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ABSTRACT. Linkages across different asset classes and relationships of inno-
vative financial products such as cryptocurrencies and global macroeconomic
events have made price and return predictions more challenging. This paper
investigates how Machine Learning (ML) technologies can be implemented in
two critical areas of active portfolio management. Specifically, we focus on
ML techniques which can be used in (i) fundamental and technical analysis, to
make better asset allocation decisions; and (ii) portfolio construction, to make
more efficient and optimized portfolios. We surveyed the existent literature,
including trends of ML in finance, and the main benefits and challenges such
technologies can bring to the portfolio management industry. Existing ML
applications’ benefits outweigh some costs in terms of human resources and
efficiency in financial decision making, with however some key challenges in
data quality, including understanding and interpretation of ML models which
need to be addressed.

1. INTRODUCTION

Various industries like healthcare, retailing, energy, and manufacturing have
been adopting centralized technologies such as artificial intelligence (Al) and de-
centralized technologies (blockchain), with the finance and banking sector leading
with investments made in such technology implementations (Cryptoverse, 2021a).
Blockchain technologies enabled the existence of decentralized financial (DeF1)
products, similar to those provided by traditional financial institutions. The ad-
vantage of DeFi over the traditional financial system lies in terms of a trustless
ecosystem which provides investors’ access to financing and investment products,
without the need to open a bank account. Adoption of latest technologies in the
finance arena has so far allowed for faster and cheaper transactions (Cryptoverze,
2021b). In the same vein, innovative financial products such as Bitcoin (BTC)
futures, Ethereum (ETC) futures, Bitcoin Exchange Traded Fund Futures (BTC
ETF) have emerged fast since the first cryptocurrency came out in 2009 (CME,
2022). Portfolio management also rapidly evolved with cryptocurrency portfolio
management applications such as Delta and Blockfolio which enable investors
to manage their portfolios of cryptocurrencies and altcoins using different tools
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like advanced charting, order books, and portfolio tracking. Al and other tech-
nologies’ invasion in the finance industry is however no without any cost. With
aggressive technology implementations in portfolio management, significant job
losses are expected in the medium term (Buchanan, 2019). This study provides
an overview of the different applications of ML in portfolio management, includ-
ing challenges and opportunities, to be able to better gauge the impact of ML
(being a subset of artificial intelligence) on the investment management industry
and the broader economy. While the hot topic of ML and portfolio manage-
ment can cover various critical areas such as client profiling, security analysis,
asset allocation and portfolio construction, portfolio rebalancing, and monitoring
of portfolio performance, we focus exclusively on asset allocation and portfolio
construction. The primary goal of portfolio construction lies in the ability to
mix financial assets which have individual risk and return attributes to achieve
a desired portfolio risk and expected return. Decisions to make such allocations
efficient and eventually optimal are traditionally based on security analysis driven
mostly by fundamental and technical analysis. While fundamental analysis in-
cludes the use of financial statements, financial ratios audited reports, board of
management speeches and interviews, consensus estimates and news headlines,
technical analysis rely mostly on using charts to capture historical characteristics
on price, volume, open interest, among others, to predict future price movements.
Although the finance literature is replete of evidence of fundamental analysis in
valuation of financial products, more recent work includes Gurrib and Kamalov
(2021) who used machine learning to predict BTC price movements. In the same
vein, Gurdgiev and O’Loughlin (2020) report that investor sentiment is a good
predictor of the direction of cryptos. Chen et al. (2020) also found that a rise
in fear leads to high trading volume and negative returns. Similarly, recent work
using technical analysis include Gurrib et al. (2022) who found that, despite oil
price drops, speculators can generate positive returns on energy cryptos using
Fibonacci retracements, a widely used technical analysis indicator. Gurrib et
al. (2021) found Ichimoku clouds to be useful in stock price predictions in the
energy sector. Gurrib and Kamalov (2019) improved the Relative Strength In-
dex (RSI), another populator technical analysis tool, yielding higher annualized
returns and risk for foreign currency and energy markets for developed and emerg-
ing economies. The field of technical analysis is growing with more innovative
tools including fractal adaptive moving average (Gurrib & Elsharief, 2016), dou-
ble crossover moving average strategies (Gurrib, 2016), and Average Directional

Index (Gurrib, 2018b).

1.1. Relationship between blockchain based markets and other financial
markets. Although cryptocurrencies are recent additions to asset classes, the re-
lationship between cryptocurrencies and other financial markets is not straightfor-
ward. For instance, Liu and Tsyvinski (2018) looked at whether cryptocurrencies
and equity markets behave in the same fashion, by analyzing whether returns
of Bitcoin (BTC), Ripple’s (XRP) and Ethereum (ETH) are compensated by
risk factors sourced from equity markets. Their findings support significant be-
tas and alphas from the capital asset pricing model. The shared relationship
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among cryptocurrencies is backed by Phillip et al. (2018) who reported that over
200 cryptocurrencies display many diverse stylized facts including long memory.
Katsiampa, Corbet, and Lucey (2019) who studied volatility spillover effects,
provided evidence that time-varying conditional correlations exist and are mostly
positive. Comparatively, Corbet et al. (2018) found cryptocurrencies markets to
have only limited connectivity with other asset classes such as commodity, equity
and bond markets. Gurrib (2019) reported that price indices of cryptocurrencies
were not strong predictors of energy cryptocurrency and energy commodities.
Gurrib (2018a) similarly reported that using an index constructed from most
used fossil fuels could not forecast key equity market indices movements during
the 2000 technology crisis. Likewise, Gupta et al. (2017) argued that volatilities
in futures markets rose gradually and are unrelated to other financial markets’
volatilities. Gurrib, Elsharief & Kamalov (2020) investigated the effectiveness
of using blockchain based energy cryptos onto the top energy stocks of the US
S&P Composite 1500 Energy Index using various techniques including machine
learning (ML) and found that energy cryptos did not have a significant impact
on equity portfolios.

1.2. Relationship between financial products and macroeconomic events.
While the relationship among financial markets is mixed, it gets further complex
when it comes to potential significant linkages between financial products and
macroeconomic news. For instance, Gurrib (2020) found that a unified financial
condition index provides poor predictions of the the most actively traded US
based currency pairs. Kristoufek (2013) looked at the formation of BTC price
and proposed that it cannot be explained by macroeconomic factors mainly be-
cause cryptocurrencies are not issued by a specific institution, suggesting that
global news may play more important roles than local news. This argument was
supported by Bouoiyour and Selmi (2015), who also reported that BTC is more
of a speculative bubble rather than being related to market forces. Wang and
Vergne (2017) used newspaper mention of BTC as a proxy for “buzz” and found
that high “buzz” was followed by low BTC returns. Gurrib et al. (2019) looked
at the effect of macroeconomic news on the top market capitalized based cryp-
tocurrencies and recommended the use of high frequency data to look at intraday
news and crypto price movement relationships. Compared to the above authors,
Van Wijk (2013) focused on macroeconomic factors, such as stock market indices,
oil prices and exchange rates, and found that certain foreign currency pairs, such
as Euro/USD and oil prices, share sizable relationships with BTC in the long run.
Lee (2014) studied the relationship between the attractiveness of BTC and its
demand and found this relationship was dependent on the type of news released
at a specific time. Liu & Tsyvinski (2018) analyzed the exposure of BTC, XRP
and ERP returns to macroeconomic factors and reported non-significant rela-
tionships. With some background on the complexity between financial markets,
between different asset classes and macroeconomic events, this paper looks at how
ML (a subset of artificial intelligence) can be used in portfolio management, in
the areas of asset allocation and portfolio construction, with a view to obtain bet-
ter portfolio optimized results using latest machine learning techniques. Due to



34 I. GURRIB

existing complexity across financial markets, and lack of consensus on the effect of
macroeconomic events on innovative financial products such as cryptocurrencies,
it is important to consider technologies such as ML which can help improve port-
folio performance eventually. This study contributes to the literature by focusing
on asset allocation and portfolio optimization using ML, thereby allowing portfo-
lio managers to encompass how such technologies can be beneficial and/or pose
serious challenges if implemented across functional areas of investment finance.
The rest of the paper provides some literature review with some guidance where
ML and finance research is heading, followed by how different ML techniques can
help achieve better results in the key areas of (i) asset allocation and (ii) portfolio
optimization. We rest out case with some conclusive remarks.

2. LITERATURE REVIEW

Before we dig into the advantages and challenges of ML in portfolio manage-
ment practices, it is important to appreciate how research in ML has exploded
in recent years. ML has been applied in various industries including healthcare
(Kamalov et. al, 2021), education (Kamalov, Sulieman & Calonge, 2021), secu-
rity (Kamalov et. al, 2020), forecasting (Rajab et al., 2022), finance (Kamalov,
2020) and others

Bartram, Branke & Motahari (2020) provides evidence of an exponential in-
crease in the number of Scopus research-based publications mentioning ML or ar-
tificial intelligence as keywords over the period 1996-2018. We similarly searched
“machine learning and finance” on Google Scholar in early 2022 with results
showing 39600 research work containing those keywords. At this juncture, it is
important to point out that Al and ML are terms which have been used inter-
changeably in finance, where ML is effectively a subset of the broader AI con-
cept. While ML encapsulates the use of machines to make decisions by relying
on historical data and learning, Al relates to the use of computers to imitative
cognitive functions of humans (Gu, Kelly & Xiu, 2020). Recent ML applica-
tions in finance include (Kamalov, Gurrib & Rajab, 2021; Kamalov, Gurrib &
Thabtah, 2021; Kamalov, Thabtah & Gurrib, 2021; Kamalov, Smail & Gurrib,
2020a; and Kamalov, Smail & Gurrib, 2020b). The explosive amount of research
work in the field of ML in finance, can be explained due to the area of technol-
ogy, as a contributing factor, which has been evolving rapidly recently. Recent
developments in technology can be summarized as (i) an increase in storage ca-
pacity with a more rapid computer processing, (ii) more variety and volume of
data, and (iii) easier accessibility and understanding of ML algorithms, bypassing
a lot of previously needed expertise in computer engineering. Although ML is
primarily adapting the different parameters of computer models (such as statis-
tical, econometric, probabilistic) by using data progressively, ML applications in
the finance industry, have mostly been using some rather specific classes of ML
techniques. Generally, these models consist of decision trees and random forests
(RF), support vector machines (SVM), genetic algorithms (GA), natural language
processing (NLP), least absolute shrinkage and selection operator (LASSO), arti-
ficial neural networks (ANN) and cluster analysis (CA). Among of these different
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categories, Bartram, Branke & Motahari (2020) support that NLP, ANN and
RF gained more attention relative to others in the last five years. NLP includes
techniques to process natural language data such as audio and texts. This is ben-
eficial when extracting information from financial news providers such as CNBC,
Thomson Reuters and Bloomberg, or sections of financial statements and other
reports which are of interest to different stakeholders such as the portfolio ana-
lysts, shareholders, prospective investors, and creditors. On the other hand, ANN
are non-linear regression models which learn the relationship between a training
set of input and desired output data, and then use the relationship model to pre-
dict the output of previously unused inputs. Last, but not least, random forests
average the outputs of several decision tree models to yield better forecasts, where
a decision tree classifies units based on features.

3. ML IN ASSET ALLOCATION

Asset allocation and return prediction decisions are heavily based on technical
and/or fundamental analysis. While fundamental analysis is based on estimating
the fair or intrinsic value of financial products such as stocks and bonds (Lev &
Ohlson, 1982; Lev, 1989; and Bernard, 1994), technical analysis attempts to find
historical patterns and use these to determine future price movements. Various
fundamental analysis models are the dividend discount model (Subramanyam
and Venkatachalam, 2007; Bodie et al., 2009), multiples-based models (Reilly
and Brown, 2002; Faerber, 2008), and discounted cash flows models (Bodie et
al., 2009, Penman, 1992). In line with the previous findings where NLP has been
used more extensively in recent literature, fundamental analysis has benefited
from NLP model significantly. In fact, ML models based on NLP can extract
valuable information from different sources of financial information such as news
announcements (Ke, Kelly, & Xiu, 2019; Schumaker & Chen, 2006; Gurrib & Ka-
malov, 2021), institutional reports (Azimi & Agrawal, 2021), and Twitter head-
lines (Singh et al., 2022). Compared to conventional textual analysis techniques
such as dictionary-based models which extract only individual words, ML can also
embed both sentence structure and contextualization. Technical analysis bene-
fited more specifically from the use of algorithmic trading, where trading models
or systems can collect and analyze high frequency data and act upon those within
a fraction of seconds, without the need of human intrusion, in a more efficient
manner. Due to the complex relationships involved across financial markets and
increasing number of financial products on the marketplace, ML models can pro-
vide close to real time decisions. Most ML models use price or volume to predict
future return movements of a variety of different asset classes such as ANN in eq-
uity markets (Fischer & Krauss, 2018); decision trees in equity markets (Coqueret
& Guida, 2018); genetic algorithm in foreign currency market (Manahov, Hudson
& Gebka, 2014); LASSO in the U.S. equity market (Chinco, Clark-Joseph & Ye,
2019); ANN in foreign currency and commodity futures (Dixon, Klabjan & Bang,
2017); NLP in equity markets (Renault, 2017) and NLP in the cryptocurrency
market (Gurrib & Kamalov, 2021). LASSO based models, which are ordinary re-
gression which diminish spurious coefficient estimates to zero thereby improving
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out of sample performance dramatically, have also gained traction around asset
allocation decisions (Gu et al., 2020). For instance, these models would provide
key information which industry or sector is the most important predictor of re-
turns in other specific industry or sectors (Rapach et al., 2019). This lead and
lag relationship among industry or sector returns can shed light which industries
are first movers relative to news announcements, suggesting portfolio managers
the need to focus on these key industries or sectors when important structural
changes occur. These structural changes can be caused by economic, regulatory,
or even environmental forces. For example, the returns from an energy-based
exchange traded fund (ETF) can be critically affected by the performance of
non-oil related sectors, sectors which would not generally be considered in tradi-
tional based modelling. At the security analysis level, LASSO models can track,
out of large number of predictive return variables, factors bearing the highest ex-
planatory values for future returns estimates (Feng, Giglio & Xiu, 2020). In the
same vein, Bew et al. (2019) trained a Bayesian ML model based on actual bro-
kers/analysts’ recommendations and found that best results are achieved when
there is agreement between analyst recommendations and the forecasts of the
ML model. Relying on such recommendation provide valuation information as to
which stock(s) should be considered for buying, holding or selling. ANN are also
successful in predicting asset returns. For instance, Gu et al. (2020) found that
ANN with three layers significantly outperformed other models including gradi-
ent boosted regression trees, ordinary least squares regressions, random forests
and LASSOs. ANN’s success can be attributed to neural networks’ abilities to
capture non-linear characteristics, due to its relatively larger number of avail-
able structures making ANN a relatively more effective learner. Dixon & Polson
(2019) extended fundamental factor model using neural networks to allow for
statistical interpretations, ranked fundamental factors such as price to earnings
ratio (P/E), price to book value (P/BV) and enterprise value (EV), and found
ANN to yield lower out of sample mean forecast errors than other models. Sim-
ilarly, Alberg and Lipton (2017) used features from fundamental factors on U.S.
stocks using recurrent neural networks and reported an improved equity portfolio
performance. Similar results were found in Bianchi, Biichner & Tamoni (2021)
who found deep neural networks to yield better excess returns in bond markets
relative to dense and sparse linear regressions. It is important to note however,
that in some cases (for example Arrieta-ibarra & Lobato 2015), other models
like support vector machines can outperform neural networks models, depend-
ing on parameter specifications. Consequently, to reduce bias in model selection,
an ensemble approach has been recently adopted, where an average of different
ML model results is used, as opposed to results from a single model (Borghi &
De Rossi, 2020). Furthermore, a critical area in asset allocation relates to the
co-variability which exists among each pair of financial products to be included
in a subsequent portfolio. Alternatively stated, the estimated covariances under
the Markowitz portfolio model plays an important role since these would affect
the portfolio risk value. Lopez de Prado (2016) used hierarchical cluster analysis
to substitute the covariance structure of financial product returns with a tree
structure. This led to more stable and robust weights in the portfolio allocation.
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For example, the excess return per unit of risk was more than 30% higher than
found under a traditional Markowitz (1952) model.

4. ML 1IN PORTFOLIO CONSTRUCTION

ML can also play a vital role in the execution step of the portfolio management
process, and more specifically in the portfolio construction stage. After having
selected specific financial products (like stocks, bonds, commodities, cryptocur-
rencies) from a mix of different asset classes (like equity, fixed income, and al-
ternative investments), a portfolio is usually constructed, while keeping in mind
some targeted portfolio risk and return. Some specific assumptions are typically
imposed on the portfolio construction, such as ensuring the highest Sharpe ra-
tio (excess return per unit of risk) or setting the smallest portfolio risk possible
given a set of financial products (a minimum variance portfolio). Traditionally,
the Markowitz Portfolio Theory (MPT) framework has been adopted to estimate
the expected return and risk of the portfolio. The model is however subject to a
few critics. Firstly, the correlation matrix becomes unreliable when return corre-
lations across financial instruments in the portfolio changes. Positive (negative)
correlations increase (reduce) the portfolio risk, where positive correlations would
defeat the purpose of adding those financial instruments in the portfolio in the
first place. Alternatively stated, positive correlations reduce diversification bene-
fits. Violating the assumption of stable returns correlations weaken the reliability
of the Markowitz model (Lopez de Prado, 2016). Secondly, optimal portfolios
which have the highest Sharpe values, are subject to uncertainty. Specifically,
expected returns are susceptible to future events which had not been witnessed
in past return performance. As expected returns affect the optimized weights,
this introduces the possibility of unstable weights which can perform poorly on
out of sample periods. ML tackles those two issues by (i) estimating more reliable
return and risk values, and (ii) using alternative non-linear approaches to yield
optimal portfolios with more robust performance for out of sample periods. For
example, Yu, Wang & Lai (2008) used a ANN which extended the Markowitz
mean-variance framework to allow for skewness features when constructing the
optimal portfolio. Similarly, Zimmermann, Neuneier & Grothmann (2002) used
more robust future expected return estimates in their ANN portfolio model by
including a Black & Litterman (1992) framework and reported higher out of
sample excess per unit of risk. Inspired by biological evolution such as reproduc-
tion, mutation and selection, evolutionary algorithm (EA) also started to play
an important role in portfolio construction. While a conventional mean—variance
portfolio selection aims at simultaneously maximizing the expected return of the
portfolio and minimizing portfolio risk, various constraints exists in the real-world
such as minimum buy-in thresholds or a limit to the number of different assets
in the portfolio. This leads to a non-convex search space. Branke et al. (2009)
found that envelope-based multi-objective EA outperformed existing other mod-
els. In the same vein, Skolpadungket, Dahal & Harnpornchai (2016) included
further objectives during optimizing a portfolio, by include a variable for model
misspecification, and reported a superior Sharpe ratio than when relying on only
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risk and return. Last, but not least, with massive explosion of financial products
such as ETF, ML can provide some benefits in terms of mirroring benchmarking
portfolio’s performance, without necessitating all the individual assets required
to create the benchmark portfolio. For instance, Lowe (1994) support that ANN
can provide a good proxy of the UK market index, the FTSE 100, by using on
7 stocks, as opposed to 100 stocks. The author essentially introduced feedfor-
ward network in portfolio management, where ANN can approximate non-linear
relationships in the data and optimize the portfolio by minimizing tracking error,
while capturing some of the FTSE 100 risk factors. This provides several ben-
efits including reduced transaction costs during periods of portfolio rebalancing,
and reduction in the costs of portfolio management in monitoring and reporting.
In the same line of thought, Heaton, Polson & Witte (2017) support the use of
deep learning (DL) hierarchical models which can improve portfolio performance,
given the extent of big data and complexity among different data. The authors
suggest that such DL allows to capture complex non-linear relationships, which
are for now, not visible in traditional financial /economic theory.

5. CHALLENGES FOR SUCCESSFUL ML IMPLEMENTATIONS

While the various benefits which ML bring to asset allocation and portfolio
management are quite apparent as discussed, some important challenges need to
be tackled. First, while sophisticated ML models such as ANNs can provide su-
perior results to traditional human based approaches, such models can also make
wrong decisions by imposing improper focus on spurious relationships among
variables. For instance, Avramov et al. (2019) find that ANNs find that some
models which were trained to select stocks with high returns select illiquid stocks.
Second, such models also add to the complexity when it comes to interpretation.
Simply put, portfolio managers would have a hard time explaining what the opti-
mized algorithm equation is all about, since it would not necessarily be based on
financial or economic theories. This can potentially lead to a weak assessment of
how ML models would behave in highly unpredictable events, which could result
in systemic risk, where various ML are making the same errors simultaneously.
For example, if various firms or investors are adopting contrarian-based strate-
gies, and the wrong model assumptions have been set, the complexity of ML
models would not provide the ability to the user to monitor and avoid potential
systemic risk. Further, due to the significant cost of creating new algorithms, this
would tend to suggest companies tend to acquire above off-the-shelf ones which
are adopted by many investment companies, at lower costs. Third, portfolio per-
formance attributions become more challenging, particularly, in times of poor
performance. For example, Barra trading models which decompose risk based on
multi-factors to explain short term fluctuations in stock returns, do so mostly via
linear relationships between returns and factors. With ML models not imposing
linear constraints, it becomes more challenging to explain to portfolio clients as to
why portfolios did not achieve as expected. Scarce work has been done so far to
facilitate ML successful implementations in the finance industry, to a level which
is easier to understand, interpret and convey to portfolio clients (Molnar, 2020).
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Last, but not least, even though a bigger amount and variety of data is available
compared to one decade earlier, data quality remains a critical area. To avoid a
garbage-in garbage-out outcome with ML, there should not only be a sufficiently
large dataset to train the ML models, but also a need to avoid replacing missing
values with statistical values like average. While all portfolios” product disclose
statements (PDS) will formally write that past performance is not necessarily
guaranteeing future performance, ML models can fail in predicting future asset
prices or returns if these models are not sufficiently trained with past extreme
events data. This can result in a higher possibility to ML models failing during
a crisis (Patel & Lincoln, 2019).

6. CONCLUSIVE REMARKS

Technology involvement in all key sectors of an economy has tremendously
been felt in the last decade. This has been helped with various events such as
cryptocurrencies adding new financial products like Bitcoin and Bitcoin futures
to the asset management industry. More importantly, machine learning and its
broader term (artificial intelligence) has moved into various areas of portfolio
management including asset allocation, algorithmic trading, portfolio construc-
tion, portfolio performance, and robo-advisory services. For the purpose of this
study, we focused on the asset allocation and portfolio construction and how ML
models have been implemented to some extent. Various ML models have been
successfully implemented in diverse asset classes ranging from equity, bond and
alternative investments such as cryptocurrencies, in determining future price or
return movements. While these MLL models also bring more efficient, timely and
less human (biased) interventions, there are still some important challenges ML
face in these areas. These relate to data quality, data sufficiency, and portfolio
performance attributions. Most importantly, the ease to understand, interpret
and explain ML model performance to portfolio clients, particularly in times of
poor portfolio performance, need to be addressed. Till then, portfolio analysts
and managers can continue to encompass simple ML models into their tradition-
ally human based work, to manage actively portfolios, on a timely basis.
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