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Abstract—Screening models are tools for predicting which
stock are the most likely to perform well on a stock market.
They do so by examining the financial ratios of the companies
behind the stock. The ratios examined by the model are chosen
according to the personal preferences of the particular investor.
Furthermore, an investor can apply different weights to the
different parameters they choose to consider, according to the
importance they apply to each included parameter. In this thesis,
it is investigated whether a screening model can beat the market
average in the long term. It is also explored whether parameter-
weight-optimization in the context of equity trading can be used
to improve an already existing screening model. More specifically,
a starting point is set in a screening model currently in use
at a successful asset management firm, through data analysis
and an optimization algorithm, it is then examined whether a
programmatic approach can identify ways to improve the original
screening model by adjusting the parameters it looks at as well
as the weights assigned to each parameter. The data set used in
the model contains daily price data and annual data on financial
ratios for all stocks on the Stockholm Stock Exchange as well
as the NASDAQ-100 over the time period 2004-2018. The results
indicate that it is possible to beat the market average in the
long term. Results further show that a programmatic approach
is suitable for optimizing screening models.

Index Terms—Screening model, optimization, financial ratios,
stock market, stock exchange, efficient market hypothesis.

I. INTRODUCTION

WHETHER it is possible to predict future market perfor-
mance of stocks based on current and historical data

is a frequently researched and debated question in modern
finance. Investors around the world are constantly searching
for factors indicating that a stock is either under- or overval-
ued. By successfully identifying mispriced stocks and trading
accordingly, profits can be made and the average market return
can be beaten. Over the last few decades, the global spread of
the internet has made vast amounts of data easily accessible.
This, in combination with rapid improvements in computing
power, has caused screening models to become popular and
viable options even for small-scale investors. By analyzing the
available data on stock markets, a screening model predicts
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which stocks are the most likely to perform above the market
average. In other words, screening models are tools which
filter out stocks which can be expected to perform badly, while
keeping stocks with a promising outlook. The parameters on
which screening models filter stocks are defined by the user.
Thus, the screening model employed by a certain investor
might differ from the one used by another investor, since
different investors have different preferences concerning which
financial ratios are the most indicative of the performance of
a company.

The topic of this thesis touches upon behavioral finance
and market efficiency. A range of theories exist regarding
market efficiency. The arguably most famous is the efficient
market hypothesis (EMH) proposed by Fama et al. in 1969
[1], which states that the market cannot be beaten in the
long run. The reason for this, according to the theory, that
all relevant information available to the market will always
be reflected in the stock prices. Fama et al. came to this
conclusion after observing the speed at which newly released
information is incorporated into stock prices. The sort of
analysis employed by a screening model is commonly known
as fundamental analysis, since it examines the fundamental
data about companies, such as their financial statements. By
investigating the intrinsic value of a business, investors can
evaluate securities issued by said business. In order to find the
intrinsic value, fundamental analysts often look at common
financial ratios such as earnings, revenue, cash flow, debt,
return on equity et cetera.

By examining these fundamental elements, analysts then
try to determine if the stock is undervalued, overvalued or
correctly priced. This information is more or less public. In
other words, screening models using fundamental analysis are
based on the assumption that the market cannot be completely
efficient. Thus, a premise of this thesis is the refutation,
to some extent, of the efficient market hypothesis. To find
mispriced stock, deviations from the efficient market hypoth-
esis must exist. Several previous papers have proven that it
is in fact possible to continuously beat the market average
using fundamental analysis. This paper can be regarded as a
contribution to that field.

In the previous paragraphs, the rapid improvements in
computing power and in the availability of data over the last
few decades were mentioned. Furthermore, a brief introduction
to financial theory and stock market analysis was provided.
This thesis combines these two areas. At the request of two
successful Swedish portfolio managers, this thesis examines
through backtesting (i.e. testing a model on historical data)
whether a certain screening model would have beaten the
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market index on the Stockholm Stock Exchange if employed
throughout the last ten years, i.e. from 2008 up to 2018. In
order to achieve this goal, stock market data for the last fifteen
years is used. The second part of this thesis aims to optimize
the weights currently applied in the screening model.

Investors attach weights to the financial ratios examined in
their fundamental analysis according to their beliefs regarding
the importance of each financial ratio. Weights are values
between 0 and 1, which combined sum up to 1. The model
in its current form considers five financial parameters, all
assigned a certain weight. In order to identify parameter-
weight combinations that outperform the original screening
model, an optimization algorithm is devised. A programmatic
approach allows for running several thousands of backtesting
sessions using different parameter-weight combinations, while
at the same time keeping track of promising combinations
on the one hand, and not-so-promising combinations on the
other hand. The smartness of the algorithm lies in that it
eschews ill-performing parameter-weight combinations early
on, while continuing to examine further the more promising
combinations and adjusting their weights in to ever pre-
ciser numbers. By analyzing the output, improvements to the
screening model used by the two portfolio managers can be
proposed. An optimal screening model should employ the
weighting scheme yielding the highest return, while at the
same time minimizing portfolio risk. Additionally, it should
outperform a benchmark index or at the very least a risk-
free asset [2]. For confidentiality reasons, neither the names
of the employers nor the exact financial ratios employed in
their screening model are mentioned in this report.

A. Purpose
In this paper, the screening model used and its financial

parameters are defined by the employer. Both shall remain
confidential. Firstly, this thesis aims to evaluate the screening
model in its current form through backtesting, i.e. by using
historical data to investigate how the screening model would
have performed if applied throughout the years 2008 to 2018.
Secondly, the weighting applied in the model, i.e. the weights
assigned to each of the financial parameters employed by
the model, are to be optimized. To achieve this, different
combinations of weights will be tested on historical data.
This will be solved programmatically. The parameter-weight
combinations yielding the highest returns can be considered
the most profitable and therefore also the most desirable
combinations. Formulas for measuring portfolio risk, such
as the information ratio, can then be applied in order to
acquire a measure adjusting for the volatility of portfolio
returns as compared to a benchmark index [3] [4]. Provided
the parameter-weight combinations generated by the algorithm
outperform both the market index and the original model,
while at the same time doing so at reasonable risk level, they
can then be used in an extension of the current screening
model.

B. Problem definition
The scope of this paper can be summarized with the

following questions:

1) Is it possible, given the predefined conditions, to achieve
an excess return over the market average by investing in
stocks generated by the equity screening model provided
by the employers? If so, how large is the excess return
over the market average?

2) Is it possible, given the predefined conditions, to pro-
grammatically find a better screening model, i.e. a
screening model achieving an even greater return than
the original screening model of the employers, by ad-
justing the weights assigned to the financial parameters?
If so, how great is the excess return over the market
average?

C. Scientific question

Is it possible to achieve, over an extensive period of time,
excess returns over the average market return using an in-
vestment strategy based on a screening model, which selects
and invests in stocks with the fundamental characteristics
considered the most desirable by the screening model?

II. THEORETICAL FRAMEWORK

The following chapter provides the theoretical framework
for this thesis. First, previous work is presented briefly. Sec-
ondly, selected previous work in the area is presented in detail.
Thirdly, the metrics and evaluation methods are described.
Lastly, screening models are explained more thoroughly, in
particular the screening model utilized in this thesis.

This study aims to evaluate the fundamental and value
properties of a company and its correlation to future mar-
ket performance. Several studies in this area have evaluated
screening/investments models using technical stock analysis
[3] single-handed or complementary to fundamental analysis.

A. Efficient market hypothesis

In 1969, Fama et al. introduced the concept of the efficient
market hypothesis (EMH), in which stock markets are regarded
as being efficient in the sense that they rapidly adapt to new
information being introduced to the market [1]. Furthermore,
the 1969 study also shows that the market only reacts when
expectations regarding the returns of a stock change. Building
on this work, Fama later introduced three different variants
to his efficient market hypothesis in a 1970 paper: weak,
semi-strong and strong form [5]. The three variants represent
different degrees of market efficiency.

A strong-form efficient market is characterized by all infor-
mation regarding a stock being included in the stock price.
In other words, stock prices will reflect publicly available
information as well as private (insider) information. Strong-
form efficiency suggests it being impossible to achieve excess
returns consistently by actively managing a portfolio, and that
the only way to achieve excess return is to take on excess risk.

In the semi-strong-form of market efficiency, the introduc-
tion of new publicly available information regarding stocks
will result in share prices adjusting both rapidly and in an
unbiased fashion. This implies that excess returns cannot be
achieved consistently using either fundamental or technical
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analysis techniques, since the behavior of a semi-strong mar-
ket would render the techniques unable to exploit the new
information.

Share prices in weak-form efficient markets on the other
hand only take into account historical information. This means
that investment strategies relying on historical data about
shares, such as their historical prices, cannot be successful
indefinitely. Certain fundamental analysis techniques on the
other hand are capable of providing excess returns in weak-
form efficient markets.

There are many views regarding the EMH. During the 21st
century more research and economics suggests that the EMH
does not hold, that the market is in-efficient and somewhat
predictable. In a 1995 paper, Dreman and Berry argues that
low P/E stocks have greater stock market return than high
P/E stocks, thereby rejects the efficient market hypothesis [6].
Andrew W.Lo and A. Craig MacKinlay are integrating and
presenting several of their most important studies, in their
book A Non-Random Walk Down Wall Street, trends in the
stock market suggesting that the market is predictable, thereby
rejects the efficient market hypothesis [7]. In a 2010 paper,
Chein-Chiang Lee et al. argues that real stock price series
appear to be stationary in 32 developed and 26 developing
countries concluding that profitable arbitrage opportunities
exists, thereby rejects the EMH [8]. One of the most prominent
research areas during the 21st century is behavioral finance,
suggesting that individuals tend to make irrational investment
decisions, thereby miss-pricing assets and contradicting the
EMH. One notable researcher in this field is Noble prize
winner Richard Thaler [9]. In his 2015 book, a memoir-cum
manifesto, Thaler states that humans give into biases and
making irrational decisions, implying that financial markets
are in-efficient [10].

B. Joel Greenblatt’s Magic Formula Investing
In 2005, Joel Greenblatt, hedge fund manager and pro-

fessor at Columbia University Graduate School of Business,
presented his (in)famous investment model ”magic formula in-
vesting” (MFI). The simplistic and straight-forward investment
strategy was introduced in his best-selling book The Little
Book that Beats the Market [11]. MFI is based on a stock-
screening concept, in which companies on a stock market are
ranked according to their earnings yield (EY) and their return
on capital (ROC). The company with the highest EY of all
companies on the market will be assigned an EY rank of
1. Likewise, the company with the second highest EY will
be assigned an EY rank of 2. The same process applies to
ROC. Following this step, each company will then be assigned
a total score, which is the sum of its EY and ROC ranks.
The companies with the lowest total scores are the companies
which MFI chooses to invest in; they are considered the most
likely to perform well in the future. MFI invests in a portfolio
of 20 to 30 such stocks (the ones with the lowest/best total
scores) and holds these for a year. After the holding period is
over, the process is repeated and the current yield is reinvested
in the new portfolio. The results of investing in the top ranked
stocks by MFI from 1988 through 2009 are shown in Fig 10
in the appendix.

The rationale behind favoring companies with a high earn-
ings yield and a high return on capital is simple, according to
Greenblatt. He explains that the earnings yield of a company
is a good measure for how cheap the stock of said company
is being traded. A high earnings yield equals having high
earnings compared to one’s share price. Thus, a high earnings
yield signals a stock being traded cheaply. A high return on
capital on the other hand, indicates the company as being
adept at converting investments into income. To summarize,
the earnings yield serves as a metric for the price of a stock,
while the return on capital serves as a metric for whether
the company is a good business or not. Combined, the two
ratios allow for identifying ”cheap and good companies” [11].
As can be seen, MFI is an investment strategy adopting the
principles of value investing, i.e. the notion that there exists
mispriced stocks on the market and that one can successfully
identify such stock. As such, MFI assumes the market as
not being strong-form efficient in the words of Fama et
al. [1]. Furthermore, Greenblatt emphasizes the difficulty of
predicting future results of firms. He argues that historical
results is a good indicator for future performance, why a
screening model considering ratios based on historical data
can yield returns over the market index.

Greenblatt also experimented with MFI by ranking the
largest 2,500 companies on major U.S. stock exchanges [11].
The companies were then divided into deciles, i.e. into ten
equally large groups, based on their ranking. The first decile
contained the highest-ranked companies. The second decile
consisted of the companies ranked highest after the first decile,
and so on. Each decile was held for one year. The performance
of each decile showed a clear linearity, where the first decile
had a higher return than the second decile, and the second
decile had a higher return than the third decile etc.

Studies and applications of the MFI has been done on the
Swedish and Nordic stock markets. In the 2009 paper, V.
Persson and N. Selander applied the Magic Formula in the
Nordic region and concluded that the MFI portfolio during
1998-2008 had a compound annual growth rate of 14.68
compared to 9.68 for the MSCI Nordic, however the inter-
cept was not significant when testing against CAPM (capital
asset pricing model) or Fama French’s three factor model
(expanded CAPM with size risk, value risk to the market risk
of CAPM) [12]. In their 2017 paper, O. Gustavsson and O.
Strömberg applied the magic formula to the Swedish market
and compared the return, Sharpe ratio, CAPM and Fama and
Frenchs’s Three Factor model with OMX30 during the same
period. The MFI portfolio during the period 2007-2017 had
an CAGR of 21.25 percent compared to the OMXS30 return
of 5.22 percent. The Sharpe ratio for MFI portfolio was 0.769
compared to OMXS30 0.146. Additionally, the MFI portfolio
showed significant excess return with regards to CAPM and
the Three Factor Model [13].

C. RFSI - Relative Financial Strength Indicator

In 2007 N.C.P. Edirisinghe and X. Zhang developed a gener-
alized data envelopment analysis (DEA), DEA was originated
from Farrel’s work in 1957 [14] and popularized in 1978 by
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Charnes et al [15], to evaluate a firm’s financial characteristics
to determine a relative financial strength indicator (RFSI)
that is predictive of a company’s future stock market perfor-
mance. The optimization involved a binary nonlinear program
with iterative re-configuration of parameters and local search
optimization. The study was conducted involving 230 firms
on the US stock exchange. Inputs (financial characteristics)
and outputs (stock market performance) were determined
through optimization to maximize the correlation between the
company’s financial strength and stock market performance.
The study looked at 18 financial parameters to determine
which parameters have the greatest predictability of future
stock market returns. The study concluded that a company’s
fundamental financial strength is paramount to find good
equity investments. The RFSI, introduced in the 2007 paper,
is a useful tool to find lucrative industries and single securities
to invest in with good risk adjusted return. [2]

III. DESCRIPTION OF EMPLOYERS’ SCREENING MODEL

The screening model used and tested in this thesis was
developed by the two successful Swedish portfolio managers
mentioned in the last paragraph of the Introduction section.
The model builds on their decade-long professional experience
of corporate finance, portfolio management and stock trading
and is currently being employed in supplement to other
investment strategies in a fund of considerable size which
they manage. The screening model shares certain traits with
Greenblatt’s magic formula investing model. For example,
it also ranks stock on a stock market according to certain
parameters and invests in the highest ranked companies. Due
to confidentiality reasons, the exact parameters and ratios
considered in the screening model will not be disclosed. It can
be said however, that the model considers five such company
metrics, in contrast to Greenblatt’s two. These metrics are
either fundamental or valuation metrics. Fundamental metrics
provide insight on whether or not the company behind a
stock is a ”good business”, while valuation metrics provide
insight on whether the stock is being traded at a bargain or
at a higher-than-reasonable price. Furthermore, several of the
metrics used in the model consider averages over the last three,
four or five years, instead of simply using the most recent
available data point. Combined, the five financial ratios aim
to identify qualitative companies on the stock market, which
can be bought at a discount price. The model can be explained
briefly in the following simplified steps (bear in mind that the
examples provided are not part of the actual screening model):

1) Select a universe (a stock market) of companies.
a) E.g. all publicly traded stock on the Stockholm

Stock Exchange with a market capitalization over
SEK 100 million.

2) Assign every stock a ranking for each metric relative to
the other stocks in the selected universe.

a) E.g. earnings yield (EY): a high EY in relation
to other stocks on the market equals a good EY
ranking. The stock swith the best EY is assigned
an EY rank of 1. Repeat this for each of the five
financial ratios.

3) For each metric rank, multiply the rank with the selected
weight of the metric. The higher the weight, the more
importance is assigned to the metric. The weights of the
five financial ratios always sum up to 1 (or 100%, if one
prefers using percentages).

a) E.g. EY rank * 40% and return on capital (ROC)
rank * 60%, where EY rank and ROC rank are the
ranks for the two metrics used in the example and
40% and 60% are their respective weights.

4) Sum up all the weighted ranks for each stock to get its
total score. The better the total score for a given stock (in
relation to the other stock on the market), the higher the
probability that said stock will provide excess returns.

5) Rank all the stocks according to their total score. In other
words, sort all the stocks in ascending order, so that the
stocks with the lowest total score is given a final rank
of 1. (The lower the total score, the better the overall
score of the stock).

6) Invest in a portfolio of the best-ranked stocks. The
portfolio size should be somewhere between 10 and 30
stocks.

This process is repeated once every year and each annual
return is reinvested into next year’s portfolio.

A. Employers’ request for a coded computer program version
of their model with added functionality

As of now, the two portfolio managers apply this model
using the Microsoft Excel spreadsheet software. The vast
amounts of data needed for running the model is collected
from Bloomberg Terminal, which is a subscription computer
software system used by professional investors for monitoring,
analyzing and collecting financial data [16]. The use of Mi-
crosoft Excel allows for a simple albeit tedious implementation
of the model, since it requires high amounts of manual
arrangement of output data, manual input of formulas as
well as manual error-handling. A case where error-handling
is needed, is when data points are missing, which happens
frequently, even though the data is collected from a highly
reputable source (Bloomberg).

There are many potential reasons behind data missing. For
instance, a certain company might fail to provide data on a
specific financial ratio a certain year or a certain day. Another
example of missing data points, is when the price of a stock a
certain day is non-existent. The reasons for this happening
remain unknown, but one could speculate in it being due
to faults in the reporting in of daily prices to Bloomberg’s
database. Regardless of the reasons behind insufficiencies
occurring in the input data, being able to automate the error-
handling process is of high value, especially due to it saving
vast amounts of time. For this reason, the two employers
request a coded computer program version of their model.

Furthermore, by coding the model in a suitable program-
ming language, additional functionality can be added with
ease. One such additional functionality central to the employ-
ers is the introduction of a backtesting option, through which
the screening model can be tested on historical data to see
how it would have performed, had it been employed over a
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longer time span, in this case over the years 2008 to 2018.
A second additional functionality is an optimization feature,
which automates the process of running tens of thousands
of parameter-weight combinations. That is to say different
combinations of financial ratios and corresponding weights. By
excluding one or several of the five financial ratios included
in the original model, while at the same time testing each
combination of financial ratios with each possible weight
combination that sums up to 1, an optimal screening model
can be identified. However, this requires a cleverly designed
optimization algorithm, since it would not be feasible running
all possible combinations of five parameters and corresponding
weights with an interval of 0.01.

Lastly, a tool for finding an optimal screening model also
requires careful analysis. Anomalies must be identified and
handled in an appropriate manner. For instance, if there exists
a single stock in the dataset which one particular year increases
in price thousandfold without proper reason for the sudden
increase in price, the stock can be regarded as a form of
”bubble”. If kept in the model, it would skew the results
of finding optimal screening models toward parameter-weight
combinations ”catching” that particular stock. Such bubble
assets should be left out of the model. Moreover, an optimal
screening model should not only be optimal in a return-on-
investment-sense; it should yield as high a return as possible
while adjusting for risk. It should also outperform a benchmark
index or at the very least the corresponding holding period
return of a risk-free asset. Lastly, some kind of test needs to
be designed in order to prove whether a screening model is
”reliable”, ”consistent”, ”sound” and ”long-term” (and that it
does not coincidentally yield a one-time high return for the
particular data set employed). These added functionalities and
several more are expounded upon in the following section.

IV. METHOD

Since this thesis covers issues pertaining both to investment
theory and computer engineering, a range of different methods
are employed; methods both of a qualitative and a quantitative
nature. The questions which the thesis aims to answer are ex-
amined using a computer program written in conjunction with
the thesis. This allows for rigorous backtesting and analysis,
thus enabling the evaluation and optimization of the clients’
original screening model. Large amounts of data are analyzed
in order to determine whether a given screening model would
have been profitable had it been used for an extended historical
period of time. However, qualitative analysis of data is needed
for the results to be reliable. For instance, anomalies must
be identified and handled appropriately, as not to skew the
model towards a certain financial parameter. An example of
what could constitute an anomaly are single stocks which rises
significantly in prize during a particular year without proper
warranty for the increase in prize (”stock market bubbles”).
Not excluding such stock would skew the model towards one
or some of the five financial parameter(s) regarded in the
screening model. Qualitative analysis is facilitated by plotting
and visualizing both the daily returns of whole portfolios
and of individual stocks. Furthermore, in order to optimize

the model and successfully identify even better parameter-
weight combinations, an algorithm is devised, which back-
tests different parameter-weight combinations and excludes
unpromising combinations early on. Parameter-weight com-
binations that seem promising on the other hand, are split
into ever smaller weight intervals. To further clarify, such
an algorithm could start by running all parameter-weight
combinations with weights 0.0, 0.1, 0.2, ..., 0.9 and 1.0 where
the weights of the up to five parameters sum up to 1.0.
Following this step, the algorithm ignores parameter-weight
combinations proved to yield low returns. Instead, it divides
promising combinations into new combinations using a smaller
interval, for instance with an interval 0.01. By using this
method where large ranges are used initially, then making a
local search for the model that generates the highest return at
each interesting interval, we avoid investigating thousands of
irrelevant weight combinations. By analyzing large amounts of
backtesting output data, the reliability of the results achieved
in the optimization step can be considered reliable.

A. Historical data used in the model

The historical data used is collected from Bloomberg Ter-
minal, the access to which is provided by the employer.
No data from other external sources is used. Bloomberg
Terminal allows downloading of specified financial ratios, as
well as prices, dates, dividends et cetera of stocks. Using
Bloomberg Terminal’s Microsoft Excel plug-in, all necessary
data is exported as CSV (comma-separated values) files. Two
different data sets are used; the first being the Stockholm Stock
Exchange and the second being the NASDAQ-100. The latter
is in fact a stock market index, but including it is a deliberate
decision. First off, the NASDAQ-100 data set contains not
only the 100 (give or take a few) companies included in the
actual index a given year; it also contains companies that
previously were part of the index, but for some reason no
longer are included. That way, the number of companies in
the NASDAQ-100 data set is about 130 to 140 each year.
Secondly, running experiments on an index data set can be
seen as more challenging than running them on a normal
stock exchange, why the resulting screening models proposed
from the NASDAQ-100 data set bear a certain clout. Since the
screening model which is optimized in this thesis is adapted to
the Stockholm Stock Exchange, no backtesting will be done on
NASDAQ-100. Instead, the Stockholm Stock Exchange data
set is used. The NASDAQ-100 data set will only be used to
investigate whether the screening model performs better even
on a foreign stock exchange after having had its parameter-
weight settings optimized.

In the case of the Stockholm Stock Exchange, the data
collected spans from the 3rd of January 2004 (first trade day
2004) to the 3rd of January 2018 (first trade day 2018). In the
case of the NASDAQ-100 data set, the data spans from the
30th of April 2004 to the 30th of April 2018. The start date for
a one-year period is set to the first trade date the specific year
for the Stockholm Stock Exchange data set. The start date for
the NASDAQ-100 data set a given year is set to the 30th of
April or the trading day closest to the 30th of April in case
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the 30th of April is on a weekend. Both data sets contain data
of all stocks which appeared on the respective stock exchange
over the total time period. In other words, not only companies
which still exist on the respective stock exchange today are
included. Rather, both stocks that existed at the start of the
time period that later left the market and stocks that entered at
a later point that either still exist on the stock exchange or left
the market are included. Reasons for a certain stock leaving
the stock exchange can be due to the particular company
being acquired by another company, the particular company
going bankrupt or the particular company having a market
capitalization below the lower limit of the stock exchange. By
including all companies, a realistic model is built, since in the
real world it is not known beforehand whether a stock will still
exist on the market in a few months time. It is explained later
how cases are handled where stock disappear from the market.
The data used in the model contains a total of 876 stocks
(companies) on the Stockholm Stock Exchange throughout the
whole time period. The number of stocks on the NASDAQ-
100 over the whole time period is 227. The reason behind
the discrepancy is the NASDAQ-100 having a higher entry
threshold (minimum market cap) and a limit to how many
companies it includes every year.

Price data of stock are of course available on a (trade) daily
basis. Data regarding dividends is available for the respective
payment dates of the dividends. In the case of financial ratios
and financial data regarding the companies behind the stocks,
annual data is used. Examples are the free cash flow of a
company, its return on capital or its earnings yield. Such data,
if published by the particular company, refers to the company’s
value regarding that financial metric over the past year. Since
the two data sets used in this thesis employ time periods with
different start and end dates, the trailing twelve months (TTM)
version of financial ratios are used, as opposed to using the
fiscal year end value of financial ratios. TTM refers to the
time frame of the past 12 months. This also allows for easier
testing of other data sets in the future. In total, more than six
million data points are processed in the study.

Since two different stock exchanges are examined, two dif-
ferent benchmark indices are used. The SIX Portfolio Return
Index (SIXPRX) is set as the benchmark for the Stockholm
Stock Exchange. SIXPRX shows average development (divi-
dends included) on the Stockholm Stock Exchange, adjusted
for the investment restrictions applicable to equity funds.
SIXPRX has a limit that no company may exceed 10% of the
total and that companies weighing 5% or more in the index
may not weigh more than 40% together. SIXPRX is a very
broad index which in 2017 contained more than 300 stocks
from the Stockholm Stock Exchange [17]. For the NASDAQ-
100 data set, the NASDAQ-100 Index (NDX) is used [18].

B. Requirements a stock needs to fulfill in order to be included
in the model

There are two requirements a stock needs to satisfy in order
to be regarded by the model:

1) The stock must have a market capitalization greater than
a specific value. In other words, the total market value

of the outstanding shares of the particular company must
exceed a certain value. This minimum value could for
instance be SEK 500 million or USD 500 million.

2) The company behind the stock must not belong to
any industries considered undesirable by the model.
Companies in certain industries possess characteristics
different to the characteristics of companies in other
industries. The model wishes to ”catch” and analyze as
large a number of stocks as possible. As such, outlier
industries such as banks and investment companies are
excluded, since these can be considered not suitable for
a homogeneous screening method. To clarify further,
one can look at banks. By the nature of their business
model, banks have little in common with, for instance,
car dealers or manufacturers. Because of this, financial
ratios considered predictive of the future results of a
”normal” company are not necessarily predictive of the
future financial results of a bank. A bank can have a high
return on equity without necessarily being a good bank
(and therefore not a good investment). A manufacturing
company with a high return on equity on the other hand
is most probably a good business.

C. Program design

The program used for testing and analyzing is written in
version 3.65 of the Python programming language. An object-
oriented programming style is used. The company behind a
certain stock is instantiated as a Company class object. An
object of the Company class contains all data related to a
specific company. A container data structure instantiated as
a Stock market class object in turn contains all the Company
class objects. Using a range of functions and class methods, the
program calculates scores, ranks stocks, invests (and reinvests)
in portfolios, computes holding period returns, measures of
risk level et cetera. In other words, the program is a screening
model as the one described in the Description of employers’
screening model section, with the exception that it automates
error-handling processes, does faster calculations and also pro-
vides the user with useful output and plots. Since the program
allows for the setting of the parameter-weight combinations
used in the screening model, the program is not restrained
the employers’ original screening model; rather, a screening
model building on any combination of parameter-weights can
be tested. Furthermore, the user can choose to simply generate
a portfolio for a specific year using the screening model or to
backtest over a time period using the screening model.

1) Error-handling of insufficiencies in the input data: As
mentioned in a previous paragraph, the financial ratios looked
at in the model are not merely the most recent available data
point. Rather, they are averages of the particular ratio’s value
over the past three to five years. The baseline for the averages
is always five years of data. However, many occasions arise
where a certain stock lacks data one or several years. This can
be due to the stock not entering the stock market until four
years ago. In that case, there will be no data for any of its
financial ratios five years ago. In such a case, the program will
instead calculate averages using values of the last four years. If
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a stock entered the market three years ago, a three year time
period will be used to calculate its score for that particular
financial ratio instead. If a certain stock will have values for
all of the last five years except for, let’s say, three years back,
then the missing value will be overwritten with data from
the previous year, i.e. from four years back. Automating this
process programmatically saves time and prevents unnecessary
exclusion of stocks. However, a minimum level exists, which
states that after running the error-handling, stocks need to have
at least three years of available data in order to be regarded
by the model. This ensures that only mature companies are
invested in.

2) Specifying basic rules of the program: The program
allows the setting of a range of options:

I The current stock exchange variable can be set to either
one of the two available data sets; either the Stockholm
Stock Exchange or the NASDAQ-100.

II The minimum market capitalization variable can be set
to any positive value. In the case of the Stockholm
Stock Exchange, this minimum market capitalization is
set in SEK million. In the case of the NASDAQ-100, the
minimum value is set in USD million. The backtesting
sessions used to answer the problems and scientific
questions of this thesis employs a minimum market
capitalization of SEK 500 million for the Swedish stock
market and USD 50 million for the American stock
market.

III The parameters (financial ratios) included in a session
of the program can be selected freely among the five
parameters included in the employers’ original model.
Their respective weights can be set to any combination
of values between 0 and 1 that combined sum up to
1. When evaluating the employers’ original model, the
same parameters and weights are used as in their original
model. In backtesting sessions used in the optimization
and analysis phase, all possible combinations of param-
eters and weights are used, with the requirement that the
weights of a particular combination always sum up to 1.
This includes combinations containing just four, three,
two or only one of the parameters.

IV In the case of simply generating a portfolio for a specific
year, a point in time is specified. The screening model
will then generate a portfolio for that specific point in
time using data prior to that point in time. In the case of
backtesting, a time period is specified. A time period can
be set to any annual time period between 2008 and 2018.
The backtesting function then runs the specified model,
investing in a portfolio of the highest-ranked stocks at
the start date of the first year, holding on to that portfolio
for a year before reinvesting the current value of the
portfolio in a new portfolio generated by the screening
model for the following year and so on. For each annual
holding period, the program outputs data concerning the
specific portfolio for that year, its holding period yield,
its volatility, its information ratio, as well as the return of
index and the excess return of the portfolio over index.
The excess return is negative if the portfolio yield was
lower than the return of index. After providing output

for each annual holding period, the program also outputs
data for the whole time period (i.e. 2008 to 2018 in the
longest possible case). Except for the already-mentioned
metrics which are also output annually, the output at the
end of the whole time period also outputs the average
annual rate of return and the average excess return.

V A boolean variable called remove can be set to either
True or False. In the case of it being set to True, the
error-handling will remove the specific company (or
rather the stock) from the model if the particular stock
does not provide values for at least the last three years,
when averages of a financial ratio are calculated. If the
remove variable is set to False on the other hand, such
stock will not be removed. Rather, the stock will be
assigned the worst rank for that specific financial ratio.
If more than one stock lack too much data, they will be
assigned the same (worst) rank.

VI A boolean variable called weighted investment can be
set to either True or False. If set to True, the screening
model will invest proportionally more in higher-ranked
companies within a portfolio. In the case of the variable
being set to False, which is the default case, the screen-
ing model will invest equally much in each stock within
a portfolio. For example, if a portfolio size of 20 is
chosen, the screening model will invest one-twentieth in
each of the stocks in the portfolio. If the same portfolio
size is used, but with the weighted investment set to True,
the model would invest roughly 7.08% in the highest-
ranked stock in the portfolio, 6.75% in the second-
highest-ranked and so on. 3.63% would be invested in
the lowest ranked stock in the portfolio. Regardless of
the portfolio size, the pattern is the same; proportionally
less is invested in the lower-ranked stocks. The sum
of the total investment percentage is of course always
100%.

Combined, these options allow for rigorous testing of the
employers’ original screening model on the one hand and
for analyzing and finding new and improved versions of the
screening model on the other. In cases where two or more
stocks have the same total score (and hence the same rank),
the model will prefer (and display first) the stock with the
highest trading volume. In other words, the trading volume of
stock is used as a tie-breaker.

3) Handling of stock that leaves the stock exchange: If the
screening model employed in a specific backtesting session of
the program invests in a company which over the following
one-year holding period for some reason disappears from the
market, the program makes the assumption that it manages to
sell that specific asset (stock) on its last trade day (i.e. on the
day before it left the stock exchange). That current value of
the now disappeared asset is then reinvested in the remainder
of the portfolio. This reinvesting in the rest of the stocks in the
portfolio takes into account whether the weighted investment
variable is set to True or False and reinvests accordingly.

4) Identifying and dealing with anomalies: An anomaly in
this case refers to a stock which a particular year increases
in price by an absurd amount, without the increase in share
price being warranted for by the fundamental data of the
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particular company. Keeping such bubble assets in the data set
while backtesting would be problematic, since it would skew
the results towards parameter-weight combinations favoring
that particular stock. Examples of anomalies are brought up
in the Results section. If any such anomalies are present in
the data set, they will be excluded from the model. The
process of finding anomalies is simple. Before running the
optimization algorithm, a single backtesting session with a
portfolio size including all companies on the market is run.
That way, the annual holding period returns and total returns
of each individual stock are displayed. If a particular stock
demonstrates an unreasonably high return a specific year, that
stock is flagged and researched more in depth. If it is shown
that the share price of the particular stock could in fact be
considered an economic bubble, the particular company is
excluded from the model.

5) Program output: As mentioned in the previous sections,
several financial metrics are used to evaluate the screening
model used in a particular backtesting session of the program.
By examining the output, conclusions can be drawn regarding
whether the particular model can be expected to beat the
index in the long run. Firstly, the overall return of a given
model is compared to the return of index over the same
holding period. This is commonly called the excess return.
By comparing their holding period return (preferrably the 10-
year return), conclusions about the soundness and reliability
of the given model can be drawn. However, in order to study
the performance of a given model more in depth, annual
returns also need to be compared. By analyzing annual returns,
it can be identified whether a given model outperformed
index over the total holding period merely because of it
performing extremely well one specific year or whether the
model tended to outperform index every year. The latter is of
course more desirable, since it indicates a consistent, reliable
and stable screening model. Furthermore, the information ratio
and volatility of each model are calculated. Volatility is a
measure of the risk of an asset [19]. It indicates the size of the
movements in the price of an asset and is often expressed as a
percentage. The lower the volatility, the more stable the price
of the asset. The volatility measure is based on the asset’s
development and measures the difference between the highest
and lowest rates of the asset over a given period relative to the
average. What is considered a desirable volatility varies from
investor to investor according to their level of risk aversion. A
risk-averse person prefers lower volatility. However, in order
to generate high(er) returns, a higher level of risk (and thus
higher volatility) must be accepted. The information ratio of an
asset is a measure of the ability of an asset to generate excess
returns over index, while also taking into account the volatility
of the asset compared to the volatility of the benchmark index.
In other words, the information ratio allows for examining a
given screening model’s tendency to generate excess returns
over index relative to the risk level of the screening model.
It is desirable that a model returns more than the index to as
low a risk as possible. The higher the information ratio, the
more reliable and profitable the asset.

6) Backtesting of employers’ original screening model:
In order to backtest the original screening model, the basic

rules of the program were set to match the behaviour of the
employers’ Microsoft Excel version of the model. The basic
rules of the program were set to the following values:

I The current stock exchange variable was set to the
Stockholm Stock Exchange.

II The minimum market capitalization variable was set to
SEK 500 million.

III The parameters (financial ratios) were set to include all
of the five possible financial ratios. Their corresponding
weights were set to the (confidential) weights used in
the employers’ original model.

IV The time period variable was set to the longest possible
time span allowed by the input data, i.e. 2nd of January
2008 to the 3rd of January 2018.

V The remove variable was set to False.
VI The weighted investment variable was set to False
7) First step in optimizing the screening model: The five

financial ratios (parameters) included in the model are referred
to as parameter 1 (P1), parameter 2 (P2), parameter 3
(P3), parameter 4 (P4) and parameter 5 (P5). The first step
in the optimization process outputs a relatively small CSV
file containing backtesting results for all possible parameter-
weight combinations with a weight interval of 0.1 (where the
weights of each combination sum up to 1). The number of
such combinations amounts to a total of 996. The backtesting
results of each of the 996 combinations are saved with the
corresponding parameter-weight combination in a CSV file.

8) Second step in optimizing the screening model: Once the
output CSV file containing the backtesting results and their
corresponding parameter-weight combinations from the first
step is done, the algorithm looks at the top 40 combinations
(ranked by their total return over the ten-year period) and
creates a lower and an upper limit for the weight of each of
the parameters. For instance, if the weights for P1 is between
0.2 and 0.5 for all the top 40 combinations, the new interval
for P1 is set to 0.10 to 0.60. This second step then runs
all the combinations within the intervals of each parameter
(where the combined weights sum up to 1) with a new, smaller
interval of 0.01. However, before allowing the algorithm to
continue running backtesting sessions for the newly created
parameter-weight combinations, an analysis was made (by the
authors of this paper), which concluded that P5 could be
excluded completely from the model. The reasons for this
being P5 only appearing in a handful of the top 100 parameter-
weight combinations, and in the ones it appeared, it had an
insignificant weight of between 0.1 and 0.3. Further reasons
for judging P5 non-predictive of a stock’s future performance
are explained in later parts of the study. The second, more
precise, step of the optimization algorithm continued with the
following limits:

I P1: 0.00 to 0.60 (i.e. 0.00, 0.01, 0.02, ..., 0.59, 0.60);
II P2: 0.00 to 0.50;

III P3: 0.00 to 0.60;
IV P4: 0.10 to 0.80.

This allows for a more detailed analysis where many more
models are examined rather than if a weight interval of 0.1
were to be used.
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9) ”Linearity of consecutive portfolios”: A so-called ”lin-
earity test” is devised in order to investigate whether a lin-
earity exists between consecutive portfolios. In the test, five
portfolios are created each year, where the top 20 shares (after
screening the stock market using the current screening model)
are placed in portfolio 1, the next 20 are placed in portfolio
2 and so on. This is done on an annual basis over the time
period 2008 to 2018. The groups of portfolios are referred
to as quintiles. In other words, quintile 1 refers to the group
of ”first portfolios” over the whole time period. The linearity
in this case refers to the total return of first quintile being
higher than the total return of the second quintile, the second
quintile outperforming the third and so on. If the total return
for each of the five portfolio groups from 2008 to 2018 follows
the linear pattern, the model used for the stock screening is
said to have passed the test The idea for the test build.s on
Greenblatt’s similar test mentioned in the last paragraph of the
Joel Greenblatt’s Magic Formula Investing section. However,
since this new test looks at portfolios of a much smaller size
(20 stocks per portfolio as opposed to Greenblatt’s 250), it
is far more precise and harder to pass than Greenblatt’s test.
If a screening model passes the test, it is safe to say that it
is effective at ranking and picking out good stock. By using
a model containing only one parameter, an estimation of the
predictiveness of the parameter can be obtained. This was done
in the second step of the optimization process to justify the
exclusion of P5 from the screening model. This is discussed
in depth in the Discussion section.

V. RESULTS

A. Identifying and dealing with anomalies

As explained in the Method section, a simple albeit impor-
tant data check is performed before commencing the actual
backtesting sessions. By doing this, it was found that the
share price of Fingerprint Cards AB (on the Stockholm Stock
Exchange) rose by some 1,500% between 2015-2016. Since
such an increase in share price can be considered unwarranted
for (especially knowing that Fingerprint Cards AB was later
put to a trading halt [20]), keeping that particular stock
in the data set for the backtesting would be problematic,
since it would skew the results towards parameter-weight
combinations favoring Fingerprint Cards AB stock. In other
words, Fingerprint Cards AB was excluded from the model.
No other anomalies were found.

B. Backtesting of employers’ original screening model

Over the time-period, if applied, the employers’ original
screening model would have performed as shown in Fig. 1.
In the table, both its performance on the Stockholm Stock
Exchange and on the NASDAQ-100 is displayed. The daily
returns of the model on the Stockholm Stock Exchange with
the remove variable set to True and the corresponding daily
returns of the SIXPRX benchmark index are plotted in Fig. 2.

C. First step in optimizing the screening model

As mentioned earlier, only the Stockholm Stock Exchange
data set is used in the optimization process. In this first

Fig. 1. Results from backtesting the original model over the time period 2008
to 2018.

Fig. 2. Results from backtesting the original model with the remove variable
set to True and the weight investment set to False.

step of the optimization process, four different models are
tested. The first model sets both the remove variable and the
weighted investment variable to False. The second sets the
remove variable to True and the weighted investment variable
to False. The remaining two models use the two remaining
possible combinations of the remove variable and the weighted
investment variable. The top ten highest-scoring parameter-
weight combinations (returns-wise) of the 3984 backtesting
sessions (996 sessions per model) using interval 0.1 for the
parameter weights are shown in Fig. 11, Fig. 12, Fig. 13 and
Fig. 14.

D. Second step in optimizing the screening model

The second optimization step only considered models with
the weighted investment variable set to False, which leaves two
remaining models: one setting the remove variable to True and
the other setting it to False. This step used a smaller weight
interval of 0.01. The two best parameter-weight combinations
for each of the two models are shown in Fig. 3. The total
return of each model, its excess return, its volatility and its
information ratio are displayed.

After analyzing the 1,992 different backtesting sessions (996
for the remove variable set to True and 996 for the remove
variable set to False), it was concluded that the optimization
converged towards four parameter-weight combinations (two
for each setting of the remove variable). These intervals for
optimal parameter-weight combinations are shown in Fig. 4.
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Fig. 3. Optimization results, best models.

Fig. 4. Optimization results, general models.

The annual returns for the two best parameter-weight com-
binations (one with the remove variable set to True and the
other with the variable set to False) are presented in Fig. 5
alongside with the returns of the benchmark indices SIXPRX
and NASDAQ-100. As can be seen, the optimal models
perform better than the original model even on NASDAQ-100.

Fig. 5. The two best models from the optimization backtesting results.

Fig. 6 shows a plot of the daily returns for the best model
with the remove variable set to True and the index SIXPRX.
Fig. 7 shows the same results but for the best model with the
remove variable set to False against SIXPRX.

The results from running the linearity test on the final,
proposed optimal model are presented in Fig. 8. This proposed
optimal model sets remove to False and employs the following
parameter-weight scheme: P1: 0.28; P2: 0.33; P3: 0.10; P4:
0.29. As can be read from the table, the model displays
linearity. Fig. 9 shows a plot of all quintiles along with the
daily return of SIXPRX.

VI. DISCUSSION

Before discussing the results, it should be noted that the
time period used for this study contains two major slumps in
both the NASDAQ-100 and the Stockholm Stock Exchange,
the first being the financial crisis of 2007-2008 and the second
being the European debt crisis which reached its climax in
2011. These bear markets can be observed in the return-over-
time graphs Fig. 2, Fig. 6 and Fig. 7. Since the data used

Fig. 6. Plot of optimal model with the remove variable set to True.

Fig. 7. Plot of optimal model with the remove variable set to False.

Fig. 8. Linearity results for the best optimal model with the remove variable
set to False.

for backtesting include large-scale dramatic declines in stock
prices, the proposed screening models can be expected to
perform well in the long term even though future financial
crashes might cause temporary declines in their accumulated
price.

A. Evaluation of employers’ original screening model

Judging from the table in Fig. 1 and the graph in Fig.
2, the original screening model performs well. However,
inspecting its performance more closely two things become
evident. Firstly, the model practically traces its benchmark
index from 2008 all the way up to 2015 when it finally
starts outperforming the benchmark. Secondly, the model is
outperformed by its benchmark index 6 out of 10 years. This
is not as bad as it sounds, since it is only outperformed
by a small margin. Besides, when the model outperforms
the benchmark, it does so with flying colors. Furthermore,
tracing its benchmark (as opposed to outperforming it) does
not mean the model is not profitable. On the contrary, tracing
a benchmark increasing in value is of course beneficial. To
summarize, the original screening model performs well even
though there is room for improvement.

B. Proposal of improvements to the screening model

The introduction of the remove and weighted investment
variables proved highly interesting. As can be seen from Fig.
13 and Fig. 14, setting the weighted investment variable to
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Fig. 9. Graph of the linearity results for all the quintiles with the remove
variable set to False.

True does in general not increase the returns of a screening
model or a portfolio. From this finding, it can be concluded
that for the many screening models run in this thesis, a higher
rank within a given portfolio does not necessarily equal a
higher return. In other words, the stocks providing the highest
returns might very well be located in the ”lower half” of the
portfolio. For this reason, it is recommended not to employ a
weighted investment scheme. Moreover, by investing equally
much in all companies within a portfolio, a higher level of
risk diversification is achieved.

Inspecting the results of setting the remove variable to True,
one notices that screening models employing an error-handling
scheme of removing companies lacking too much data from
the model in general perform slightly better than screening
models keeping the companies. One can find many reasons be-
hind this being the case. For instance, stock lacking too much
data (on the Bloomberg Terminal) regarding their free cash
flow might not be particularly profitable companies. Therefore,
by removing them from the screening model at run-time, it is
prevented that they are invested in. However, it should be noted
that employing a removal scheme (as opposed to assigning
companies lacking data regarding a certain parameter the worst
rank for the rank of that particular parameter) comes at a
certain risk. This risk becomes noticeable as the stock market
examined becomes smaller. If too many companies lack too
much data, there might not be enough companies left to invest
in after the error-handling has finished. This makes setting
the remove variable to True inconvenient at times, since as an
investor one would like to acquire a screening result containing
at least as many companies as one’s preferred portfolio size.
For this reason, it is recommended not to employ an error-
handling scheme removing companies lacking too much data.
Instead, one should preferably utilize an error-handling scheme
assigning the worst rank regarding the particular parameter for
which a given company lacks too much data (as is the case in
this thesis when the remove variable is set to False).

Through the optimization algorithm it was shown that
parameter 5 (P5) was practically non-predictive of the future
performance of a stock on the Stockholm Stock Exchange.
In other words, the results suggest excluding P5 from the
screening model. Furthermore, by running several thousands
of backtesting sessions using the remaining four parameters
and all possible combinations of their weights that sum up
to 1 (within the limits mentioned in the Method section),

parameter-weight combinations yielding higher returns than
the original model could be identified. Certain patterns were
observed in the output of the optimization algorithm. From
the patterns observed among the top-performing models in
the output, the optimization algorithm could be said to con-
verge towards the following parameter-weight combinations
(displayed within intervals):

With the remove variable set to False:
A 0.23 ≤ P1 ≤ 0.32; 0.26 ≤ P2 ≤ 0.37; 0.08 ≤ P3 ≤

0.11; 0.29 ≤ P4 ≤ 0.36, or alternatively
B 0.25 ≤ P1 ≤ 0.34; 0.25 ≤ P2 ≤ 0.41; 0.29 ≤ P4 ≤

0.40.
With the remove variable set to True:
C 0.00 ≤ P1 ≤ 0.10; 0.15 ≤ P3 ≤ 0.40; 0.50 ≤ P4 ≤

0.75, or alternatively
D 0.20 ≤ P3 ≤ 0.45; 0.55 ≤ P4 ≤ 0.80.
If one would like to employ an error-handling scheme

removing companies that lack too much data (i.e. a screening
model with the remove variable set to True), C gives us P1:
0.08; P3: 0.21; P4: 071 as the optimal parameter-weight com-
bination returns-wise. However, as mentioned above, using a
screening model with the remove variable set to False is a safer
bet. That leaves us with A and B. Since A employs all of the
four parameters, it can be regarded as more diversified than
B. Furthermore, A also provides a higher total return than B
over the backtesting period 2008-2018, why A will constitute
the ”optimal” screening model proposed by this thesis. Out
of the possible combinations within the intervals stated in A,
the following parameter-weight combination has the highest
total return as well as the best information ratio over the test
period: P1: 0.28; P2: 0.33; P3: 0.10; P4: 0.29. This is the
optimal parameter-weight combination given the input data.
Lastly, as shown in Fig. 8 and Fig. 9, this parameter-weight
combination passes the linearity test, which proves that the
particular parameter-weight combination is in fact adept at
screening stock and ranking companies according to what their
future performance is likely to be.

C. Societal implications of the study

More people are getting more educated, interested and
involved in how their money is saved. Information is more
accessible, companies (regular banks, niche banks and other
financial firms) are making investing easier, cheaper and
more entertaining for both amateur and professional investors.
Equity investments are gaining popularity, especially among
amateur investors. The results of this study shows that it is
possible to beat the benchmark index by choosing financially
high-performing companies relative other companies, in other
words stock-picking potentially pays off. This is contrary to
the growing industry of index-funds with the notion ”You can’t
beat the benchmark”, which is closely tied to the EMH. The
original model and the improved models showed great excess
return over SIXPRX during the same period, thereby rejects
all forms of EMH (strong, semi-strong and weak) since the
models are solely using historical financial data to select stocks
with high future stock market performance potential. The
study shows that investors are, to some extent, are irrational
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in buying stocks which creates a miss-match in the stocks
currently traded price and the intrinsic value, this gives other
investors opportunities to trade accordingly and make a profit.

Using a programmatic approach to create a screening model
with the ability to exclude and select stocks to invest in creates
opportunities to invest ethically, certain industries considered
”not ethical” can easily be excluded e.g. weapon, tobacco,
alcohol and gambling.

D. Suggested further research

There are many interesting aspects of this study left for
further research. Firstly, how would the model performed
during other time periods, shorter and longer time-spans as
well as historically further back. Secondly, it would have
been interesting to study the effect of introducing additional
financial parameters and how that would have affect the opti-
mization. Finally, how would the employer’s model perform on
other markets than those investigated, both in terms of entirely
different markets as well as combined markets, such as the
Nordic market.

VII. CONCLUSION

After presenting the results and discussing them, it is time to
return to the purpose of this thesis and its problem definition,
namely the question whether it is possible to beat the market
index in the long term by using an investment strategy based
on a screening model, which chooses stocks with fundamental
characteristics considered desirable by the screening model.
The answer is that it is very much possible to beat the
average of the market using a screening model. In the long
term the original screening model has been successful in
achieving excess return above the market average by selecting
qualitative stocks for a portfolio. It does require patience, as
the model might perform on par with its benchmark index
for an extended period of time, but, judging from the results,
screening models are adept at outperforming their benchmark
indices whenever the opportunity to do so is given. One should
also bear in mind that closely tracing the benchmark index is
not necessarily a bad thing. On the contrary, tracing a well-
performing index leaves you with a stable annual return.

Continuing on to the question whether it is possible to
programmatically identify how a screening model can be
improved, the answer is once again yes. Computer program-
ming is a powerful tool for automating tedious and repetitive
processes. Additionally, by analyzing and visualizing data, a
computer engineer is able to identify patterns, find anomalies,
locate areas of improvement and much more. For instance,
it was identified through data analysis that one particular
company on the Stockholm Stock Exchange skewed the opti-
mization results severely. It was found to be a stock possessing
the characteristics of an economic bubble. In other words,
its absurd increase in share price a particular year could
be considered unwarranted for given its fundamental values.
Therefore, keeping that particular stock in the data set for
the backtesting would have been problematic, since it would
have skewed the results. By excluding it from the data set at
runtime, more reliable results were ensured.
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Additional thanks to Tomas Sörensson at the department of
Industrial Marketing and Entrepreneurship, KTH for helping
us find the correct formula for calculating information ratios
for portfolios.

REFERENCES

[1] E. F. Fama, M. C. Jensen, L. Fisher, and R. W. Roll, The Adjustment of
Stock Prices to New Information. International Economic Review, 1969,
Vol. 10, pp. 1-21.

[2] Risk-Free Asset. Investopedia, U.S. [Online]. Available:
https://www.investopedia.com/terms/r/riskfreeasset.asp, Accessed
on: June 2, 2018.

[3] Basics Of Technical analysis. Investopedia, U.S. [Online]. Available:
https://www.investopedia.com/university/technical/, Accessed on: June
2, 2018.

[4] Volatility. Investopedia, U.S. [Online]. Available:
https://www.investopedia.com/terms/v/volatility.asp, Accessed on:
June 2, 2018.

[5] E. F. Fama, Efficient Capital Markets: A Review of Theory and Empirical
Work. The Journal of Finance, 1970, Vol. 25, No. 2, pp. 383-417.

[6] Dreman David N and Berry Michael A., Overreaction, Underreaction,
and the Low-P/E Effect Financial Analysts Journal, 1995, Vol 51(4),
pp.21-30.

[7] Andrew W. Lo and A. Craig MacKinlay, A Non-Random Walk Down
Wall street Princeton University Press, Princeton, NJ, USA: 2002.

[8] Lee, C.-C., Lee, J.-D. and Lee, C.-C., Stock prices and the efficient
market hypothesis: Evidence from a panel stationary test with structural
breaks Japan and the World Economy, 2010, Vol 22(4), pp.49-58.

[9] The Sveriges Riksbank Prize in Economic Sciences in Mem-
ory of Alfred Nobel 2017. Nobelprize, SWE [Online]. Available:
https://www.nobelprize.org, Accessed on: June 2,2018.

[10] Richard H. Thaler, Misbehaving: The Making of Behavioral Economics
W.W. Norton Company, New York, NY, USA: 2015.

[11] J. Greenblatt, The Little Book That Still Beats The Market. John Wiley
Sons, Inc., Hoboken, NJ, USA: 2010.

[12] Victor Persson and Niklas Selander, Back testing ”The Magic Formula”
in the Nordic region Stockholm School of Economics, 2009, Stockholm,
Sweden.

[13] Oscar Gustavsson and Oskar Strömberg, Magic Formula Investing and
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APPENDIX

Sammanfattning—Screening-modeller är verktyg som
används för att filtrera fram de aktier på en aktiemarknad
som med högst sannolikhet kommer att prestera bra inom
den närmsta framtiden. Själva screening-begreppet innebär
att de finansiella nyckeltalen för bolagen bakom aktierna
undersöks. Olika screening-modeller tittar på olika nyckeltal
(parametrar), eftersom olika investerare har olika preferenser
och tankar gällande vilka nyckeltal som är mest sägande om
en akties eller ett bolags välmående. Vidare sätter investerare
vikter på de respektive nyckeltalen som investeraren väljer
att inkludera i sin modell. I den här rapporten undersöks det
huruvida en modell för aktie-screening kan slå marknadsindex
på lång sikt. Det utreds också huruvida parameter-viktnings-
optimering kan användas för att förbättra en redan befintlig
screening-modell. Mer specifikt tar arbetet sin startpunkt i
en befintlig screening-modell som för närvarande används
av ett framgångsrikt kapitalförvaltarbolag. Genom ingående
dataanalys och en optimeringsalgoritm, undersöks det därefter
huruvida ett programmatiskt angreppssätt kan användas för
att identifiera hur modellen kan förbättras, både gällande
parametrarna den betraktar och vikterna som den tilldelar
parametrarna. Datan som används till arbetet består av
dagspriser samt årliga nyckeltalsvärden för alla aktier på dels
Stockholmsbörsen, dels NASDAQ-100 under tidsperioden
2004-2018. De erhållna resultaten pekar på att det är
möjligt att genom en screening-modell prestera bättre än
marknadsindex på lång sikt. Resultaten visar vidare att ett
programmatiskt angreppssätt är lämpligt för att optimera
screening-modeller.

Fig. 10. Magic formula investing results for the years 1988 through 2009.

Fig. 11. Top ten models from 996 backtesting sessions with both the remove
variable and the weighted investment variable set to False.

Fig. 12. Top ten models from 996 backtesting sessions with the remove
variable set to True and the weighted investment variable set to False.

Fig. 13. Top ten models from 996 backtesting sessions with the remove
variable set to False and the weighted investment variable set to True.

Fig. 14. Top ten models from 996 backtesting sessions with the remove
variable set to True and the weighted investment variable set to True.
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