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Abstract

This paper presents a new approach combining Genetic Algorithms (GA), Markov Chains and Risk
Parity strategies to create an asset portfolio neutral to market risk. GA is used to select ten companies
from the SP 500 index through technical and fundamental analysis. These ten companies are separated
into two groups (one group for long position investment and the other one for short-term investment).
The Markov Chain tool serves to determine how likely it is that a given company will have higher
returns than those mentioned in the SP 500 index. Finally, the weight of each asset in the portfolio was
determined by using a Risk Parity allocation strategy. The proposed approach was tested resorting to
companies included in the SP 500 index, and considering their performance between 2015 and the first
half of 2020. The results obtained for the testing phase showed that this is a market-neutral strategy,
as it achieved a return of 49.7% during the first semester of 2020, which corresponds to the early stages
of the new SARS-CoV-2 crisis. The average semi-annual return was 14.8%, while the average for the
whole SP 500 was only 3.9%.
Keywords: Financial Markets, Market-Neutral Strategy, Genetic Algorithm, Markov Chain, Risk
Parity

1. Introduction

When studying the stock market, a reliable forecast
of the next economic cycle is the key to success.
However, building a strategy that will survive any
economic cycle represents a great challenge. The
primary goal in portfolio construction is to get a
trade-off between return and risk. The pioneering
work developed by Markowitz (Markowitz, 1952)
remains valuable in modern portfolio theory, as it
studies how asset risk, return, correlation and diver-
sification can influence probable investment portfo-
lio returns. However, in periods of financial crisis,
such as that of 2008, many of the portfolios used
in the Markowitz model did not survive (Kaucic,
2019). As this model depends both on the expected
return value and on the correlation between assets,
the latter increased during the crisis, which led to
a decrease in diversification.

Unaware of the next economic cycle, a market-
neutral strategy is a way to build a portfolio that
eliminates the systematic risk of long positions. The
strategy seeks to generate investment returns that
are independent of the market environment through
a portfolio coupling long and short positions in dif-

ferent stocks (Wiley, 2005). In this work, we pro-
pose a portfolio including ten companies from the
Standard Poor’s 500 index (SP 500), which is the
most prominent index in the USA composed of 500
commission-selected companies listed on the New
York Stock Exchange or NASDAQ (National As-
sociation of Securities Dealers Automated Quota-
tions). The ten companies are separated into two
groups (an open long position group and an open
short position one). To select the set of ten com-
panies, we used an approach that combines Ge-
netic Algorithms (GA) to optimize the indicators,
Markov Chain to sort out how probable it is that the
company will have returns above those mentioned
in SP 500, and Risk Parity for portfolio allocation.
This article is organized as follows: Section 1 in-
troduces the problem and sets the goals; Section 2
presents some financial issues used in this study and
the proposed solution thereof; Section 3 describes
how the algorithm is formulated; Section 4 assesses
the system with real data; Section 5 reports the
main conclusions of this work and proposes further
studies.
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2. Background

This section provides fundamental concepts dealing
with market-neutral strategy, technical and funda-
mental indicators and evolutionary computation.

2.1. Financial Concepts

Market-Neutral Strategy does not take advantage
of market trends. The main goal is to find a set
of assets liable to produce higher returns than the
market and another set of assets producing lower re-
turns than the market (Johnson, 2014). This way,
this strategy is not dependent on how economy or
inflation evolve. Figure 1 shows how one can profit
from such a strategy when the market is either ris-
ing or falling. The key point is how to select the
assets above and below the index in the most ade-
quate way.

2.2. Financial Analysis

There are two types of financial analyses: Techni-
cal Analysis and Fundamental Analysis. Technical
Analysis is the investor’s prediction of the future
prices of financial assets relying on past informa-
tion based on price, volume, support and resistance
levels (Schabacker, 2005). Alternatively, one can
use Fundamental Analysis to conclude whether the
assets are undervalued or overvalued. Fundamental
Analysis probes anything that may affect security
value, be it microeconomic or macroeconomic fac-
tors (D. Owen). Both techniques presented above
have advantages and disadvantages. Therefore, the
safest approach to analyse the market is reconciling
the two analyses before investing.

2.3. Markov decision process and the genetic algo-
rithm

The GA was proposed in the 1960s by John Hol-
land, who introduced the concept of heredity, in-
spired by biological processes like evolution, sur-
vival, and adaptation to the environment. A differ-
ently featured population of individuals composes
the GA. Each individual is represented by a se-
quence of genes and each gene codes for a value
of a variable within the search space; this way,
each chromosome encodes a different solution for
the problem. This solution is evaluated according
to a fitness function that reflects how the individual
performs. The fitness function (A. Gorgulho, 2011)
uses Return on Investment (ROI) to assess each in-
dividual. To improve this model, usage is made
of ROI and Drawdown to analyse how exposed to
risk the algorithm happens to be (B. J. Almeida,
2018). If no change occurs in the population’s fit-
ness after generations (J. Nobre, 2019), hyper mu-
tation is used whenever no change is observed in the
obtained set of non-dominated solutions within the
span of 4 generations. A Markov Chain is a stochas-
tic process that satisfies the Markov property. This

means that if a series of random variables consti-
tutes a Markov Chain, the future state of each of
those variables only depends directly on its current
state (Maskawa, 2003). A discrete Markov Chain
has a countable state space, which includes all the
possible values that each variable may take. Usage
of Markov Chain to estimate companies’ expected
next-day return with historical prices, given the fact
that resorting to technical indicators might pose
problems, such as indicator choice and conflicting
indicators (Ying-Hua Chang, 2016).

2.4. Risk Parity
Risk parity is a portfolio allocation strategy using
risk to determine allocations across various compo-
nents of an investment portfolio. With a risk parity
strategy, the investor creates a portfolio with equal
risk contributions. It is about having each asset
contributing in the same way to the portfolio’s over-
all volatility. Suppose we have n risky assets and
a covariance matrix. The following optimization
problem helps to minimize the gap between each
contribution (Massimiliano, 2019).
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is the vector of marginal risk

contribution for the assets in the portfolio. Both
the minimum variance portfolio and the equally
weighted portfolio are presented, which indicates
that risk parity could be viewed as a compromise
between these two strategies (X. Bai, 2016). Fur-
ther remarks regarding this paper are in the con-
text of long-short portfolios, while the risk parity is
a more difficult problem as it could imply any of a
large number of solutions.

3. Proposed approach
The proposed solution is aimed at developing an al-
gorithm to trade assets in SP 500, in order to create
a portfolio neutral to the market using GA, Markov
Chain and Risk Parity. The system architecture is
implemented into two separated layers, where the
first layer is the choice of companies and the second
layer is the portfolio allocation.

3.1. Overall architecture description
This paper proposes a trading system that uses
daily closing prices from last year of each company
and the SP 500 ranking, other fundamental data
and the date when the company was added to the
SP 500. As the goal is to build a market-neutral
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strategy, it is necessary to create two groups. One of
them comprises five companies managing to achieve
the best performance in the following semester,
while the second group will include the five com-
panies with the worst performance in the follow-
ing semester. To come up with this selection, we
used the daily prices of the last year, 2019, to cal-
culate six indicators, financial data and the Global
Industry Classification Standard (GICS). To opti-
mize these indicators and build a ranking, a GA was
used in order to find the five candidates for both the
long model and the short one. After choosing the
ten companies, 50% of the capital is invested in each
group. However, in order to balance the portfolio
risk, no two companies share the same percentage
values. In order to find the percentages, the Risk
Parity associated with a GA is what determines the
target risk for each group.

3.2. Data pre-processing

When dealing with real-world data, it can prove
faulty, and, what is more important, data quality
may affect the results. Therefore, to improve its
quality, data needs to be pre-processed. The input
data is divided into two distinct sets: the training
data set used to train the model and the testing
data set used to test the performance of the model.

3.3. Markov Chain

A stationary distribution of a Markov chain is a
probability distribution that remains unchanged in
the Markov chain as time progresses. A market-
neutral strategy is based on the comparison between
company/index returns. Therefore, stationary dis-
tribution provides information about the stability
of a random process and, in certain cases, describes
the limiting behaviour of the Markov chain, which
can lead us to conclude whether the stationary vec-
tor is more likely to produce returns higher than
the index ones. The state 1 is when the company
has a daily return greater than the SP 500 index
and state 2 is when the company has a daily return
lower than the SP 500 index. The probabilities A,
B, C and D are:

• Transition A: Probability of going from a re-
turn status above SP 500 to a return below SP
500

• Transition B: Probability of maintaining a re-
turn above the SP 500;

• Transition C: Probability of going from a re-
turn status lower than SP 500 to a return
greater than SP 500;

• Transition D: Probability of keeping a return
lower than the SP 500;

• Section 5 - Conclusion marks the wrap-up of
this study and discusses further research.

To sort out whether a given company has a long-
term tendency to be above or below the index, the
stationary vector is calculated. The stationary vec-
tor is a vector needing to be multiplied by the tran-
sition matrix in order to obtain the same vector.

3.4. Technical Analysis

This module receives closed prices and applies own
technical indicators and two fundamental analysis
indicators (net profit and earnings per share), re-
sulting in a data set with eight features (presented
in table 1).

Table 1: List of all 9 variables outputted to the GA
module

3.5. Data normalization module

The data set shown in section 3.2 needs to be
normalized using the Min-Max normalization tech-
nique presented in Eq. 2, which will rescale every
feature in the data sets to the range of [0,1]. This
module is important because, in this way, no indi-
cator in Table 1 can dominate the data set

x′ =
X −Xmin

Xmax −Xmin
(2)

3.6. Genetic Algorithm

3.6.1 Chromosome Representation

The chromosome structure is an array of floats in
which each gene of the chromosome is the parame-
ter for each indicator (and its weigh, accordingly).
The values for each gene are randomly set between
zero and five. The structure of the chromosome is
shown in Table 2. This work uses 9 different genes,
6 of them being own technical indicators, 1 being
a stationary vector, and 2 referring to fundamental
analysis.
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3.6.2 Fitness function

The main goal is to measure the algorithm’s accu-
racy to choose the top five companies in each group.
In Table 2, two solutions are apparent. Individual
x has a total score of 5, while individual y has a
total score of 2. Thus, the individual x has a bet-
ter performance than individual y. If the individ-
ual chooses a company in the top 5, 2 points are
added; if the company is between 6th and 10th po-
sition, then 1 point is added; otherwise, points are
not added.

Table 2: Example of two solutions

Note that, when using the eq. 3, it is possible to
determine the precision of the individual. Precision
is defined as the number of true positives divided by
the number of true positives (TP) plus the number
of false positives (FP). The difference between this
equation and the model is that the companies in
the top five have different weights.

PR =
TP

TP + FP
(3)

3.6.3 Selection and Crossover

The selection method chosen was the Roulette
wheel, in order to define which individuals were to
be selected for the next generation. This method in-
volves assigning a proportion of the wheel to each of
the possible selections based on their fitness value.
This could be achieved by dividing the fitness of a
certain selection by the total fitness of all the selec-
tions. Then a random selection is made similar to
how the roulette wheel is rotated. While candidate
solutions with a higher fitness will be less likely to
be discarded, there is still a chance that they may
be discarded because their probability of selection
is less than 1. Once the selection step has been con-
cluded, the crossover method ensues. This method
employs a Two-Cut-Point crossover because this
method is slowed by the early convergence, thus
avoiding faster over fitting the final solution, com-
paratively with the One-Cut-Point crossover. Fi-
nally, the crossover operand has a 60

3.6.4 Mutation

Individuals may undergo mutation at the end of
each generation. Mutation is a random process that
depends on the mutation rate and on how likely it is
for each individual to get mutation. The mutation
rate was set as follows: each individual was 10%
likely to get a modification in one gene. When the
evolution process is beginning to stagnate and the
stop condition is not activated, the hyper mutation
technique is added after ten generations. In this
case, the mutation rate is increased to 20% and each
gene is randomly set between -5 and 5.

3.6.5 Stop Condition

The termination conditions of a GA are important
to determining when a GA run should end. There-
fore, the termination conditions shall prevent that
the GA has a premature termination and, on the
other hand, that it runs for too long while mak-
ing a small improvement. In this system, one of
two conditions has to be fulfilled for the GA to be
concluded: either the algorithm reaches 100 gener-
ations or there is no improvement in the average
fitness score of the population for 15 generations.

3.7. Risk Parity
To build a market-neutral model, the same level of
risk has to involve both the 5-company long po-
sition group and 5-company short position group.
Thus, the Parity Risk model is used to comply with
this requirement. Risk parity using volatility as the
measure of risk and a portfolio with equal risk con-
tribution from each company. In this system, the
risk target and the leverage are defined by the GA
with two genes. The fitness function measuring the
market-obtained profit by semester is called Rate of
Return (ROR) - obtained by eq. 4. Other submod-
ules such as selection, mutation and crossover are
the same.

ROR =
FinalCapital − InicialCapital

InicialCapital
(4)

When the investor does not intend to use lever-
age, the algorithm can select a target risk in which
the difference between the risk contribution of each
company increases because it has forced the mini-
mum weight to be at 15%, in order to guarantee di-
versity and that no company completely dominates
the portfolio.

3.8. Trading Module
The trading module is the one responsible for simu-
lating the architecture with real financial markets.
Its input is the trading signal output by the GA
module and financial data. The architecture was
tested from January 1st, 2015 to June 30th, 2020.
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The trading module starts as the user gets to define
whether leverage is enabled or not. This module
gives the long and short selection and the weight
of each asset in the portfolio. Finally, this module
conveys how much a semester returns.

4. Results
The financial data used for training and testing are
as follows: daily prices and fundamental analysis
(net income and earnings per share). The aim is to
test the system responsiveness when facing different
economic cycles in SP 500. The SP 500 index was
chosen because it is the one with the biggest trading
volume. Five case studies (Cs) were implemented
to analyse the impact of each type of indicator. Ini-
tially, a simple strategy is presented and, later on,
indicators will be progressively added until reaching
the final strategy.

• Cs1-A strategy that uses only indicators that
are calculated through the movement of weekly
prices.

• Cs2-A study of how adding the sector indicator
bears upon the strategy.

• Cs3-A study of how adding fundamental anal-
ysis indicators bears upon the strategy.

• Cs4-A study of how adding Markov chain bears
upon the strategy.

• Cs5-A study of the best way to achieve compa-
nies’ capital distribution.

4.1. Selection
4.1.1 Case study 1 – Technical Indicators

This case study is aimed at sorting out whether
the indicators calculated through the movement of
weekly prices prove sufficient to obtain a positive
result. In Tables 3 and 4 it is possible to identify in
each semester which one of the 10 best companies
ended up selected by the algorithm during the test
phase. The 10th-ranked company corresponds to
the worst option and the 1st-ranked one will be the
best option.

It can be seen that the worst period for compa-
nies to invest long was the second half of 2016 and,
in the case of companies applying for the short posi-
tion approach, the worst semester was the first half
of 2017. In both cases, the algorithm managed to
select top 10 companies 4 times. However, these
data are not sufficient to conclude whether the al-
gorithm performed well. The algorithm can present
an accuracy of, say, 3 companies in the top 10 and
the rest being the worst options among the candi-
dates. A good point in case is the first semester
of 2016 (Fig. 1), where the algorithm selected two

Table 3: Results of the selection of companies for
long

Table 4: Results of the selection of companies for
short

Figure 1: Worst result of the case study 1

top-10 companies for the long position model and
one top-10 company for the short position one.

The lack of success regarding this semester is due
to the selection of companies for the short position
approach. When selecting companies such as MUR
(return of 47%), CNC (return 92%), and SWN (re-
turn 69%) for the short position approach, there
would have to be long position approach companies
with an appreciation well above the average to com-
pensate for this appreciation. Thus, it is necessary
to understand the reason why the algorithm chooses
these three companies and why this group values
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above average. Since the algorithm uses data from
the last year to forecast the next semester, 2015
was analysed to ascertain the performance of each
of them. The three companies depreciated more
than half of their price in the previous year. Thus,
with these indicators, it was inevitable that the al-
gorithm would not classify them as weak companies.
Another observation that can be made is that the
three companies’ appreciation and depreciation oc-
cur at the same time, with a strong correlation. The
reason for this correlation is the fact that they all
belong to the same sector. These three companies
belong to the energy sector and so this strategy has
a problem of diversity and an imbalance of volatility
between the two groups.

4.1.2 Case study 2 - Financial Sectors

In order to fill the gap in the previous strategy, a
gene was added to identify which sectors should be
discarded from the portfolio and which sectors are
most important. When comparing the results of
this strategy with the previous results, one could
shift from 22 to 28 (in long position companies)
and from 26 to 29 (in the case of short position
companies). With this indicator, we could set aside
the bad result of 2016. However, another bad re-
sult appears in the second semester of 2019. The
average return of the short position companies was
19.2%, while the average return of the long group
was 7.22%. Figure 3 shows the accumulated return
of the companies selected for the short term invest-
ment.

Figure 2: Total change in the investment

Four of the 5 companies show sudden drops,
which is also an important point as the algorithm
“chooses” a good candidate for the short position
model. As for sectors, these companies belong to
the financial, real estate and consumer finance sec-
tors, so there is a diversity of sectors. Thus, it is
necessary to add more indicators that are not re-
lated to any fluctuation in prices or change of sec-
tors, because with this set of indicators, GA was

unable to let us conclude that these companies were
not a good option for a short position.

4.1.3 Case Study 3 – Fundamental Analysis

The purpose of this indicator is to apply the idea
that markets are not efficient. Should you abide
by this principle, you will find no company at a
fair price. In this way, it is necessary to find out
which companies are cheap and expensive. When
adding the Fundamental Analysis indicators, there
is no significant improvement in the choice of the
top 10. However, this indicator helped to discard
certain companies, as seen in the first semester of
2019 (during which companies were undervalued,
thus implying a recovery in the following 6 months).

4.1.4 Case Study 4 – All indicators

Finally, in order to find out which companies are
more likely to have higher and lower returns com-
pared to the SP 500 index, a Markov chain was
introduced. When implementing a simple Markov
chain with two states, the stationary vector of each
company is calculated, which provides long model
information (i.e. how likely it is to have returns
higher than the SP 500 index). A gene has been
added to the chromosome that defines the impact
of such an information. Observing the precision of
the algorithm (Tables 5 and 6), we may draw the
conclusion that this case study is the one with the
best results. As for the long position investment
group of companies, the algorithm was able to se-
lect 17 companies out of the first 5 and, in the short
position group of companies, the algorithm selected
16 out of first 5. While selecting the best com-
pany among all candidates, it was possible to select
4 times more in the long group than in the short
position one.

Table 5: Results of the selection of companies for
long

As it was not possible to access all the data of the
companies that existed in 2008 (in order to study
the performance of the algorithm in a crisis), an
in-depth study was carried out in the first half of
2020, at a time when there was biggest volatility in
the markets due to the Covid-19 crisis. March 23rd

corresponds to the minimum of the semester, with

6



Table 6: Results of the selection of companies for
short

a devaluation of 30% compared to the beginning
of the year. Figure 3 shows all companies that are
candidates in the long position model (upper graph)
and the short position one (lower graph).

Figure 3: Results for 1/1/2020 to 24/03/2020

The companies selected in green are those that,
in the case of the first graph, the algorithm “chose”
as the strongest ones; in the second graph, the 5
weakest ones are shown. In the case of long posi-
tion model companies, the algorithm selected only
2 out of the top 5 and the average return of the 5
companies was -21%. At this specific moment, out
of the selected short position companies, only one is
in the set of the 5 best companies for short invest-
ment. However, it is possible that this result will
change throughout the semester because the bal-
ance sheet is made every six months and, in this
case, we are analysing only the first 3 months. Fur-
thermore, if the portfolio were prepared for market
increases alone, at this point, the strategy would
have a return of -21%. If the investor, with fear
of greater losses, had closed all positions, he would
have needed a 27% return on the next investment
to recover his money. If the portfolio were only pre-
pared for market increases, at this point, the strat-
egy would have a return of -21%. Finally, if the
investor, with fear of greater losses, had closed all
positions, he would have needed a 27% return on the
next investment to recover his money. With the in-
version of the index, companies with a growth rate
above the average when the economy is growing are
expected to be the first to show signs of inversion

as soon as there is a sharp drop in the markets. In
figure 4, it is apparent that in the group of long
position model companies, 5 out of the 20 already
show positive returns, while only one of the long-
term model companies shows positive return.

Figure 4: Total change in the investment

4.2. Portfolio Allocation

4.2.1 Equal weights

If the investor chooses to divide the capital equally
amongst companies, he/she will get results as shown
in figure 5. This technique fails to ensure that the
two groups have the same volatility.

Figure 5: Results with equal weights

However, this difference may not be significant
because the companies have very similar volatil-
ities. With this capital distribution over the 11
semesters, ROI was lower than the SP 500 index
in 4 semesters. The worst semester was the first of
2017, with a loss of -3.3%, while the SP 500 index
showed a 7.3% ROI. The best result was obtained
in the first half of 2020, with a 43% ROI. If the
initial capital was 1000, it means that, at the end
of these 11 semesters, the investor would retrieve
3736.9 euros (assuming there are no commissions
and taxes).
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4.2.2 Risk Parity

Applying the Risk Parity optimization model (so
that each company contributes equally to the port-
folio risk) will turn out results as shown in figure 6.
Compared with the previous model, these results
do not represent an improvement because a higher
ROI was only observed in 4 semesters. Abiding by
this model will cause a worse final balance, since
investing in the same conditions means that, in the
end, the investor will be getting 33085.5 euros.

Figure 6: Results with Risk Parity

4.2.3 Risk Parity with GA

In the following case, the GA selects the level of
risk that the investor should be exposed to - and this
model delivers better results. As for this case study,
the ROI proves worse than the SP 500 index during
4 semesters. However, out of the three presented,
this is the one with the best final balance at 41460
euros. Figure 7 shows the strategy’s evolution dur-
ing the first semester of 2020. The strategy presents
negative values to the minimum of -10%. Subse-
quently, it recovers until reaching 60%, on May 7.
It should be noted that, the portfolio starts to show
positive returns right from when devaluation of the
SP 500 index begins. This is because short position
companies are able to compensate for long position
company losses.

Figure 8 shows the worst result recorded in the
first half of 2017, with a loss of -4.2%. It is possible
to identify a great volatility in comparison with the
SP 500 index, as a linear behaviour is detected. Af-
ter the strategy’s signal crossed with that of the SP
500 index for the second time, on March 7th, the
strategy never again managed to exceed the values
of the SP 500 index, recording a minimum at -8.6%.

4.2.4 Enabling leverage as regards the Risk
Parity with GA model

Finally, the same model, but with the leverage indi-
cator whereby GA chooses (between 1 and 2), which

Figure 7: Cumulative return with Risk Parity and
GA in 2020

Figure 8: Results with Risk Parity associated GA

level of leverage is best suited to maximize profit.
Looking at Figure 9, we go on 4 semesters worse
than the index. However, the final balance is the
one that presents the best result at 65065 euros.

Figure 9: Returns obtained by the system with
leverage

Chart behaviour is the same (with only an in-
creased volatility of the portfolio). While the other
2020 strategies managed to reach the maximum at
60%, 100% is reached in this case. As for 2007, -
18% was the minimum recorded. This means that,
if the investor had closed all positions, he would
have doubled his investment. The other side of the
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Table 7: Final Results

coin is that, while in the previous case it reached a
minimum of -10%, in this case it reaches -20%.

4.3. Incorporating all Strategies

Through table 7, we conclude that reduction of the
number of times that the strategy has lower ROI
than the SP 500 index was not possible in all mod-
els. However, due to the results obtained with any
of the strategies, the balance is above that of the
SP 500 index. Therefore, we can conclude that this
architecture can obtain better results than the SP
500 index. The best final balance of the 4 strategies
is when we enable leverage that gets an average ROI
of 21% per semester. However, it is also the one pos-
ing the greatest risk to the investor. It is a strategy
that must be applied to investors, allowing them
to be more exposed to risk (as losses can be huge).
The strategy presenting the least loss was the one
that assigns equal weights to each company. Dis-
tributing the weights equally in this strategy seems
to be a good option because SP 500 companies have
a strong correlation and their volatility is similar.

5. Conclusions

This work proposes an approach combining GA,
Markov chain and Risk Parity to generate a neutral
strategy capable of obtaining high returns indepen-
dent of whether the index is a bull or bear market.
One of the major conclusions that can be drawn is
that GA accuracy remains the same, whether cho-
sen companies’ approach is long or short. A sec-
ond conclusion is that associating GA to risk par-
ity to choose the risk target and leverage will im-
prove results. The balance of the semesters was
positive, achieving a return higher than that of the
SP 500 (regarding most of semesters), and an av-
erage return of 14.8% per semester without lever-
age (and 21% with leverage). It should be noted
that the strategy producing the best balance was
the one that resorted to leverage, but it is the most
risky strategy studied in this work. Out of the four
capital-distribution studies undertaken, none man-
aged to surpass the 8-semester mark better than the
Index one. Some ideas for further research (or some

potentially useful contributions to the strategy pre-
sented in this paper): development of a strategy
for monitoring assets throughout the semester and
identifying exit points in order to minimize losses.
Another valid task would be to investigate whether
adding more indicators could prove beneficial to the
strategy. Finally, developing a more robust Markov
model could also prove interesting.
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