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How machine learning is transforming portfolio optimisation
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THE investment industry is under-
going a transformation that is lar-
gely attributable to technological
advancements. Investment profes-
sionals are integrating new tech-
nologies, such as machine learning
(ML), across the investment proc-
ess, including portfolio construc-
tion.

Many asset managers are begin-
ning to incorporate ML algorithms
in the portfolio optimisation proc-
ess in seeking more efficient port-
folios than would be possible un-
der traditional methods, such as
mean-variance optimisation
(MVO). These trends necessitate a
fresh look at how ML is altering the
portfolio construction process.

Investors will benefit from a ba-
sic understanding of ML algo-
rithms and the impact these algo-
rithms have on their portfolios. Ul-
timately, the strategies used by as-
set managers to construct client
portfolios have a direct impact on
the end investor. So investors
should have sufficient awareness
of these methods as they continue
to gain in popularity. This article
aims to provide an overview of the
role that ML algorithms play in the
portfolio optimisation process.

The term “machine learning”
was first used by AL Samuel in
1959. Samuel conducted an experi-
ment by training a computer to
play checkers, and concluded that
the computer exhibited significant
potential to learn. These results
paved the way for further research
on this topic and led to the devel-
opment of increasingly powerful
and sophisticated ML algorithms
over the following decades. As a re-
sult, many industries, including in-
vestment management, have
adopted these technologies in
recent years.

ML algorithms are particularly
useful when it comes to analysing
high dimensional data or datasets
with non-linear relationships. This
is becoming increasingly common
with the rise of unstructured
data and other alternative data
sources.

Supervised and

unsupervised learning

The two main categories for ML are
supervised learning and unsuper-
vised learning. With supervised
learning, the ML algorithm detects
patterns between a group of fea-
tures (input variables) and a known
target variable (output variable).
This is referred to as a labelled da-
taset because the target variable is
defined. In unsupervised learning,
however, the dataset is unlabelled,
and the target variable is un-
known. Thus, the algorithm seeks
to identify patterns within the in-
putdata. Chart 1 describes some of
the common ML algorithms cur-
rently used by investment profes-
sionals.

Investment professionals ex-
pect new analytical methods to be
highly disruptive to the invest-
ment industry in the coming years.
Respondents to a 2022 survey of
more than 2,000 CFA Institute
members predicted that new ana-
lytical methods such as ML will be
the most significant disruptor to
jobroles in the next five to 10 years
among respondents. Chart 2 dis-
plays this result, along with other
expected disruptors to job roles.

The development of neural net-
works in the 1960s laid the ground-
work for many of the alternative
methods to portfolio optimisation
using ML. In addition, the emer-
gence of “expert systems” has led
investment professionals to rely
increasingly on machines to help
with solving complex problems.
Some of the early uses of expert
systems in finance
include trading and financial plan-
ning expert systems.

The use of ML algorithms in the
portfolio construction process has
grown in popularity in recent years
as investment professionals seek
additional ways to enhance portfo-
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Chart 1: Common machine learning algorithms in

investment management
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Chart 2: Factors expected to significantly disrupt
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These algorithms have many uses, including
speech and facial recognition.
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lio returns and gain a competitive
edge. In particular, integrating ML
algorithms in the portfolio con-
struction process can address the
challenges and limitations of tradi-
tional portfolio optimisation meth-
ods, such as MVO.

One major limitation of MVO is
thatit considers only the mean and
variance of returns when optimis-
ing a portfolio and does not ac-
count for skewness in returns. In
reality, however, investment re-
turns tend to exhibit skewness.
Specifically, research has shown
that growth stocks have higher
positive skewness in their returns,
on average, than value stocks.

To account for potential non-
normality in investment returns,
some investment professionals
have opted to construct portfolios
using  mean-variance-skewness
optimisation models, or even
mean-variance-skewness-kurtosis
optimisation models. These mod-
els, however, result in multi-objec-
tive optimisation problems. Artifi-
cial neural networks can efficiently
create  mean-variance-skewness

optimal portfolios to address this
limitation.

Another shortfall of MVO is that
it prevents investors from express-
ing their views on future asset per-
formance. An investor, for in-
stance, might expect bonds to out-
perform equities in the next six
months. The  Black-Litterman
(1992) model enables investors to
incorporate these perspectives in-
to the portfolio optimisation proc-
ess. An alternative approach is to
integrate  the  Black-Litterman
(1992) model with ANNs, which
has the potential to generate high
benchmark-relative returns with-
out taking excess risk.

The inputs in MVO are sensitive
to measurement errors, which is
especially true for expected return
estimates. Thus, MVO has the po-
tential to produce “optimal” port-
folios that perform poorly.

Reverse optimisation can be a
useful alternative to develop more
accurate expected return esti-
mates. Investment professionals
can then use these improved esti-
mates as inputs in traditional MVO
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to generate more efficient asset al-
locations. Investment profession-
als can also use ML algorithms
to predict stock returns and incor-
porate these estimates in MVO.

Alternatively, a recent study de-
veloped an enhanced portfolio op-
timisation approach, which con-
sists of using a correlation shrin-
kage parameter to improve esti-
mated Sharpe ratios and then
creating optimal portfolios based
on these estimates.

Covariance matrix

Finally, a major challenge in port-
folio optimisation is estimating the
covariance matrix, especially for
high dimensional data. Lasso (least
absolute shrinkage and selection
operator) models can address this
challenge by producing more accu-
rate estimates of the covariance
matrix than traditional methods,
which is a critical input for MVO.
What are the implications of
these trends for investment pro-
fessionals? Clearly, the investment
industry is rapidly evolving in re-
sponse to new technologies. In-

vestment professionals anticipate
that new analytical methods such
as ML will significantly disrupt job
roles in the coming years.

As aresult, practitioners are be-
ginning to integrate ML algorithms
across all areas of the investment
process. Many asset managers are
attempting to gain a competitive
advantage by creating portfolios
with higher returns for a given lev-
el of risk (ie, higher Sharpe ratios)
through the integration of ML algo-
rithms in the portfolio optimisa-
tion process.

Additionally, ML algorithms can
overcome many of the challenges
and limitations of traditional port-
folio optimisation methods. This
has led investment professionals
to seek more efficient portfolio
construction methods. Investors
will benefit from greater aware-
ness of these trends to better un-
derstand the impact of new optimi-
sation methods on their portfolios.
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