
thought that correlation seems to be more monotonic than linear. Therefore, the dataset
transformation and data standardization are reasonable choices to apply to the training
dataset before starting the predictive machine learning modeling. Additionally, these
comparing results provide a presumption that the profitability ratios and especially the Return
on Assets and some ratios of margins might have the strongest association with stock returns.

4.2 Prediction Results
The predictive model building consisted of four phases. First, the shortlisting models are
created and tested on the training set. Then the models are tested on the training set using
10-fold cross-validation. Third, the hyperparameter optimization is conducted and tested on
the training set using 5-fold cross-validation. Finally, the optimized models are tested on the
test set to get the models' final prediction accuracy on the unseen data. Prediction accuracy is
measured by using root mean square error for all models in all the four model building phases
(Table 3). Further, the results of each phase are discussed more in detail.

T ABLE 3. PREDICTION ACCURACY IN EACH PHASE

Prediction accuracy of the models in each model building phase
Root Mean Square Errors
Models
AdaBoost
Decision Tree
Dummy Regressor
Elastic-Net
Gradient Boosting
k-Nearest Neighbors
Linear Regression
Random Forest
Support Vector Machine
*CV-results are mean values, see appendix 5
**Hyperparameter optimization not available

Training set

CrossValidation*

Hyperparameter
Optimization

Test set

0.3047
0.0023
0.4513
0.4513
0.1860
0.3822
0.4284
0.2152
0.4356

0.4644
0.6077
0.4354
0.4354
0.4864
0.4539
0.5242
0.4847
0.4587

0.4618
0.6204
**
0.4430
0.4368
0.4597
**
0.4605
0.4390

0.3451
0.5064
0.3413
0.3419
0.3287
0.3338
0.3881
0.3355
0.3320
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At the beginning of shortlisting promising machine learning models, many quick and
unoptimized models are trained from different categories of machine learning models using
only standard parameter values and evaluated on the training set. Altogether, nine models are
trained, and their root mean square errors (RMSE) are measured and compared. As can be
seen, the predictions are not exactly very accurate since the Total Stock Returns range between
-0.17 and 0.26 (see Table 2), so the prediction error of most models is not great. These results
imply underfitting, which occurs when a model does not learn sufficiently from the features in
the training set. Alternatively, the reason might be that the constraints on the models should
be reduced.

However, the decision tree model's prediction seems to be almost perfect since the RMSE is
only 0.0023. While the result is excellent, it is far more likely that the model is, in turn,
overfitting. The Gradient Boosting model produced the second-best prediction with RMSE of
0.1860 and the Random Forest model not far from that with the RMSE value of 0.2152. The
AdaBoost model and the k-Nearest Neighbors model produced over 0.30 RMSEs while the
AdaBoost's RMSE is 0.3047 and k-Nearest Neighbors respectively is 0.3822. Only the Support
Vector Machine model from the advanced machine learning algorithms category seems to
generate worse prediction accuracy of 0.4356 than the best benchmark model, which is Linear
Regression with the RMSE value of 0.4284. Relieving notice is that all but one model, the
Elastic-Net model with RMSE of 0.4513, generated better prediction accuracy than the
experimental dummy regressor, which predicts the mean of the training targets with RMSE of
0.4513 and stands for the baseline for the predictions.

Although the previous results produce some information about the suitability of the models, it
is reasonable to compare and evaluate them using an evaluation technique called crossvalidation. The 10-fold cross-validation is utilized for all the models. The training set is split into
ten folds, and the models are trained and also evaluated ten times. The results of the ten
evaluation scores of the models are more thoroughly presented in appendix 5. The RMSE
results of the ten evaluation scores of the eight models on the validation sets are presented in
a statistical summary format. The results are topsy-turvy compared to earlier. The Decision
Tree, which performed best previously now seems to perform worst. The Decision Tree has a
mean RMSE score of approximately 0.61 and generally +- 0.21 standard deviation, which
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indicates that the model is overfitting. Actually, the linear regression model generated a mean
RMSE of 0.5242 and performed better than the decision tree model, surprisingly. The
noticeable fact also is that the previously worst performed Elastic-Net model is now the best
performing model with the mean RMSE value of 0.4354. Rest of the models, which are the
advanced machine learning models, performed in a range between 0.45 and 0.49. For instance,
the k-Nearest Neighbors and Support Vector Machine models had RMSE of 0.4539 and 0.4587,
respectively, while the AdaBoost model generated mean RMSE of 0.4644. The Gradient
Boosting and the Random Forest models scored the RMSEs of 0.4864 and 0.4847, respectively.
These results indicate that the dataset does not provide enough explanatory power to make
accurate predictions. That is because the models itself are highly powerful models which
should perform better if the input data is valid, and there is enough data.

Hyperparameters are optimized using a grid search technique and here 5-fold cross-validation.
Notice that some models perform slightly worse than before optimization, which might be
explained by the change from 10-fold CV to 5-fold CV. Additionally, the improvements in some
models are slightly better. In summary, the hyperparameter optimization does not improve
the model performance substantially here.

The hyperparameter optimization results are presented in appendix 6, where the top ten
parameter combinations for each optimized algorithm are listed. The optimized parameters
are listed, and the RMSE scores are ranked from smallest to largest. The hyperparameter
optimization was conducted for seven models. These models were the Random Forest, the
Gradient Boosting, the AdaBoost, the Decision Tree, the Support Vector Machine, the ElasticNet, and the k-Nearest Neighbors. The RMSE scores of all the models improved. The score of
the Random Forest model decreased from 0.4847 to 0.4605. The Gradient Boosting model's
score improved the most from 0.4864 to 0.4368, and the AdaBoost improved the least from
0.4644 to 0.4618. The RMSE of the Decision Tree model deteriorated from 0.6077 to 0.6204.
The score of the Support Vector Machine model also improved a lot from 0.4587 to 0.4390.
The Elastic-Net model's RMSE score improved to 0.4430. The k-Nearest Neighbors model's
optimized RMSE score is 0.4597. These improvements are minimalistic, which improves the
previously made indication that the features do not provide enough information for valid
predictions.
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However, these following parameter combinations are the ones that produced the best RMSE
scores for each algorithm. In the Random Forest model, the bootstrap samples are used when
building trees, and the word "True" presents that. The best split was received using two as a
number of features, while the number of trees was 300. The Gradient Boosting model's loss
function was 'lad' as the least absolute deviation based on order information of the input
variables. The maximum depth of the regression estimators was 5, while the number of
features considered when looking at the best split was 8. The number of boosting stages to
perform was dictated to be 10. In the AdaBoost model, the best results were determined by
the loss function of linear.

Furthermore, three is the maximum number of estimators at which the boosting is stopped. In
the Decision Tree model, the number of features considered when looking at the best split was
6. The Support Vector Machine model has a different set of parameters that earlier was seen.
The regularization parameter ("C") was 0.3; the kernel was dictated to be radial basis function
(RBF) and kernel coefficient (gamma) value of 0.03. The Elastic-Net model's only parameter
tuned was the L1 ratio, which got a value 0, meaning that the model used only the L2 penalty.
The best K-Nearest Neighbors model was dictated by the "auto" algorithm that tries to choose
a suitable algorithm from the values of the method. The number of neighbors was 9, while the
power parameter was Euclidean distance getting the value of 2. The weight function used in
predictions was uniform, which means that all points in each neighborhood are weighted
equally.

Eventually, the final model evaluation on the test set was conducted using all of the nine
provided models with the parameter combinations presented earlier. The final prediction
performance is usually slightly worse than on the validation set (Géron, 2017), but the
performance here seems to be much better. In appendix 7, the results of the final models are
more thoroughly presented. In addition to the name of the model and RMSE score, the 95%
confidence interval is also provided. It is an interval estimation method for quantifying the
uncertainty for observation and is used to interpret the range of provided bounds on the
precision of the estimate. In a marginal distinction, the Gradient Boosting model performed
the best. The RMSE value of 0.3287 and a 95% confidence interval in the range between
approximately 0.267 and 0.381. Surprisingly, the Support Vector Machine model moves ahead
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to the second position with an RMSE score of 0.3320, leaving behind the k-Nearest Neighbors
model and the Random Forest model with the RMSE scores 0.3338 and 0.3355, respectively.
As a baseline model, the Dummy Regressor is in the fifth position in algorithm ranking with the
RMSE score of 0.3413, meaning that the models performing worse than that are performing
poorly. These models are the Elastic-Net, the AdaBoost, the Linear Regression, and the
Decision Tree with the RMSE scores of 0.3419, 0.3451, 0.3881, and 0.5064, respectively. All in
all, all the models are performing poorly and do not accurately predict the total stock return
prediction.

4.3 Feature Importance
In machine learning, the sensitivity analysis method for extracting the relationship between
the inputs and output of a trained prediction model is called feature importance. It aims to find
the relative importance scores of independent variables as they relate to the dependent
variable (Delen et al., 2013). Notice, they only relate to the importance of each feature in
prediction-making but not to the accuracy of prediction. To measure the feature importance
for each family of the used models, three approaches to measure the feature importance are
applied.

Decision tree-based models have native feature importance characteristics. For linear models,
the absolute values thereof coefficients are used as feature importance. For the models that
do not provide native feature importance scores, the so-called permutation feature
importance technique is applied. Finally, the information fusion-based sensitivity analysis
procedure proposed by Delen et al. (2013), is applied with some modification to rank the
importance of each financial ratio. In short, this proposed sensitivity analysis procedure is a
combination of the applied prediction models with normalized weights for their performance.
The following equation 2 is used to calculate the fused feature importance score for each
family of the models. The weight value for each model is calculated by dividing the inverse of
RMSE of the model by sum of all models inverse of RMSEs (equation 3).
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𝑭𝒏(𝒇𝒖𝒔𝒆𝒅) = 𝒘𝟏 𝑭𝟏𝒏 + 𝒘𝟐 𝑭𝟐𝒏 + ⋯ + 𝒘𝒎 𝑭𝒎𝒏

𝑤𝑖 =

1
𝑅𝑀𝑆𝐸𝑖
1
∑𝑛
𝑗=1𝑅𝑀𝑆𝐸
𝑗

, for i=1, …, n

(2)

(3)

-

F: the absolute value of the relative feature importance score that the model generated

-

w: normalized weight value based on the predictive power of the model

-

m: the model count

-

n: the financial ratios count (n = 13, in this thesis)

4.3.1 Tree-Based Feature Importance
For four algorithms, the tree-based feature importance scores are displayed next to their
corresponding financial ratios in Table 4. The same importance values are presented in a
graphical form in appendix 8. These algorithms are the Gradient Boosting, the Random Forest,
the AdaBoost, and the Decision Tree. The sum of the relative feature importance scores is 1
for each of these models. Furthermore, the sum of the fused feature importance scores and
the sum of the weight values is also 1. All four tree-based machine learning models produced
very different feature importance scores. However, there are some similarities between the
models.

For instance, the three most important ratios with their score values are the Dividend Yield
(0.2092), the Return on Assets (0.1267), and the Financial Leverage (0.0882) in the Gradient
Boosting model. The least important ratio in the Gradient Boosting model is the Return on
Equity (0.0331), which is the most important ratio with the score value of 0.1048 in the Random
Forest model. In the Random Forest model, the other two most important ratios are the
Financial Leverage (0.0995) and the Net Margin (0.0905). Least impact for the Total Stock
Return prediction seems to have with the ratio of the Dividend per Share (0.0463), which is
also one of the least important ratios with a score of 0.000 in the AdaBoost model along with
the ratios of Current Ratio (0.000), Dividend Payout Ratio (0.000), Earnings per Share (0.000),
Operating Margin (0.000) and Quick Ratio (0.000). The most important ratios in the AdaBoost
model are the Financial Leverage (0.2792), the Return on Equity (0.2292), and the Return on
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Assets (0.2245). As in the top three ratios in the previous models, the Financial Leverage
(0.2136) was the most important ratio following the ratios of the Return on Assets (0.1818)
and the Net Margin (0.1188) in the Decision Tree model. The least important ratio was the EBT
Margin (0.0214).

T ABLE 4: TREE -BASED FEATURE IMPORTANCE
Feature importance scores of financial ratios for Total Stock Return
Tree-based Feature Importance
Financial Ratios
Gradient
Boosting
Random Forest
Current Ratio
0.0568
0.0611
Dividend Payout Ratio
0.0630
0.0602
Dividend per Share
0.0553
0.0463
Dividend Yield
0.2092
0.0663
Earnings per Share
0.0656
0.0694
EBT Margin
0.0601
0.0812
Financial Leverage
0.0882
0.0995
Gross Margin
0.0417
0.0801
Net Margin
0.0700
0.0905
Operating Margin
0.0662
0.0784
Quick Ratio
0.0643
0.0754
Return on Assets
0.1267
0.0869
Return on Equity
0.0331
0.1048
Weight

0.2792

0.2736

AdaBoost
0.0000
0.0000
0.0000
0.0463
0.0000
0.0611
0.2792
0.0286
0.1310
0.0000
0.0000
0.2245
0.2292

Decision
Tree
0.0283
0.0296
0.0304
0.0445
0.0268
0.0214
0.2136
0.0905
0.1188
0.0677
0.0318
0.1818
0.1150

0.2659

0.1812

F (Fused)
0.0377
0.0394
0.0336
0.0969
0.0422
0.0591
0.1648
0.0576
0.1007
0.0522
0.0443
0.1518
0.1197

The extent of feature importance for every decision tree-based machine learning model was
assessed and displayed using tables and figures to decipher the association of the financial
ratios on stock returns. This contributed worthy information for recognizing the most
important financial ratios in the stock return predictive machine learning modeling task.
However, the focus is on the fused sensitivity scores. These scores are presented in Figure 9,
which displays the relative importance of the financial ratios from the strongest association to
weakest. In the vertical axis are financial ratios, while the horizontal axis presents the sensitivity
score for each ratio. Also, the lower quartile, median, and upper quartile values are embedded
in the figure to divide the results of the importance into four quartiles. The importance of the
financial ratio is described here as 'high' when the score is greater than the upper quartile
value, 'medium' when the score is between the upper quartile and median values, 'low' when
the score is between median and lower quartile values, and 'very low' when the score is smaller
than the lower quartile value.
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F IGURE 9. SENSITIVITY ANALYSIS RESULTS OF THE TREE -BASED MODELS

Overall, the results of the sensitivity scores indicate that the Financial Leverage, the Return on
Assets, and the Return on Equity were the three highly important financial ratios for Total Stock
Return prediction (Figure 9). Also, the ratios of Net Margin and Dividend Yield stuck out from
the rest of the medium important ratios being almost twice as important than the rest two
medium important ratios of EBT Margin and Gross Margin. The low important ratios are the
ratios of Operating Margin, Quick Ratio, and Earnings per Share, while the very low ratios are
the Dividend Payout Ratio, the Current Ratio, and the Dividend per Share. An interesting finding
from the comparison between results of the individual models and fused sensitivity scores is
that the Return on Equity was the least important ratio in the best performing model (Gradient
Boosting) but among the high important ratios in the sensitivity analysis.

4.3.2 Coefficients as Feature Importance
The feature importance of the Elastic-Net model and the Linear Regression model is calculated
from the coefficients. The scale of the coefficient values is very different from the previous
chapter's values and therefore are not directly comparable with each other. However, they
provide valuable information because the direction of the movement can be seen from the
coefficients, which were not possible previously. Additionally, the importance of each financial
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ratio can be ranked and compared with the previous results by using the sensitivity analysis
technique as previously.

In Figure 10, is bar plotted the coefficients of the Linear Regression model and the Elastic-Net
model. The corresponding financial ratio names to numbers ranging from 0 to 12 in x-axel are
following: 0= Dividend per Share, 1= Earnings per Share, 2= Dividend Yield, 3= Dividend Payout
Ratio, 4= Gross Margin, 5= Operating Margin, 6= EBT Margin, 7= Net Margin, 8= Return on
Assets, 9= Return on Equity, 10= Financial Leverage, 11= Current Ratio, and 12= Quick Ratio.
Notice that the units in y-axel are significantly different between the two models ranging from
-0.1194 to 0.1738 in the Linear Regression model, and from -0.0184 to 0.0301 in the ElasticNet model. There are many similarities in the direction of the coefficients between the two
models. The similarities are stronger in the first six financial ratios, but the rest seven
coefficients of the financial ratios, more or less, are opposite.

F IGURE 10. C OEFFICIENTS OF THE L INEAR REGRESSION AND E LASTIC -NET

According to coefficient results, the positive coefficient values in the Linear Regression model
are with the financial ratios of Earnings per Share (0.0552), Dividend Yield (0.1090), Operating
Margin (0.0453), EBT Margin (0.0085), Return on Assets (0.1738), Financial Leverage (0.0065),
and Quick Ratio (0.0269), while negative coefficient values are with the ratios of Dividend per
Share (-0.1097), Dividend Payout Ratio (-0.0064), Gross Margin (-0.0501), Net Margin (0.1194), Return on Equity (-0.0314), and Current Ratio (-0.0156). In the Elastic-Net model, the
financial ratios of Dividend per Share (-0.0121), Dividend Payout Ratio (-0.0008), and Gross
Margin (-0.0184) have negative coefficients similarly, but in turn, the ratios of Financial
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Leverage (-0.0002) and Quick Ratio (-0.0003) are here both negative. The rest of the
coefficients are positive, while the Dividend Yield (0.0301) accounts for the highest coefficient
value following the Return on Assets (0.0249) and the Operating Margin (0.0213).

The coefficients of feature importance are displayed with absolute values and fused
importance scores next to their corresponding financial ratios in Table 5. The Dividend Yield
has the highest importance score of 0.0301 following the Return on Assets (0.0249) and the
Operating Margin (0.0213) in the Elastic-Net model. Financial Leverage is the least important
ratio and the second least important within the Linear Regression model. Only the Dividend
Payout Ratio is less important in the Linear Regression model. The top four financial ratios of
the Linear Regression model all have more than 0.10 importance scores, which are the Return
on Assets (0.1738), the Net Margin (0.1194), the Dividend per Share (0.1097), and the Dividend
Yield (0.1090).

T ABLE 5. COEFFICIENTS AS FEATURE IMPORTANCE

Feature importance scores of financial ratios for Total Stock Return
Coefficients as Feature Importance
Financial Ratios
Elastic-Net
Linear Reg.
Current Ratio
0.0013
0.0156
Dividend Payout Ratio
0.0008
0.0064
Dividend per Share
0.0121
0.1097
Dividend Yield
0.0301
0.1090
Earnings per Share
0.0188
0.0552
EBT Margin
0.0195
0.0085
Financial Leverage
0.0002
0.0065
Gross Margin
0.0184
0.0501
Net Margin
0.0126
0.1194
Operating Margin
0.0213
0.0453
Quick Ratio
0.0003
0.0269
Return on Assets
0.0249
0.1738
Return on Equity
0.0011
0.0314
Weight

0.5316

Note: These numbers are absolute values of coefficients

0.4684

F (Fused)
0.0080
0.0034
0.0578
0.0671
0.0358
0.0143
0.0032
0.0332
0.0626
0.0325
0.0128
0.0946
0.0153
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The aggregated feature importance is also presented as a fused sensitivity score in Figure 11,
in which the vertical axis presents the financial ratios while in the horizontal axis are the
sensitivity scores. The importance of the financial ratio is described here also as ‘high’ when
the score is greater than the upper quartile value, ‘medium’ when the score is between the
upper quartile and median values, ‘low’ when the score is between median and lower quartile
values, and ‘very low’ when the score is smaller than the lower quartile value. According to the
sensitivity scores, the high important ratios are the Return on Assets, the Dividend Yield, and
the Net Margin. The medium important ratios are the Dividend per Share, the Earnings per
Share, the Gross Margin, and the Operating Margin. The low and very low important ratios are
the Return on Equity, the EBT Margin, and the Quick Ratio, and the ratios of the Current Ratio,
Dividend Payout Ratio, and Financial Leverage, respectively.

F IGURE 11. SENSITIVITY A NALYSIS RESULTS OF THE COEFFICIENTS

4.3.3 Permutation Feature Importance
The Support Vector Machine model's and the K-Nearest Neighbors model's feature importance
is calculated from the permutation. The original values the permutation technique provided is
presented as bar plots in appendix 9. The result is a mean importance score for each financial
ratio. The scale of the permutation values is much smaller than in the previous chapters, and
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therefore they are not directly comparable with each other. However, the importance ranking
from high to very low can still be presented using the sensitivity scores as before.

The permutation values, as feature importance, are also displayed with absolute values and
fused importance scores next to their corresponding financial ratios in Table 6. The Dividend
Yield has the highest importance score of 0.0070 following the Return on Assets (0.0054) and
the Dividend per Share (0.0054) in the Support Vector Machine model, while the Gross Margin
(0.0013) is the least important ratio. However, the ratio of Gross Margin has the highest
importance score of 0.0092 in the k-Nearest Neighbors model. The other two highly important
ratios are the EBT Margin (0.0057) and the Dividend Yield (0.0047), while the Net Margin
(0.0002) has the lowest importance within ratios.

T ABLE 6. PERMUTATION FEATURE IMPORTANCE

Feature importance scores of financial ratios for Total Stock Return
Permutation Feature Importance
Financial Ratios
SVM

kNN

F (Fused)

Current Ratio
Dividend Payout Ratio
Dividend per Share
Dividend Yield
Earnings per Share
EBT Margin
Financial Leverage
Gross Margin
Net Margin
Operating Margin
Quick Ratio
Return on Assets
Return on Equity

0.0019
0.0020
0.0054
0.0070
0.0036
0.0032
0.0014
0.0013
0.0021
0.0031
0.0027
0.0054
0.0029

0.0010
0.0017
0.0043
0.0047
0.0019
0.0057
0.0026
0.0092
0.0002
0.0022
0.0017
0.0043
0.0016

0.0015
0.0019
0.0049
0.0059
0.0028
0.0044
0.0020
0.0052
0.0012
0.0027
0.0022
0.0049
0.0023

Weight

0.5014

0.4986

Note: These numbers are absolute values of permutation
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The aggregated feature importance is also presented as a sensitivity score in Figure 12. In the
vertical axis are the financial ratios, and the horizontal axis presents the sensitivity scores. The
importance of the financial ratio is described here also as 'high' when the score is greater than
the upper quartile value, 'medium' when the score is between the upper quartile and median
values, 'low' when the score is between median and lower quartile values, and 'very low' when
the score is smaller than the lower quartile value.

According to the sensitivity scores, the high important ratios are the Dividend Yield, the Gross
Margin, the Return on Assets, and the Dividend per Share. While the medium important ratios
are the EBT Margin, the Earnings per Share, and the Operating Margin, the low important ratios
are the Return on Equity, the Quick Ratio, the Financial Leverage, and the Dividend Payout
Ratio. The very low important ratios are the Current Ratio and the Net Margin.

F IGURE 12. SENSITIVITY A NALYSIS RESULTS OF THE PERMUTATION
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4.4 Financial Ratios Ranking and Interpretation
The ranking of the results of the different three feature importance approaches is visualized as
a bar plot to examine the generalized financial ratios' importance. The ranking ranges from 1
to 13, based on the importance of the financial ratio in a sensitivity analysis. This study used
13 financial ratios, and therefore the values range between 1 and 13. The highest importance
score receives a value of 13, and the lowest importance is given the value of 1. Figure 13 should
be interpreted as higher the bar, higher the importance of the financial ratios. Each financial
ratio is grouped with all three feature importance approaches of "Tree-based, Coefficients, and
Permutation" to better compare the financial ratios ranking based on the approaches.

F IGURE 13. FEATURE IMPORTANCE RANKING

The highest association within all feature importance approaches with the stock return has the
ratios of Return on Assets and Dividend Yield. All the feature importance approaches ranked
the Return on Assets to be a highly important indicator of stock returns. Furthermore, the
Return on Assets' coefficient value is positive in both linear models, which are in line with the
study of Anwaar (2016).
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Prior research has found that the dividend yield can predict stock returns (Fama & French,
1988; Pech et al., 2015; Lewellen, 2004). Similarly, the results suggest that the Dividend Yield
is a highly important financial ratio with positive coefficient values suggesting a positive
association with stock returns supporting the study of Musallam (2018).

The results contradict the findings of Petcharabul & Romprasert (2014) that found the return
on equity to have a significant relationship with stock returns. Only the tree-based approach
finds some association of the Return on Equity with stock return. The coefficient value was
negative, suggesting bizarre results that the stock return will increase when the return on
equity decreases.

The only financial margin that the prior research has found to be an important indicator of
both company performance and stock returns is the net margin (Delen et al., 2013; Anwaar,
2016). The importance of the Net Margin ratio is in line with the prior research in linear models
and tree-based models, but based on the negative coefficient value, the results suggest that
the stock returns will increase when the net margin decreases.

Öztürk & Karabulut (2018) found that the profit margin has a positive effect on stock returns,
and higher profit margins produce higher returns for the next period. The results of the Gross
Margin indicate similar results. However, the two other financial margins of the Operating
Margin and the EBT Margin had opposite coefficient values being positive. This is in line with
the assumptions made before the study that the stock return increases when the margins
increase.

The Dividend per Share ratio has a medium association with stock returns besides in the treebased approach. The negative coefficient value suggests that the stock return increases when
the dividend per share decreases. The Dividend Payout Ratio expressed similar results with the
negative coefficient and very low association with the stock returns.

Musallam's (2018) and Emamgholipour et al.'s. (2013) results indicate that earnings per share
have a significant and positive relationship with market stock returns. Also, Pech et al. (2015)
argue that earnings per share have predictive power on stock returns. The results are in line
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with the preceding since the coefficient value is positive. However, the association is relatively
low. These results contradict the claims of Anwaar's (2016) research that shows earnings per
share having a negative impact on stock returns.

The liquidity ratios in the thesis used did not provide any notable association besides the
Financial Leverage in a tree-based approach. This is in line with the research of Petcharabul &
Romprasert (2014), who found that the current ratio, quick ratio, and debt-to-equity ratio,
which are similar to financial leverage, have no relationship to returns.

According to these findings, profitability ratios, and market value ratios (e.g., the Return on
Assets and the Dividend Yield) impact the company's performance the most. The ratios of Net
Margin and Dividend per Share were found to have a relatively strong association with the
stock returns in two approaches. It can be regarded as a truism since the firms' performance
is related to the ability to generate profit and pay a dividend for the stockholders is what these
ratios represent.

Investors appreciate these ratios because they present the firm's ability to survive the liabilities
and hence can improve stock returns. The higher these ratios are, the more profitable the firm
is. The Financial Leverage ratio was found to impact stock returns as well but mostly in treebased models. It measures the company's financial health. Debt financing is a source to finance
the company's operations, and when doing it properly, it will have an impact on stock
performance as well.
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5. DISCUSSION AND CONCLUSION
The financial performance of publicly traded companies is a concern that investors and
managers try to maintain and enhance. Investors try to maximize their profits by allocating
their budget surplus to profitable companies and hope to gain long-term gains in their
portfolios. Stock return is a financial ratio in which investors pay close attention while making
data-driven investment decisions, among other financial signals. Furthermore, investors must
understand what financial indicators affect future returns.

This thesis aimed to investigate the association of the financial ratios with the stock returns on
the Finnish stock market to better understand the connection between them. Quantitative
methods were used to identify the key financial ratios that have a strong association with stock
returns. Since there has been a lot of artificial intelligence hype in recent years surrounding
the field of finance, the objective was to build several machine learning models to predict the
stock returns using a batch of financial ratios that the literature has proposed to have a
significant association with stock returns.

The main research question was stated as "What association do financial ratios have with the
stock returns on the Finnish stock market from 2014 to 2018?". The question was examined by
covering several journal articles, and by applying several machine learning models to the
sample of Finnish stock market dataset. The current state of the study in the literature does
not have a consensus on which of the financial ratios have the most impact on returns in
abroad markets. However, the literature review implied that the profitability ratios and market
value ratios seem to have a stronger association with stock returns than other financial
performance areas of activity ratios, short-term solvency, and financial leverage.

The literature review partially answered the sub-question of "Which financial ratios have the
strongest association with the stock return?" since it was used as a part of the decision-making
in what financial ratios will be included in the thesis. Based on the literature review, the
strongest association with the performance of a company was within the group of profitability
ratios. That confirmed the profitability ratios usage in the empirical part of the thesis. The
results indicate that the Return on Assets and the Dividend Yield have the highest and also
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positive association with the stock returns which agrees on the previous research (see e.g.,
Fama & French, 1988; Lewellen, 2004; Pech et al., 2015; Anwaar, 2016; Musallam, 2018). These
results build on existing evidence that the same financial ratios behave similarly in the Finnish
stock market.

The literature review also proved that the main research question is approachable by using
multiple techniques from statistical methods to machine learning methods. Since this study
used a machine learning approach to answer the main research question, it was wise to
compare the models' accuracy. Therefore, the second sub-question stated, "What prediction
accuracy differences do the applied machine learning models have?". Expectations were that
the advanced machine learning models would perform much better than the linear ones. Partly
this expectation was fulfilled because the linear models performed worse than the simple
baseline model. However, the results suggest that the accuracy differences among the models
were marginal.

For the prediction modeling, using the root mean square error performance evaluation
method, eight rather popular machine learning models were utilized. Also, a model evaluation
technique called dummy regressor was employed as a baseline model in which the models
were compared. The best performing machine learning models were determined using 10-fold
cross-validation on the training set and further on the test set.

Once the models were developed, and hyperparameters were optimized, the feature
importance of the financial ratios was determined from all models using three different
approaches to do so. For the decision tree-based models, the feature importance scores are
natively produced by the models. These models are the Decision Tree model, the Random
Forest model, the Gradient Boosting model, and the AdaBoost model. Feature importance was
calculated from the coefficients in the second approach, which included the Linear Regression
model and Elastic-Net model. In the permutation approach, the feature importance was
calculated for the models of Support Vector Machine and k-Nearest Neighbors. Finally, the
feature importance scores are then analyzed using the information fusion-based sensitivity
analysis introduced by Delen et al. (2013) to rank the importance of each financial ratio.
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The results indicate that the importance of the financial ratios varies based on the three
different approaches. However, there are also some similarities among the results based on
the sensitivity analysis. The tree-based approach suggests that the highly important financial
ratios are the Financial Leverage, the Return on Assets, and the Return on Equity. The ratios of
Net Margin and Dividend Yield have medium importance on the total stock return predictions.
According to the sensitivity scores of coefficients, the high important ratios are the Return on
Assets, the Dividend Yield, and the Net Margin. The medium important ratios include the
Dividend per Share and the Earnings per Share. The permutation approach suggests that the
high important ratios are the Dividend Yield, the Gross Margin, the Return on Assets, and the
Dividend per Share. One medium important ratio stands out, which is the EBT Margin.

It is noteworthy to say that the Earnings Per Share had minimal importance for all models,
besides the linear models, even though it was found to be an important feature in the
published literature, and with which the dataset's stratified sampling was conducted. The
findings for the model evaluation and the reliability of the prediction accuracy of the models
for validation set and test set indicate that the developed models did not provide highly
accurate predictions. Although the RMSE scores of the models are slightly high compared to
real values of the total stock return, it was found that the advanced machine learning models
were slightly better performing than linear models. Linear models were found to perform
worse than the dummy regressor. However, the accuracy difference is relatively small, and it
cannot be stated that the advanced machine learning models would be superior to linear
models in this study. These results may prove that the advanced machine learning models
might be more useful than linear models for analyzing the association of the financial ratios on
the stock return prediction.

However, there are some inevitable limitations within the thesis. Firstly, the main limitation is
that the prediction accuracy of the models is low, which might indicate that the input data did
not provide enough explanatory power to make more accurate predictions. That is a relevant
question since the real-world predictions contain much information, and this thesis only
considered mainly the profitability ratios and market value ratios. Also, the dataset's size might
be too small for machine learning purposes, which might explain that the models could not

55

sufficiently recognize patterns from the data. Further research could solve the limitations this
thesis has.

Furthermore, it would be interesting to measure the relationship of the financial ratios with
stock returns using a broader set of financial ratios. Here, the profitability ratios were mainly
used, so there would be a whole lot more of different ratios and also experimental ratios to do
so. Also, it would be interesting to measure the association of the financial ratios on the stock
returns using the classification approach instead of the regression approach implemented in
this thesis. This could be done with the same set of models presented here. It would be
interesting to compare and evaluate the prediction accuracy and further evaluate which
financial ratios are more relevant than the others.

In summary, this thesis shows the suitability of the machine learning methods to assess the
financial ratios' association with the stock returns on the Finnish market. Although the
limitations in the prediction accuracy of the models are relevant, the results presenting the
useful financial ratios support the findings from the literature. However, the variations among
the three approaches demonstrate that the models are not unanimous in which financial ratios
have the strongest impact on the returns. Even so, the study succeeds in deciphering the
financial ratios in which to pay closer attention in the Finnish market's investments.
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APPENDIX
APPENDIX 1. L IST OF NASDAQ HELSINKI C OMPANIES INCLUDED IN THE STUDY
List of Nasdaq Helsinki companies included in the study
Name (A-H)

Name (I-Q)

Symbol

Name (R-Y)

Symbol

Ahlstrom-Munksjö Oyj AM1

Symbol

Konecranes Oyj

KCR

Raute Oyj A

RAUTE

Aspo Oyj

ASPO

Kemira Oyj

KEMIRA

Saga Furs Oyj C

SAGCV

Atria Oyj A

ATRAV

Kesko Oyj A

KESKOA

Scanfil Oyj

SCANFL

Basware Oyj

BAS1V

Kesko Oyj B

KESKOB

Solteq Oyj

SOLTEQ

Bittium Oyj

BITTI

Keskisuomalainen Oyj A KSLAV

SRV Yhtiöt Oyj

SRV1V

Caverion Oyj

CAV1V

Lassila & Tikanoja Oyj

LAT1V

SSH Communications Security

SSH1V

Cargotec Oyj

CGCBV

Martela Oyj A

MARAS

Stockmann Oyj Abp A

STCAS

Cramo Oyj

CRA1V

Metsä Board Oyj A

METSA

Stora Enso Oyj A

STEAV

Digia Oyj

DIGIA

Marimekko Oyj

MMO1V

Tecnotree Oyj

TEM1V

Digitalist Group Oyj

DIGIGR

Neo Industrial Oyj

NEO1V

Tieto Oyj

TIETO

Efore Oyj

EFO1V

Nurminen Logistics Oyj

NLG1V

Teleste Oyj

TLT1V

Elecster Oyj A

ELEAV

NoHo Partners Oyj

NOHO

Tulikivi Oyj A

TULAV

Etteplan Oyj

ETTE

Oriola Oyj A

OKDAV

UPM-Kymmene Oyj

UPM

Exel Composites Oyj

EXL1V

Olvi Oyj A

OLVAS

Uponor Oyj

UPONOR

Fortum Oyj

FORTUM

Outotec Oyj

OTE1V

Valmet Oyj

VALMT

Fiskars Oyj Abp

FSKRS

Ponsse Oyj 1

PON1V

Wärtsilä Oyj Abp

WRT1V

Glaston Oyj Abp

GLA1V

PunaMusta Media Oyj

PUMU

Wulff-Yhtiöt Oyj

WUF1V

HKScan Oyj A

HKSAV

QPR Software Oyj

QPR1V

Yleiselektroniikka Oyj

YEINT
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APPENDIX 3. DATASET SPLIT AND THE 10-FOLD CROSS -VALIDATION
All Data (430, 14)
Stratified Shuffle Split
Training set (344, 14)

Test set (86, 14)

10-Fold Cross-Validation
Training data (310, 14)

Split 1
Split 2
Split 3
Split 4
Split 5
Split 6
Split 7
Split 8
Split 9
Split 10

Validation data (34, 14)

Fold 1

Fold 2

Fold 3

Fold 4

Fold 5

Fold 6

Fold 7

Fold 8

Fold 9

Fold 10

Fold 1
Fold 1
Fold 1
Fold 1
Fold 1
Fold 1
Fold 1
Fold 1
Fold 1
Fold 1

Fold 2
Fold 2
Fold 2
Fold 2
Fold 2
Fold 2
Fold 2
Fold 2
Fold 2
Fold 2

Fold 3
Fold 3
Fold 3
Fold 3
Fold 3
Fold 3
Fold 3
Fold 3
Fold 3
Fold 3

Fold 4
Fold 4
Fold 4
Fold 4
Fold 4
Fold 4
Fold 4
Fold 4
Fold 4
Fold 4

Fold 5
Fold 5
Fold 5
Fold 5
Fold 5
Fold 5
Fold 5
Fold 5
Fold 5
Fold 5

Fold 6
Fold 6
Fold 6
Fold 6
Fold 6
Fold 6
Fold 6
Fold 6
Fold 6
Fold 6

Fold 7
Fold 7
Fold 7
Fold 7
Fold 7
Fold 7
Fold 7
Fold 7
Fold 7
Fold 7

Fold 8
Fold 8
Fold 8
Fold 8
Fold 8
Fold 8
Fold 8
Fold 8
Fold 8
Fold 8

Fold 9
Fold 9
Fold 9
Fold 9
Fold 9
Fold 9
Fold 9
Fold 9
Fold 9
Fold 9

Fold 10
Fold 10
Fold 10
Fold 10
Fold 10
Fold 10
Fold 10
Fold 10
Fold 10
Fold 10

Final Evaluation

Finding
Parameters

Test data (86, 14)

APPENDIX 4. DATASET SAMPLING B IAS C OMPARISON

1
2
3
4
5

Overall Stratified Random Rand. %error Strat. %error
0.0233
0.0233 0.0116
-50.0000
1.4211E-14
0.2116
0.2093 0.2093
-1.0989
-1.0989E+00
0.5372
0.5349 0.5000
-6.9264
-4.3290E-01
0.1698
0.1744 0.2093
23.2877
2.7397E+00
0.0581
0.0581 0.0698
20.0000
0.0000E+00

APPENDIX 5. STATISTICAL SUMMARY OF RMSE SCORES OF THE M ODELS ON THE VALIDATION SETS
Shortlist Models
Linear Regression Decision Tree Random Forest SVM
k-NNeighbors AdaBoost Gradient Boosting Elastic-Net Dummy Regressor
count
10
10
10
10
10
10
10
10
10
mean
0.5242
0.6077
0.4847 0.4587
0.4539
0.4644
0.4864
0.4354
0.4354
std
0.2272
0.2107
0.1852 0.1271
0.1291
0.1671
0.1941
0.1298
0.1298
min
0.2714
0.3087
0.2769 0.2765
0.2866
0.2523
0.2654
0.2846
0.2846
25%
0.4203
0.5012
0.3335 0.4296
0.3538
0.3225
0.3150
0.3243
0.3243
50%
0.4457
0.5424
0.4250 0.4368
0.4678
0.4553
0.4917
0.4305
0.4305
75%
0.6434
0.6882
0.6403 0.5384
0.4828
0.5349
0.5626
0.4821
0.4821
max
1.0319
1.0444
0.7519 0.6732
0.6686
0.7521
0.8472
0.6916
0.6916
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APPENDIX 6. TOP 10 PARAMETER COMBINATIONS FOR EACH ALGORITHM
Random Forest

Gradient Boosting

AdaBoost

Decision Tree

Support Vector Machine

RMSE Bootstrap max_features n_estimators RMSE loss max_depth max_features n_estimators RMSE loss
n_estimators: RMSE max_features RMSE C
0.4605 TRUE
2
300 0.4368 lad
5
8
10 0.4618 linear
3 0.6204
6 0.4390
0.4633 TRUE
2
100 0.4393 lad
5
8
30 0.4672 exponential
3 0.6314
12 0.4397
0.4656 TRUE
4
300 0.4400 lad
2
4
30 0.4678 exponential
10 0.6346
9 0.4412
0.4683 TRUE
4
100 0.4401 lad
5
4
100 0.4823 linear
30 0.6443
8 0.4415
0.4706 TRUE
6
300 0.4402 lad
3
8
30 0.4858 exponential
30 0.6486
10 0.4426
0.4716 TRUE
2
30 0.4403 lad
5
4
30 0.4932 exponential
50 0.6510
3 0.4434
0.4730 TRUE
4
30 0.4403 lad
2
6
10 0.4934 linear
50 0.6536
11 0.4441
0.4736 TRUE
6
30 0.4407 lad
5
6
10 0.4980 square
50 0.6550
2 0.4443
0.4750 TRUE
6
100 0.4408 lad
2
8
30 0.5016 square
30 0.6788
7 0.4455
0.4757 TRUE
8
300 0.4412 lad
2
4
10 0.5102 square
3 0.6900
5 0.4458

APPENDIX 7. FINAL PREDICTION MODEL RANKING
Model

RMSE

Gradient Boosting
Support Vector Machine
k-Nearest Neighbors
Random Forest
DummyRegressor
Elastic-Net
AdaBoost
Linear Regression
Decision Tree

0.3287
0.3320
0.3338
0.3355
0.3413
0.3419
0.3451
0.3881
0.5064

95% Confidence Interval
[0.26703180, 0.38055198]
[0.27394460, 0.38124139]
[0.28347304, 0.37750652]
[0.27825292, 0.38423879]
[0.28410283, 0.39015588]
[0.28628023, 0.38971397]
[0.28431109, 0.39672928]
[0.28129950, 0.47126713]
[0.39083338, 0.60015341]

0.3
0.1
0.3
0.1
1
0.1
1
0.3
0.3
0.1

Elastic-Net

k-Nearest Neighbors

kernel gamma RMSE l1_ratio RMSE algorithm n_neighbors p weights
rbf
0.03 0.4430
0 0.4597 auto
9 2 uniform
rbf
0.1 0.4513
0.2 0.4597 ball_tree
9 2 uniform
rbf
0.1 0.4513
0.3 0.4597 kd_tree
9 2 uniform
rbf
0.03 0.4513
0.4 0.4597 brute
9 2 uniform
rbf
0.03 0.4513
0.5 0.4666 ball_tree
9 1 uniform
rbf
0.3 0.4513
0.6 0.4666 auto
9 1 uniform
rbf
0.01 0.4513
0.7 0.4666 kd_tree
9 1 uniform
rbf
0.01 0.4513
0.8 0.4666 brute
9 1 uniform
rbf
0.3 0.4513
0.9 0.4667 auto
9 2 distance
rbf
0.01 0.4513
1 0.4667 ball_tree
9 2 distance
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APPENDIX 8. TREE- BASED FEATURE IMPORTANCE

APPENDIX 9. PERMUTATION FEATURE IMPORTANCE

