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Abstract

Factor investment strategies aim to capture persistent risk premia, enhancing risk-adjusted returns
over the long term. Traditional approaches, however, provide static exposure and fail to adapt to
changing market conditions. Factor timing introduces dynamic adjustments to factor exposures
based on expected market trends, with the goal of limiting risk, minimising losses and maximising
returns by favouring outperforming factors and avoiding underperforming ones. Although factor
timing presents opportunities to exploit market anomalies and inefficiencies, existing literature
offers mixed evidence on its effectiveness due to several challenges that includes, knowing when to
time factor adjustments during market fluctuations, creating reliable trading signals, accounting
for transaction costs, evaluating diversification in dynamic portfolios and limiting the influence of
manager’s skill when implementing a factor timing strategy.

This study addresses these challenges by using the Kalman filter, ARIMA forecasting, the Hidden
Markov model, copula-based diversification analysis, and a hybrid fund of funds approach. The
focus is mainly placed on the five most popular factors, namely momentum, value, growth, quality,
and size. A momentum factor timing strategy entails a portfolio optimisation process for construct-
ing a large-capitalisation pure momentum portfolio. The process includes a dynamic portfolio
construction criterion for selecting stocks, estimated from historical data of the United States
of America (US) large-capitalisation stocks from January 2013 to June 2023 and South African
(SA) large-capitalisation stocks from January 2013 to June 2024. The Kalman filter is applied to
assess historical performance, while ARIMA forecasting estimates expected returns and confidence
intervals. The mixture copula models are utilised to determine the dependence structure of a pure
momentum portfolio. The portfolio is constructed from a population of large-capitalisation stocks,
in which the top 20 stocks with the highest average momentum scores are selected. The value
versus growth factor investing framework is assessed and analysed using the US exchange-traded
funds (ETFs) from January 2013 to December 2024. A fund of funds is composed of the three
largest exchange-traded funds ranked by assets under management, listed in the US. The HMM is
used for factor timing.

The findings reveal that a dynamic, large-capitalisation momentum portfolio constructed using
historical criteria and optimised using a Kalman filter and ARIMA performed well when trading
costs were low. Copula analysis revealed that SA momentum portfolios were more diversified than
US equivalents. HMM showed value factors recovered faster after market downturns. A combined
value and growth fund of funds achieved higher returns than either alone. Comparing Kalman filter
and HMM revealed that shorter rebalancing periods improve factor timing effectiveness, suiting
active management styles. The HMM outperformed the Kalman filter. It turns out that factor timing
can enhance returns by exploiting cyclical factor performance, but effectiveness is constrained
by transaction costs and the need for frequent rebalancing. It is recommended that factor timing
should complement, rather than replace, static multifactor portfolios. Empirical results show that
HMM and Kalman filter methods can theoretically generate profitable trading signals, but practical
success depends on cost control and disciplined execution.

Keywords: ARIMA, factor timing equity, growth, hidden Markov model, Kalman filter, mixture
copulas, momentum, quality, size, value
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Chapter 1

Introduction

In every investment, there is a trade-off between risk and return. The returns over time can
be somewhat predictable, even when the market conditions change and investors overreact to
circumstances surrounding certain equities (Haddad et al., 2020). An investment is the allocation
of funds or resources towards different assets for the future generation of profit or returns (Reilly
and Brown, 2002). Investments can be broken down into different types of asset classes, namely
equities, bonds, property, cash and others.

* Equities are shares in a company that give investors partial ownership to companies they
are invested in (Ljungberg and Svedman, 2017). Investors that own shares in a company are
referred to as shareholders.

* Bonds are issued by governments and corporations to raise capital and they are debt securities
or shares, which pay investors monthly interest referred to as coupon rates. The invested
capital is fully payable when the bond matures. Unlike equities, bonds do not give the
shareholder partial ownership to the company (Andritzky, 2012).

* Property investments may include buying of property company shares or buying of physical
property for income purposes.

 Cash investments include fixed term cash deposit, savings accounts, money market securities,
and others.

An investment portfolio is a collection of assets, belonging to one or more asset classes, grouped
together with the objective of maximising returns (Cooper et al, 2000). Therefore, asset classes are
the basic building blocks for any investment portfolio. The process of selecting and constructing
a suitable portfolio taking into account desired returns, risk and diversification, is crucial (Lee,
2011). Every portfolio is constructed to fit a certain risk tolerance level (Hue et al., 2019). This
risk can be mitigated by diversifying the portfolio (Fosberg and Madura, 1990). For example,
investing in stocks with different industries or asset classes helps reduce risk, further ensuring
optimal favourable returns. It is believed that the higher the risk an investor is willing to tolerate the
higher the returns and vice versa, the more risk averse the investor is, the lower the returns (Kapoor,
2014; Schoenmaker and Schramade, 2005).

Investors typically have different risk tolerance levels. In modern portfolio theory (MPT) if a risk
averse investor has two options of portfolios that offer the same returns with different risk levels,
the investor will pick a portfolio with the lower risk (Koedijk et al., 2014; Liu, 2022). Investors



prefer efficient portfolios. An efficient portfolio is one that maximises the balance between risk
and return (Popescu, 2022). Essentially, investors tend to prefer guaranteed outcomes rather than
uncertainty in returns (Phelps, 2024). Risk-averse investors also require liquidity in the market.
The liquidity effect is crucial and ensures smooth functionalities of the financial markets. Amihud
and Mendelson (1991, 2006) show that expected returns are dependent on the liquidity effect,
hence, higher risk aversion is associated with low liquidity. Liquid assets can be quickly sold or
bought on the market which creates trust of efficiency, making a publicly traded asset desirable to
investors. Naik and Reddy (2021) reviewed the literature on liquidity and found that regulatory
policies, trading systems, volatility and corporate governance are some of the factors that play a
role in market liquidity, impacting expected returns. Liquid stocks have higher expected returns as
compared to their illiquid counterparts (Pdstor and Stambaugh, 2003).

1.1 Investment factors

Factors are systematic quantitative characteristics shared among asset classes or among equities.
Investment factors are the drivers of investment returns and capture different attributes of risk
and return (Bender et al., 2013). Factor investing is a quantitative approach popular for its
unique strategy that combines elements from both active and passive portfolio construction and
management styles. The most attractive attribute of a factor investing strategy is that it is rule-based
and aims to eliminate manager portfolio selection bias (Mainie, 2015).

There are a number of different factors that exist in the literature and for this research the focus
will be placed on the following investment factors, namely, momentum, value, growth, quality and
size.

* Momentum takes into consideration the historical trends of stocks, as documented by
Jegadeesh and Titman (1993), where they examined a strategy of buying stocks that performed
well in the past and selling stocks that performed poorly. It was found that past winners
continued on a winning streak and past losers continued on a losing streak. This factor can
be assumed in a sense of Newton’s laws of motion. An equity in a state of uniform motion
(upward or downward) tends to continue in that state of motion unless an external force
(either positive or negative market information) that impacts the price trend is applied to it
(Chang et al., 2014). Buying past winners was rewarded with outperformance, which was
not attributable to the systematic risk as well as reactions to certain stock factors. The results
also imply that there might be a compensation for investors’ slow reaction to factor prices,
also noting that short-term underreaction and long-term overreactions might play a role in
the prices of stocks (Hong and Stein, 1999).

 Value is based on the potential returns that a low-priced equity might have from an estimated
future value (Bender et al., 2013). Graham and Dodd (1934) laid the foundation for value
investing, which involves the process of buying underpriced or undervalued equities. Value
investing has evolved significantly but still draws on the foundations presented in that text.
The value factor remains one of the most popular factors in investing today. A value strategy
is characterised by the practice of buying seemingly under-priced stocks, i.e., trading below
perceived intrinsic value (Stagnol et al., 2021).

* Growth is focused on the earnings growth potential of a company as opposed to value which
is focused on stocks that are undervalued. The growth factor uses metrics that are essential for
determining or valuing the growth potential of a business, such as profitability, competitive
advantage and business strategy (Damodaran, 2012).
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* Quality does not have a standard definition but is generally measured by a combination of
fundamental characteristics such as company profitability, earnings stability, capital structure,
growth, accounting quality, dividend yield, and many more (Hsu et al., 2019; Lepetit et al.,
2021).

* Size maximises benefits during periods of economic expansion and quantifies the outperfor-
mance of small-cap and mid-cap stocks against large-cap stocks in the long-term (Brown,
2017). Banz (1981) looked at the relationship between total market value and returns of
stocks. The sample consisted of data from NYSE over a period of 1926 — 1975, and it was
found that smaller companies outperformed their larger counterparts, which is now known as
the size effect.

1.2 Factor models

Factors have a long history and a number of models were developed to explain the risk and return
trade-off relationship. These models capture the cross-section of returns and the influence of
each factor within a static multifactor portfolio (Back and Ober, 2025). The most popular and
fundamental models are the capital asset pricing model (CAPM), arbitrage pricing theory (APT),
Carhart four-factor model and Fama-French five-factor model.

1.2.1 Capital asset pricing model

Sharpe (1964) and Lintner (1965) introduced the capital asset pricing model (CAPM). The CAPM
focuses on one factor, the market factor, which drives investment returns. The CAPM is based on
the notion that there is a mean-variance linear relationship between expected returns and the market
variable, where other variables do not necessarily have an impact on returns.

The CAPM formula is given by

E(0;) = A+ i (E(p) — A), (1.1)

where F(J;) is the expected return for asset 7, A is the risk-free rate, 3; is the beta for asset i
(A beta greater than one is considered to be riskier than the market), F(y) is the expected market
factor return and E'(p) — A is the market risk premium.

The CAPM is a foundational model used for building advanced versions of factor models (Fama
and French, 2004). As research began uncovering more factors, there was a need for models that
could capture additional factors.

1.2.2 Arbitrage pricing theory

The CAPM set the foundation for the Arbitrage Pricing theory (APT). APT was developed by Ross
(1976). The APT is an alternative model to the CAPM, and captures multiple systematic factors
(Huberman and Wang, 2005).

E(0;) = XA+ B F1 + BioFo + -+ - + BinF, (1.2)



where F(6;)is the expected return of asset 4, A is the risk-free rate, 3;; is the sensitivity of asset i to
factor j, F) is the risk premium associated with factor j = 1,--- ,n.

Removing the risk free rate A results in Equation 1.3 an alternative version of the model.
0i = A= Bin(F1 = A) + Bia(Fo = A) + -+ + Bin(Fy — A) + €4, (1.3)

where ¢; is the asset-specific risk or the error term.

1.2.3 Fama-French three-factor model

Fama and French (1992) expanded on the earlier CAPM Model with their three-factor model, an
asset pricing model that includes size, value, and excess returns on the market.

dit = A=y + Burr(pr — A) + Bsmp - SM By + Bramr - HM Ly + €, (1.4)

where d;; is the return of asset ¢ at time ¢, A is the risk-free rate, «; is the intercept, p; is the
return on the market portfolio at time ¢, SM By is the return spread of small-cap minus large-cap
stocks (Size), H M L; is the return spread of high book-to-market minus low book-to-market stocks
(Value), and ¢;; is the error term. ¢, — A represents the excess returns of the market over the
risk-free rate.

1.2.4 Carhart four-factor model

The Carhart (1997) model adds momentum factor onto the Fama-French three-factor model. Carhart
introduces the fourth factor which is momentum, which can be used for forecasting future returns
using both risk-based and behavioural-based explanations to determine returns.

dit = A=y + Burr(pt — ) + Bsmup - SM By
+ Bumr - HM Ly + Bump - UMDy + €5, (L.5)

where ¢ is the return of the market portfolio and U M Dy is the return of past winners minus past
losers (momentum).

1.2.5 Fama-French five-factor model

The Fama and French (2015) model also builds on the earlier three-factor model, which adds two
factors: profitability (which uses operating profit where stocks with high operating profitability are
subtracted from stocks with low operating profitability) and investment (which is the amount of
capital invested in a company for its growth and maintenance).

dit = A= + Burr(pt —A) + Bsmup - SMBy  + Bumr - HM Ly
+ Bryuw - RMW; + Boma - CMA; + €5, (1.6)

where RMW; is the robust minus weak (profitability) and C'M A; is the conservative minus
aggressive (investment).



Factor models explain returns of static multi-factor portfolios, however, they may not be able
to capture the dynamics of returns when market conditions fluctuates (Lleo et al., 2024; Ahmed
et al., 2019). Factor models are one dimensional they do not show the hidden observations and
breakdown returns into different components. Hence, state space models will show the time-varying
breakdown hidden observations of equity returns. Historical investment data constantly switch
between recurring hidden states, indicating that some time variations in the parameters exists. State
space models are better suited to explain the time varying relationships between observed and
unobserved hidden variables.

1.3 State space models

A model of a collection of time-dependent random variables X;, where teS is known as a stochastic
process, where X; is a random variable, ¢ represents the time period and S is the time set of random
variables which may be discrete or continuous. If the statistical properties of this process remain
constant over time, then the process is known as stationary (Shumway and Stoffer, 2017).

State space models consist of observed random variables and unobserved counterparts known as
hidden states. The hidden state within the state space model refers to the part of the data that is
unobserved or not directly observable. Figure 1.1 illustrates an example of a general state space
model with observed random variable X; and the hidden states O;.

X1 @ Xit1

Figure 1.1: Diagram of a state-space model.

1.3.1 Kalman filter

The Kalman filter is a state-space model, which is used to estimate future values, where information
is constantly coming into play (i.e. noisy sources), it is useful in filtering, as well as providing more
accurate forecasts based on historical data. The Kalman filter is recursive in nature and iterative; it
works by estimating the state from noisy measurements. The Kalman filter is explained in more
detail in Section 2.3.2.

1.3.2 Hidden Markov Model

Asset prices are dependent on the latest information and as a result exhibit the Markov property,
i.e., the probability of future asset prices is not known and may depend on currently available
information, which can drive prices either up or down. A Markov process is one where the latest
value in the process implies that there are enough details to attempt to forecast future values of the



process. The hidden Markov model (HMM) has the Markovian property. The HMM is explained in
more detail in Section 4.2.1.

The Kalman filter and the HMM are both state space models, their main difference lies in the
nature of the unobserved hidden states. In the Kalman filter the hidden states are continuous and
in the hidden Markov model they follow the discrete Markovian chain meaning that the current
state only depends on the immediate previous state and not on the entire historical data. State space
models are more suitable for generating factor timing signals.

1.4 Factor timing

Portfolios constructed based on factors tend to be superior, for example, Ang et al. (2009), Chow et
al. (2011), Amenc et al. (2014) and Bessler et al. (2021) found that portfolios that are focused on
factor exposures provide higher returns compared to sector allocated portfolios. A portfolio with
multiple factors tends to perform better than a portfolio with just one factor, for example, Lester
(2019) found that multifactor portfolios outperformed single factor portfolios, and the correlation
between factors decreased as the number of factors increased.

Factor timing is a process in which factor exposure is adjusted for portfolio return enhancement,
by identifying periods of expected outperformance or underperformance and adjusting the portfolio
allocation of factors (Haddad et al., 2020). Aiming to limit risk, minimise losses and maximise
returns by limiting exposures to underperforming factors. This process is done for the purpose of
obtaining higher than average returns for both short and long-term horizons. This strategy is not
easy especially when factoring in the uncertainty of forecasting returns (Metcalfe, 2018). Factor
timing is a challenging endeavour, and while there are many ways to implement it, the strategies
can be broadly categorised into three main types, namely predictive or active, reactive and defensive
(Neo et al., 2024).

There are numerous factors documented in the literature commonly referred to as the "factor zoo"
(Cochrane, 2011). While many of these factors meaningfully contribute to explaining expected
returns, a large number of them are redundant (Feng et al., 2020). Therefore, when implementing a
factor-based investment strategy, it is crucial to identify the most significant factors (Bartram et al.,
2021). Neuhierl et al. (2024) applied a factor timing strategy on more than 300 equity factors by
combining multiple predictors using partial least squares and found that factor timing produced
significantly higher results compared to static multifactor portfolios. Li et al. (2023) highlights
the role of economic policy in the Chinese market and found that economic policy uncertainty can
significantly contribute to the success and effectiveness of timing the factor zoo. A high number of
factors has lead to an increase in incomparable results across factor timing strategies, making it
difficult to compare findings due to the sheer volume of factors involved. Cross-sectional research
indicates that factors can interact in complex ways, and differences in factor selection and timing
methods contribute to greater variability in factor timing results (Hodges et al., 2017; Blitz, 2023).

Research has produced mixed results on the effectiveness of a factor timing strategy. Some
research studies show that factor timing can be an effective strategy. For example, Lehnherr et
al. (2025) proposed a shrinkage-based framework for timing equity factors in a high-dimensional
setting and found that it produced significant returns when using macroeconomic and factor-specific
predictors. Factors tend to be cyclical in nature and Polk et al. (2020) found that multifactor rotation
timing strategy performed better compared to a static multifactor strategy. Kagkadis et al. (2024)
found that using portfolio characteristics with dimension-reduction techniques improved factor
timing accuracy and investment performance compared to traditional predictor-based methods.
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Bender et al. (2018) found that factor timing can offer marginal benefits when tailored to the right
predictors and horizons, but its success is limited by time-varying relationships and risks of data
mining.

While some studies highlight its effectiveness, others argue that it is not a successful strategy.
Hence, there remains an ongoing debate about the true efficacy of factor timing. For example,
Giamouridis (2017) found that factor timing is challenging and it may be more beneficial to diversify
weakly correlated factors. Madhavan et al. (2020) found that factor timing has limited benefits.
Ammann et al. (2020) found that the managers attempting factor timing are unsuccessful at timing
in general. Boudoukh et al. (2019) found that returns might not be as predictable as indicated
by the majority of the literature. Studies such as, Aiken and Kang (2023), Clare et al. (2022), Li
(2025) and Chin and Gupta (2020) assessed a manager’s skill contribution to factor timing and its
implications on returns. When accounting for this skill, the results also vary, further highlighting
the mixed evidence regarding the effectiveness of factor timing.

1.5 Problem statement

Factor timing research consists of varying findings and conclusions, leading to a lack of consensus
on the effectiveness of a factor timing strategy (Hotze et al., 2024). The main challenges of factor
timing include

1. Timing and adjustments of factors during market fluctuations.
Developing reliable trading signals.
Accounting for the effects of transaction costs on factor timing strategies.

Diversification assessment of dynamic factor portfolio construction.

A

Manager’s skill to time factors can be a contributing factor to a successful factor timing
strategy.

Equity factor timing strategies seek to enhance the traditional smart beta or factor investment
strategies. Another significant challenge is the large number of factors documented in the literature,
which limits the comparability of factor timing results. The focus is placed on the five most widely
recognised factors, namely momentum, value, growth, quality, and size. These challenges are
addressed by:

1. Using the Kalman filter to assess historical performance, developing trading signals as well
as adding the ARIMA forecasting methodology to estimate the expected performance and the
confidence intervals. An iterative process that can incorporate new information as it becomes
available and further enhance the monitoring and rebalancing process of a factor portfolio.
This adaptive approach enables the portfolio to capitalise on time-varying return anomalies
as they occur.

2. Assessing the transaction costs when implementing a Kalman filter factor timing strategy.

3. Using the hidden Markov model with switching and the Kaplan-Meier method to identify the
hidden states from historical daily returns and identify the persistence in days of the hidden
states. This provides a length in time in which a factor will produce low returns, raising an
opportunity to time factors during periods of underperformance.
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4. Using Measures of association, namely mixture copula models to determine the association
and dependence of stocks within a factor portfolio to assess the diversification. This shows
the behaviour stocks within a factor portfolio in extreme conditions.

5. Using funds of funds to provide a hybrid approach to factor timing which reduces the effects
and influence of a manager’s skill to time factors.

1.6 Aim, objectives and research questions

1.6.1 Aim

To develop an effective equity factor timing framework using the Kalman filter and the HMM.
Furthermore, to compare the Kalman filter and the HMM strategies and determine which state
space model produces better results.

1.6.2 Objectives

The objectives of the study are:

i. To identify existing equity factor timing strategies in literature.
ii. To develop a factor timing framework using the Kalman filter and the HMM.

iii. To compare the Kalman filter and the HMM factor timing frameworks, for momentum, value,
growth, quality and size factors.

iv. To determine which state space model factor timing strategy produces higher returns.

1.6.3 Research questions

1. What are existing factor timing strategies?

ii. What effects will a factor timing strategy have on portfolio returns using Kalman filter and
the HMM state space models?

iii. Can factor timing be successfully done by state space models?

1.7 Data collection and analysis

This research used publicly available data collected from the Yahoo finance database. This data
will be helpful in providing practical investment universes (Samples) to be analysed even further as
compared to taking the data of the entire market (population).



Table 1.1: Summary of data sources and periods used per chapter

Chapter

Type and description of data

Data range for factor timing

Chapter 2

This chapter makes use of large capitalisation
stocks listed on United States stock exchanges.
No specific exchange (e.g., NYSE or NAS-
DAQ) is isolated; rather, the focus is on the
market capitalisation of the stocks found on
the Yahoo database.

01 January 2013 to 30 June 2023

Chapter 3

A comparative study is conducted between
large capitalisation stocks from the United
States (No specific exchange) and those listed
on the Johannesburg stock exchange (JSE) in
South Africa.

01 January 2013 to 30 June 2024

Chapters 4 and 5

These chapters focus on US-listed exchange-
traded funds (ETFs). These ETFs are cho-
sen based on their assets under management
(AUMs)

01 January 2013 to 31 December
2024

1.8 [Ethical considerations

The research proposal study was submitted to the Faculty of Natural and Agricultural Sciences
Research Ethics Committee (FNASREC) at the North-West University for clearance and compliance
with the ethical standards of academic research and received clearance to proceed. This research
will be conducted using secondary data, which is publicly available to develop an equity factor

timing framework.

1.9 Outline of thesis

The thesis consists of the following chapters.

Chapter 1: Introduction
This chapter presents the introduction, factor definitions and outlines the aim and objectives.

Chapter 2: A comprehensive high pure momentum equity timing framework using the
Kalman filter and ARIMA forecasting.

This chapter presents the momentum factor timing results using the Kalman filter and ARIMA
forecasting

Chapter 3: Evaluating portfolio diversification of large-cap momentum stocks with measures
of dependence.
This chapter evaluates the momentum large-cap portfolio diversification using the measures
of association.

Chapter 4: A comparison of value and growth investment strategies using the HMM with
switching and the Kaplan-Meier method.
This chapter compares the value and growth factors and factor timing using the HMM.



¢ Chapter 5
This chapter compares the Kalman filter and HMM investment factor timing strategy results.

* Chapter 6: Conclusion
This chapter provides the conclusions and recommendations.
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Chapter 2

A Comprehensive High Pure Momentum
Equity Timing Framework using the
Kalman filter and ARIMA Forecasting

Abstract

The pursuit of higher returns has led to a growing interest in factor timing as a strategy to enhance
portfolio returns. Momentum is a popular factor, which involves buying securities that have shown
consistent price appreciation over the past 3 to 12 months or past few years, with the expectation that
the trend will continue and reducing exposure to those that consistently declined. An important part
of a factor timing strategy is in the portfolio optimisation process. This article aims to first construct
a large capitalisation pure momentum portfolio, which includes a dynamic stringent portfolio
construction process criteria for selecting stocks estimated from historical data. Secondly, as part
of the portfolio’s risk management strategy, adding the Kalman filter to the historical performance
of this portfolio. Lastly, using the ARIMA forecast to estimate expected performance and the
confidence intervals. The empirical results show that this pure equity momentum factor timing
framework with the Kalman filter together with the ARIMA forecasting methodology is iterative
and can incorporate new information as it becomes available and further enhance the monitoring
and rebalancing process. This adaptive approach enables the portfolio to capitalise on time-varying
return anomalies as they occur.

Keywords

Factor investing, factor timing, investment style factors, Kalman filter, momentum, return pre-
dictability.
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2.1 Introduction

Momentum is a popular factor, which involves buying securities that have shown consistent price
appreciation over the past 3 to 12 months or past few years, with the expectation that the trend
will continue and reducing exposure to those that consistently declined. This factor takes into
consideration the historical trends of stocks, as documented by Jegadeesh and Titman (1993), where
they examined a strategy of buying stocks that performed well in the past using a sample that
spanned over a period of 24 years (from 1965 to 1989) and found that past winners continued on a
winning streak and past losers continued on a losing streak; buying past winners was rewarded with
outperformance which was not attributable to systematic risk and investors’ reactions to certain
stock factors. Their results also imply that there is a compensation for investors’ slow reaction to
factor prices, where short-term underreaction and long-term overreactions might play a role in the
prices of stocks, especially in the short-term (Hong and Stein, 1999).

Factors have a long history and have evolved since the introduction of the capital asset pricing
model (CAPM) by William Sharpe (1964) and John Lintner (1965), where it was believed that only
the market factor was the driver of investment returns. The CAPM set the groundwork for further
developments of factor models, which later led to the arbitrage pricing theory (APT) by Stephen
Ross in 1976. The APT is an alternative model to the CAPM, and it is one of the foundational
models which showed that investment returns could be modelled by more than one factor, due to
the existing linear relationship between expected investment returns and other response variables
(factors) (Huberman and Wang, 2005). This further led to the Fama and French (1992) three-factor
model, an expansion of the earlier CAPM, which included size, value, and market excess returns.
Carhart (1997) further expanded on the Fama and French three-factor model by adding momentum
as a fourth factor.

Timing strategies aim to limit risk, minimise losses and maximise returns by limiting exposures
to certain stocks with the consideration of future market trends. Treynor and Mazuy (1966)
conceptualised the idea of market timing, where they attribute a manager’s skill to be a contributing
factor to the success, or lack thereof, of obtaining favourable returns. The expectations of the market
factor increasing or decreasing would lead to the manager adjusting the portfolio positions by
either increasing exposure or decreasing exposure based on market expectations. They included 57
mutual funds in the study, and ultimately found that at the time, none of the funds were successful
at outperforming the market. The main difference between market and factor timing is that a market
timing strategy includes the overall market trend analysis, and factor timing is rule based and
focuses on a portfolio’s factor exposure.

Equity factor timing aims to potentially increase returns by buying or holding equity factors that
are expected to outperform and selling those that are expected to underperform, essentially taking
advantage of market anomalies and inefficiencies. This is an important part of factor investing,
presenting unique opportunities to generate alpha. Though timing can be a challenging endeavour,
in this article the Kalman filter is applied as an iterative aspect of the process.

This article starts with the introduction of momentum and factor timing, followed by factor
timing overview in Section 2.2. Methodology is in Section 2.3, the framework is in Section 2.4,
the empirical results are in Section 2.5, the transaction costs are in Section 2.6, and finally, the
conclusion is in Section 2.7.

16



2.2 Factor timing overview

There is a growing interest in factor timing as a strategy to enhance portfolio returns. This is
supported by a growing level of research consisting of varying opinions and findings, where some
find factor timing to be an effective strategy and others find it does not produce abnormal returns,
especially when faced with high transaction costs and market movements amongst other factors
that impact returns. Traditional momentum strategies may not yield the desired returns, and after
Gupta and Kelly (2019) studied momentum extensively to prove that factors can be timed based
on recent historical performance, they found that adding factor timing as a strategy was beneficial
with positive returns. Further comparing the returns from a traditional momentum strategy showed
that adding time series momentum factor timing into a portfolio as a strategy also yielded better
results. Momentum equity factor timing is based on the assumption that during market upswings
this strategy will outperform, enhance portfolio returns, and reduce risk.

A portfolio manager’s skill can be attributed to returns, leading to the assumption that skill is also
an important aspect of a successful factor timing strategy. For example, Osinga et al. (2020), found
that hedge fund managers are better suited for incorporating factor timing as a strategy, which is
the main contributor to positive factor timing returns. Daniel et al. (1997) analysed returns from
125 passive portfolios in comparison to their respective benchmarks and found that factor timing
was unsuccessful and it might not be a strategy that could be applied successfully to reach optimal
results for passive funds, noting that the manager skill would be the main contributing factor if
funds produce desired results. Aiken and Kang (2023) used a holdings-based approach to assess
the impact a manager’s skill might have on the performance of a fund. This was used for portfolio
selection and factor timing skills, and found that the manager’s skill plays an important role in
the generation of alpha. Clare et al. (2022) found that experience may be a contributing factor
to timing returns, as managers that combine experience with skill are better equipped to bring
positive portfolio returns than managers who rely solely on skill. Another contributing factor is that
a manager with a stake in the fund tends to be more careful when managing the fund, as this will
directly affect their income. Hence, skill with experience is much better than skill without much
experience.

However, an overreliance on a manager’s skill might be detrimental and will have the opposite
results, as shown by Drew et al. (2005), where the portfolio selection process, accuracy of
forecasting future returns and their factor timing abilities were assessed. The reliance on managers’
skills produced disappointing results, and might not be beneficial to the general investor. Forecasting
based on past performance is not the best way to estimate future returns, especially if the time
period is short. The relationship between portfolio construction and stock selection process does
not result in a successful factor timing strategy, implying that the manager’s stock selection
ability is not directly linked to a successful factor timing strategy. Hedge funds are different from
passive investments because they are actively managed, whereas, passive investment strategies
have restrictive rules compared to active management, especially how frequently trading can occur
within a portfolio. Davies et al. (2019) took a passive investment equity momentum and value
factor strategies approach, which are widely popular especially for the ease of accessibility and
affordability, and found that the Sharpe ratio decreased significantly for both momentum and
value strategies within the passive investment space. Due to the rules in place, a passive factor
investing strategy may perform differently and may even underperform as opposed to an active
factor investing strategy for value and momentum, which may outperform and provide a higher
Sharpe ratio. Fergis et al. (2019) suggested a framework which might be more beneficial for passive
funds which intends to maintain and reserve capital in periods such as recessions and market
downturns and use methods of factor diversification to minimise the risk of being exposed to certain
factors. In a multifactor portfolio market, signals can be used for a successful defensive factor
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timing strategy, which is more passive as opposed to most proposed factor timing strategies. In order
to successfully apply a defensive factor timing strategy, there has to be a number of measurements
such as the level of risk that can be tolerated and a factor diversification strategy. Zheng et al.
(2024) showed another approach to factor timing, which relies on sentiment, however, executing a
momentum sentiment timing is challenging as momentum is rule based and requires more than
sentiment for it to work as a strategy. A timing strategy works because of the predictability of
factors, implying that factor timing can be added to factor exposed funds as a strategy, adding that
expected factor premiums may be due to the reward of systematic risk (Souza, 2020).

Momentum outperformance can, for example, be attributed to the industry of stocks. Moskowitz
and Grinblatt (1999) found that industry-specific momentum showed significant differences in
returns and improved profitability, and this might be used to explain persistence in momentum
strategies returns anomalies. George and Hwang (2004), on the other hand, found that momentum
investing strategies’ outperformance can be attributed to the 52-week high price that takes into
account the performance of underlying stocks, which also plays a large role in the forecasting
results of momentum returns. A momentum strategy can be impacted by behavioural biases and
market sentiment, which persists during market downturns (Karki and Khadka, 2024). Short-term
momentum can be subject to reversals and affect the short-term performance of a momentum
investment strategy, overall, this strategy tends to persist (Huang et al., 2023).

There are many factor timing strategies and frameworks that can be used, such as a factor rotation
strategy, which aims to maximise the benefits of factor exposure. Kwon (2022) found that there
were exploitable return differences in equity factors when combined with economic factor analysis,
which may be used as a factor timing strategy by rotating the factors in accordance with economic
outlooks. Aked (2021) used three methods, namely, historical returns, economic cycle, and factor
discount with momentum, and found that information within the economic cycle was already
reflected in the factor discount and momentum. Factor’s discount and momentum strategies should
provide better limited returns, and there is a greater need for continuous improvement of forecasting
methodologies of future returns which remains a great challenge in investment management. Chin
and Gupta (2020) set out a framework that seeks to assess a factor timing strategy that can attribute
and contribute to returns by taking the difference between long- and short-term factor investing
strategies, where the significant contributor to returns was the stock selection process. However,
ultimately a factor timing strategy failed to outperform.

The main question might be this: can factor timing be used in practice? Asness et al. (2018)
attempted to answer this question using momentum, value, and style premia, which showed that
though factors are expensive, they are not as expensive as they used to be, and that factor timing
cannot not be justified as a strategy as there is still lack of substantial evidence to prove that it
can outperform. The value factor showed some promise if it is within a single factor portfolio as
opposed to a multifactor portfolio.

Time series predictors and cross-sectional tilting presents some benefits, however, the benefits
of fundamental and technical time series predictability are not enough to offset the transaction
costs required for a factor timing strategy, which makes cost effectiveness difficult (Dichtl et al.,
2019). Asness et al. (2017) examined a value factor timing strategy, noted that a basic performance
forecasting method might be enough to predict future returns and an attempt to outperform a
traditional passive buy and hold strategy is not easy and furthermore attempted to answer the
question of whether a factor timing strategy will be beneficial or detrimental to returns. There are
challenges to value investing as it is not enough for forecasting and timing of the market. Further
cautions against the simplicity of ex-post contrarian which might be applied in a factor timing
strategy, and concludes that a value timing strategy will be improved by adding a momentum
component into it, which produces minimal performance levels.
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2.3 Methodology

2.3.1 Portfolio construction, diversification and monitoring

One of the most commonly used portfolio construction methods is the Markowitz (1952) mean-
variance optimization model, in which a risk averse investor is inclined to expect compensation
for the risk taken. Expected returns can be optimised by diversification, in a momentum equity
portfolio construction process of selecting stocks and allocating a percentage to achieve the
stipulated investment objectives with a specified risk tolerance. Diversification of a momentum
equity portfolio involves spreading exposure across different industries for risk reduction.

Suppose a momentum portfolio only has two stocks with weights w; and ws. The portfolio will
have a variance as,
2

2 2 2 2
0, = W07 + w305 + 2 - wiwz0i2, 2.1

where 012, is the variance of the portfolio and o2 is the covariance between the returns of assets 1
and 2. This portfolio will be considered well-diversified if the two stocks have a low correlation

coefficient estimated by:
012

0'1'0'2’

P12 = (2.2)

where p12 is the correlation coefficient between the returns of assets 1 and 2, —1 < p12 < 1. This
two stock portfolio will have a diversification benefit (DB), where there is a reduction in portfolio
risk, given by:

DB = o1 + 09 — 0p. 2.3)
To monitor a momentum equity only portfolio, returns will have to be estimated on a regular
basis, together with the standard deviation and Sharpe ratio (i.e., a measure for the risk-adjusted
performance), as well as the tracking error which is the difference between the portfolio return and

the benchmark return. Included as well is the information ratio to estimate the active return of the
portfolio compared to the benchmark. The portfolio return is given by:

Rp = Z wiRi, (2.4)
=1

where R, is the portfolio return, w; is the weight of the i-th asset in the portfolio, and R; is the
return of the ¢-th asset. The Sharpe ratio is defined as,

_Rp_Rf

Op

SR (2.5)

where R, is the portfolio return, Ry is the risk-free rate, and o0y, is the standard deviation of the
portfolio return. The tracking error is defined by:

TE = \/Var(R, — Ry), (2.6)

where Ry is the benchmark return. The information ratio is defined by:

pr_Rb

IR
TE

2.7)
The portfolio variance on its own is limited and there are a number of different ways in which

risk can be estimated. Some of the ways to estimate risk includes the downside risk, shortfall
probabilities, value at risk (VaR), conditional value at risk (CVaR), and the maximum drawdown.

19



Although investors are interested in the balance between risk and return in most cases, they are
more interested in the maximum value they could lose, which is the downside risk. The downside
risk is also known as the semi-variance defined by:

“w
SV = / (r — )2 f(r)dr, (2.8)
—0o0

where SV is the semi-variance of return, y is the expected return, r is the return on the investment,
and f(r) is the probability density function of the return. In some cases, the level of tolerable losses
is specified to estimate the shortfall risk, which is the probability that the loss will fall below the
specified benchmark level (L). In this case an investor will not accept a risk that the loss will fall
below what has been specified. The shortfall probability is given by:

L
SP=P(r<L)= / f(r)dr, (2.9)

where f(r) is the probability density function of portfolio returns and r is the return on the
investment. The VaR is the maximum loss of a portfolio at a particular confidence level and it is
defined by:

VaR, = inf{r e R: F(r) > a}, (2.10)

where « is the significance level. The CVaR is the expected value of losses exceeding the VaR
defined by:

—VaRg,
/ f(r)dr, (2.11)

—00

CVaR,, =
11—«

The maximum drawdown (MD) is the difference between the peak and trough before the next peak

occurs defined by:
Peak — Trough

Peak
where the peak is the highest point and trough is the lowest point.

MD = x 100, 2.12)

2.3.2 Kalman filter and ARIMA forecasting

The Kalman filter was developed by Rudolf E. Kalman in 1960, where the Wiener problem was
formulated and solved to obtain the attributes of a linear state of a system where vector spaces were
taken into consideration. The results were a set of equations that are stochastic optimal estimators,
iterative and recursive in nature, which are used to estimate the state of a system. New information
can be incorporated into the model as it becomes available, making it better suited for a factor
timing strategy. An investment in a state space dynamic may be affected by new information
which affects returns causing them to significantly vary with time, where the state space evolves in
line with the discrete time stochastic model. The autoregressive integrated moving average model
(ARIMA) is a time series model, which uses historical data to forecast future values. The Kalman
filter and ARIMA model are both used for prediction, and combining them improves prediction
accuracy. Using the mean square error estimation method found in Shumway and Stoffer (2017),
the state transition from time ¢ to ¢ + 1 is given by:

A1 = @A + 04, (2.13)

where Ay is the state vector A at time ¢ i.e., the state vector A; represents the current state of
the momentum factor and can also be considered to be a simple autoregressive time series model
(AR(1)). ¢ is the state transition matrix from time ¢ to ¢t + 1. 6, is the Gaussian white noise process
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with a known covariance matrix. The observation equation is given by
By = HA; + 6, (2.14)

where B is the actual measurement of A at time ¢. H is stationary and does not contain noise,
as well as shows the relationship between the state vector and the measurement vector. ¢; is the
Gaussian white noise process with a known covariance matrix. 6; and ¢; are independent of each
other. B, is the observed momentum factor values or returns, and H represents the relationship
between the observed momentum factor and the underlying momentum state.

¢ =E[097],. (2.15)

¢ =E[557],, (2.16)

where ( and ¢ are the uncertainty, i.e., volatility in the state transition, which captures the uncertainty
in how momentum evolves over a period of time.

Py =Elmn! ] = E[(A — A (A — A)T], 2.17)

where the covariance matrix of the estimation error quantifies the uncertainty in the estimated state.
This is related to the mean squared error, the expected value of the squared estimation error is
equal to the error covariance matrix. The covariance matrix quantifies the uncertainty in the state
estimates. The mean square error is essential in quantifying the uncertainty in the estimated state
and is crucial in the update and prediction steps of the filter. The update step of the Kalman filter,
where the prior estimate is combined with the measurement data is given by:

Ay = A, + K,(HA, + 6, — HA)), (2.18)

where A; is the prior estimate of Ay gained by knowledge of the system and K is the Kalman gain.
Hence,

BzEKU—&Hm%—ﬁwJ@@(U—&H%&—&%J@@T. (2.19)

P = (I - KH)P/(I - KH)T + K £(Ky)T (2.20)

where P, is the prior estimate of P; and A; — A, is the prior error estimate at time .
P,=P —K,HP, — PH'K! + K, (HP,H" + §)K[. 221

The derivative of the trace matrix is

dgg Y _ —2(HP))" + 2K, (H"PH +¢) = 0. (2.22)
The Kalman gain is, therefore,
Ky=PH'(HPH" + &)~ (2.23)
The update equation is, therefore,
P,=P —PH'(HP,H" + ¢)"'HP,. (2.24)

P,= (I — K.H)P,. (2.25)
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Let 77; 1 be the prior error at time ¢ + 1 and defined by
M1 = 9(A — Ay) + 0. (2.26)

Mesr = @ + O 2.27)

Prior error at the next time step (¢ + 1) is related to the prior error at the current time step (¢) and
the process noise 6;. Let P, 1 be the error covariance matrix at time ¢ + 1:

P,y = E[(en, + 0:)(om, + 00)71. (2.28)

P, = @Bl + ©E['07] + ¢E0m,") + E[0:07), (2.29)

where 77, and 6; have no cross-correlation, E[1,0] | = E[6se;”] = 0. Therefore,
P = pPpT +¢. (2.30)

The error covariance matrix at the next time step (¢ + 1) is related to the error covariance matrix at
the current time step (%), the state transition matrix ¢, and the process noise covariance matrix (.
The final Kalman filter equations are illustrated by the following five steps, 1. State Prediction:

At—i—l\t = ¢At|ta (2.31)

predicts the state at time ¢ 4 1 (At+1|t) based on the state estimate at time ¢ (flt‘t) and the state
transition matrix (). 2. State covariance prediction:

Py = SOPt\#PT +¢, (2.32)

predicts the error covariance matrix at time ¢ + 1 (P 1);) based on the error covariance matrix at
time ¢ (P;), the state transition matrix (¢), and the process noise covariance matrix ©).
3. Kalman gain:

Ky = Py HY(HP ) HT + 67 (2.33)

estimates the Kalman gain (K1) based on the predicted error covariance matrix (F; 1)), the
measurement matrix (H), and the measurement noise covariance matrix (§). 4. State update:

Apirjeer = Apprpe + Ko (Ber — HA ), (2.34)

Updates the state estimate at time ¢ 4 1 (Atﬂ‘t“) based on the predicted state at time ¢ + 1
(At+1|t), the Kalman gain (K1), and the difference between the actual measurement (B;41) and
the predicted measurement (4 Atﬂﬁ). 5. Error covariance update:

Pipijpr1 = (I — Kyn H) Py, (2.35)

Updates the error covariance matrix at time ¢ + 1 (P4 1)411) based on the predicted error covariance
at time ¢ + 1 (P41);) and the Kalman gain (/;41). The Kalman filter steps here do not include a
multistep ahead predictor, thus, as a part of the continuous risk monitoring process, the following
addition to the Kalman filter is added for forecasting and signal purposes. The state transition
and observation equations are in a simple autoregressive model form (i.e., AR(1)), therefore, the
proposal here is to add an ARIM A(p, d, q) (where p - autoregressive term, d - integrated order
required for stationarity, g - lagged forecast errors moving average term) process for a multistep
prediction (forecast) after the Kalman filter has been applied, as well as estimate the confidence
intervals. The general form of an ARIMA(p,d,q) process is

p(B)(1— E)'A; = 0(E)dWr, (2.36)
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where F is the back shift operator in the form FA; = A;_; and W, white noise process with a
known covariance matrix, (1 — E)? is integrated of order d. AR(p) is defined by:

P(E) =1—1E — paE* — ... — @, EP, (2.37)
and M A(q) is defined by:
O(E) =1+ 0,E+0E* + ...+ 0,E". (2.38)

The Kalman filter starts off with the state transition and the observation equation as AR(1) processes.
Thus, the M A part of the model is set to be of order ¢ = 0, and integrated of order d = 1 for
stationarity of the returns. The historical prices only need to be differenced once to achieve
stationarity, resulting in an ARIM A(1,1,0). The ARIMA model will be applied to the Kalman
filtered data. Estimating the multistep prediction interval is preceded by determining the forecast
error and the prediction error. The multistep forecast error is defined by:

77771L+m = Aptm — A2+m- (2.39)

An

n+m

= " Ap. (2.40)
The multistep prediction error is defined by:

PTL

n+m

=Var(Apym — Ap ) = Var(ng, ) (2.41)

The multistep prediction interval is, therefore,

Ap i £ 2e\ [Py, (2.42)

where n is the number of observations and m is the number of prediction steps.

2.4 Proposed framework

The proposed high pure momentum equity timing framework is illustrated by the flow chart in
Figure 2.1. The process starts with the overall stock data, from which the population of large
capitalization stocks will be selected. This process ends with the portfolio rebalancing, followed by
the portfolio performance evaluation.
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e Stock: large-cap? . .
o Market-cap > $20 B? No Exclude from population

Include in population

e 3,6,9 and 12 months

. momentum scores Portfolio construction No .
Estimate: . . . Exclude stock from portfolio
e Sharpe ratios criteria satisfied?

e Standard deviations

Yes

Include in portfolio

Portfolio monitoring Portfolio metrics

Portfolio construction

Apply Kalman filt L o
PPl fraiman hiiter criteria monitoring

ARIMA forecasting P(?l’tf(?ll() cpnstructlon
criteria satisfied?
No
Yes
Buy or sell signal consistently No Hold
generated over the rebalancing period? 0

Portfolio rebalancing

Portfolio performance evaluation

Figure 2.1: Momentum equity timing framework. Authors’ own contribution
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2.4.1 Data

The population consists of 540 large capitalization US listed stocks, with more than $20 billion
dollars in market capitalization. The historical data period was set to be from 01 January 2013 to 31
December 2023, taken from the Yahoo finance database. The portfolio criteria was used to select
momentum stocks. This resulted in an initial portfolio of 54 stocks.

2.4.2 Portfolio construction criteria

The portfolio construction process is an important part of a factor timing framework, and starts off
with defining the investable universe population of stocks, followed by estimating the momentum
scores, Sharpe ratio and standard deviation. The momentum score is estimated by:

P — P
MS =115 % 100, (2.43)
Pt—s

where P, is the current price and P;_; is the price at the beginning of the period. The market
capitalisation (MC) is estimated by:

MC =PS x OS, (2.44)

where PS is the current market price per share and OS is the total number of outstanding shares.
After all the metrics above have been estimated, the next part is defining the portfolio selection
criteria. The stocks that fit the below criteria are included in the portfolio.

1. 3-months momentum score > 10%
2. 6-months momentum score > 15%
3. 9-months momentum score > 20%
4. 12-months momentum score > 30%
5. Sharpe ratio > 0.7

6. Standard deviations < 0.25

Momentum gains are subject to short-term reversals, therefore the thresholds are conservative. A
Sharpe ratio above 0.7 is considered good. The standard deviation of below 0.25 is low risk and
low volatility. The above criteria is set to limit the risk of investing in momentum stocks.

2.4.3 Portfolio rebalancing and performance evaluation

Portfolio rebalancing is a process where some stocks will be bought (added into the portfolio) and
sold, to ensure that the stocks are still within the initial criteria. The market upturns and downturns
may change the metrics used in the construction process to change significantly; rebalancing
maintains the asset allocation criteria (Kimball et al., 2020; Fischer et al., 2021). The rebalancing
period is followed by the portfolio performance evaluation, which involves assessing returns earned
within the rebalance period (Plastira, 2014).
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2.5 Empirical results

Table 2.1 presents the initial portfolio constructed using the selection criteria.

Table 2.1: Initial portfolio constructed using the selection criteria.

Symbol Description 3-Months 6-Months 9-Months 12-Months  Sharpe Ratio Standard Deviation
NVDA  NVIDIA Corporation 1059433136  16.78126421 80.43768882 246.0983373 1.26710737  0.028147058
AMZN  Amazon.com, Inc. 1736443269 16.6794663  46.16643281 77.04498134 0.851726283  0.020567677
META  Meta Platforms, Inc. 1536404764  23.75359013 64.84724951 183.758223  (.795465724  0.02412872
AVGO  Broadcom Inc. 3430537794 28.64431864 78.66948701 106.2686067 1.187161527  0.021668064
NVO Novo Nordisk A/S 1269062621 30.39886221 31.09779796 53.00867092 0.839034754  0.016593725
COST  Costco Wholesale Corporation 18.38221012 25.24164456 36.42349095 50.06235101 1.028850178  0.013021139
AMD  Advanced Micro Devices, Inc. 4274233413 27.27508552  53.76029982 130.2561877 0.926067692  0.036203874
ADBE  Adobe Inc. 144819853  22.95706727 54.90068416 77.07466218 0.950663157  0.019874772
INTU  Intuit Inc. 2091908102 38.89376618 42.8613522  60.94612887 0.886367935  0.018753059
PDD PDD Holdings Inc. 46.79442184 1052321443  99.87705418 73.08647778 0.77998403  0.048813747
NOW  ServiceNow, Inc. 27.24276698 25.51566016 48.40668172 83.26588592 0.911687887  0.025500119
BX Blackstone Inc. 23.24061869 40.44177126 65.45178543 78.09046953 0.887277843  0.0214946
MU Micron Technology, Inc. 25.95177023  34.20639753  50.04574591 70.59995941 0.748027812  0.028166555
ETN Eaton Corporation plc 15.00282665 20.99063704 50.37858267 55.43148966 0.718579387  0.017132361
LRCX  Lam Research Corporation 24.49205203 21.01097475 56.64416157 91.36082903 0.931538062  0.024530173
KLAC  KLA Corporation 26.54408107 20.55738631 49.28312541 56.24836143  0.920050579  0.022711055
SHOP  Shopify Inc. 44.25926208 20.12336678 63.68985349 118.3295988 1.018964952  0.039144939
PANW  Palo Alto Networks, Inc. 24.54280507 15.80270405 50.02035437 112986646  0.867442583  0.024271038
KKR KKR & Co. Inc. 36.18028349  47.40475551 63.81022106 79.47745348 0.730641813  0.021258249
DELL  Dell Technologies Inc. 13.63644415 41.85501394 91.18587756  92.59426258 0.901406608  0.022556047
SNPS  Synopsys, Inc. 11.0150414  18.64011464 33.76717402 61.07044074 1.065284995  0.017099892
ANET  Arista Networks, Inc. 25.39800733 47.28580581 41.24384476 94.7812318  0.897128435  0.027619942
CDNS  Cadence Design Systems, Inc. 15.17188413  15.70518359  28.77405427 70.61513165 1.05750787  0.01873592
SHW  The Sherwin-Williams Company 23.73412144  18.61901006 40.72000842 31.59449596 0.803611683  0.016106649
STLA  Stellantis N.V. 23.32099507 30.9376759  41.48762857 74.36241033 0.753285988  0.025164742
RELX  RELXPLC 18.84926884  20.73084076 24.18272439 45.77388631 0.809707056  0.012892264
CRWD  CrowdStrike Holdings, Inc. 50.59573991 74.92463386  86.55560879 147.211474  0.842925719  0.037694839
MAR  Marriott International, Inc. 16.68543983  23.02565505 38.30927896 54.23834213  0.701551537  0.019730663
MELI  MercadoLibre, Inc. 24.78382706 31.64733312 20.71126888 90.23375421 0.804798822  0.02995831
PH Parker-Hannifin Corporation 20.01806558  18.68797821 45.39440952 60.39240001 0.71811907  0.018713831
APH Amphenol Corporation 20.20587212  18.45162967 25.3927607  31.05243903 0.85351241  0.014524717
CTAS  Cintas Corporation 24.60678347 24.29478328 33.50394459 35.61233196 1.141890667  0.015809445
TDG TransDigm Group Incorporated 27.2220435  16.99404634 42.56879154 67.60040166 0.902680183  0.020196651
TT Trane Technologies plc 23.53579994  28.46180007 41.9914447  44.43744943  0.927943241  0.016294082
CEG Constellation Energy Corporation 11.86941724  28.24692605 55.0810585  44.44362031 1.589334207  0.024262035
TEAM  Atlassian Corporation 2045983618  41.92971288 42.86743514 88.03162104 0.840574422  0.032610153
DHI D.R. Horton, Inc. 43.47039855  27.02567595 57.06760037 69.14983165 0.723872265  0.022227888
URI United Rentals, Inc. 31.55034448  28.63989792 61.39941906 63.02588499 0.753044739  0.026398223
DDOG  Datadog, Inc. 32.16463643  23.49170427 75.10097777 68.37287199 0.744583765  0.040413051
IR Ingersoll Rand Inc. 21.63842538 18.61625561 40.08534617 46.10885678 0.732573065  0.022311443
IT Gartner, Inc. 30.37860848 29.97291771 43.62901319 33.66618223 0.86736747  0.017808524
MPWR  Monolithic Power Systems, Inc. 37.53918296  16.70525232 31.34530319 85.36402381 0.977600083  0.02517973
VRT Vertiv Holdings Co 25.11485268 93.23124282  266.8443661 261.3279128 0.838094781  0.031530406
NET Cloudflare, Inc. 33.19469584  26.49650945 35.97909972 93.53789226 0.850583626  0.046429274
FICO  Fair Isaac Corporation 34.78733815 46.41635343 68.87087392 96.89270877 1.06509056  0.020985282
VA Zscaler, Inc. 37.70899273  51.14264486 100.4886375 101.0708709 0.840145677  0.038594287
ICLR  ICON Public Limited Company 1642264047 16.47533586 34.25821108 46.22140228 0.835171098  0.019419194
ARES  Ares Management Corporation 16.8772408  24.97193959 50.37064775 79.7513977  0.863940276  0.021670163
BR Broadridge Financial Solutions, Inc.  16.73261031  26.60157385 452276038  55.73197355 1.071776412  0.014227325
BLDR  Builders FirstSource, Inc. 3572357922 2245287185 91.0943238  155.4552507 0.835582112  0.03276591
PTC PTC Inc. 24.22608014  24.66866986 37.11599436 46.22649769 (.74578355  0.019649932
DECK  Deckers Outdoor Corporation 29.1527405  25.77239398 46.82378824 71.73136033  0.850109584  0.0252146
DKNG  DraftKings Inc. 21.38429369 3428571429 84.74842841 219.0045194 0.765326057  0.043951352
CBOE  Cboe Global Markets, Inc. 14.22484439  30.83153957 33.41978594 43.38262867 0.889541723  0.015152917
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The initial portfolio in Table 2.1 contains 54 stocks. The selection criteria determines the portfolio
size. Hence, the maximum number of stocks that should be included in the portfolio will vary, after
each rebalancing period.

* 3 months momentum scores are mostly the lowest scores compared to other periods, and this
might be subject to reversals.

* 6 months momentum scores will either be greater than the 3 months momentum scores or
they will be on a reversal trajectory (i.e., decrease).

* 9 months momentum scores are higher compared to the 6 months time period.

* 12 months momentum scores indicate the persistence of the price momentum with high
scores.

* Sharpe ratios are obtained by subtracting the risk-free-rate of 0.05, indicating that each stock
had significant excess returns.

* Standard deviation is lower than the threshold of 0.25, indicating that the stocks within the
portfolio have low volatility.

2.5.1 Population and portfolio comparison

Table 2.2 compares the metrics of both the population of stocks and the backtested portfolio.

Table 2.2: Population of Stocks and Portfolio Metrics Comparison.

Metric Population Portfolio
Total Return 4.5377 14.6402
Annualised Return 0.1686 0.2845
Volatility 0.0111 0.0146
Sharpe Ratio 10.6844 16.0229
Max Drawdown -0.3608 -0.3699
Downside Risk 0.0092 0.0117
Shortfall Probability 0.4434 0.4257
VaR (95%) -0.0176 -0.0230
CVaR (95%) -0.0280 -0.0343

* Total and annualised returns: indicate that even though the population contained more stocks,
this did not automatically result in higher returns over a period of 10 years (2013 - 2023).

» Volatility: was relatively stable when spread out through the 10 year period for both the
constructed portfolio and the population of stocks.

* Sharpe ratio is relatively high, indicating better risk-adjusted performance.

e Max drawdown: the largest peak-to-trough decline was negative indicating that the population
could lose -36.08% and portfolio -36.99% in value.

* Downside risk: the volatility of returns below zero was also relatively low.

* Shortfall probability: the likelihood of not achieving projected positive returns was 0.4424
and 0.4311.
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* VaR (95%): the value at risk, which is the maximum value that could be lost for the population,
is -0.0176 and for the portfolio it is -0.0230.

* CVaR (95%): the conditional value at risk is -0.0280 and -0.0343 for the population and
portfolio, respectively.

2.5.2 Portfolio sector exposure

Sector exposure is a crucial aspect of portfolio risk management (Keisler and Linkov, 2011). A
portfolio will have a wide range of sector exposures. Market sentiment is another driving force
within the stock market and herd mentality can be an influential factor in the liquidity of stocks;
these are the overall expectations from investors (Aggarwal, 2022).

Services Consumer Goods

Real Estate

Utilities

Energy Industrials

Financials

Healthcare

Information Technology

Figure 2.2: Portfolio industry exposure.

Figure 2.2 shows that the initial portfolio constructed by the selection criteria has high exposure
of information technology stocks that tend to have high momentum due to their market sentiment,
perceived future potential growth, and their liquidity. This is reflected by the overall portfolio
exposure of 46.1%. This indicates that information technology stocks have been high performers
and are one of the most popular stocks in the market. This drives up their value, further increasing
their momentum scores at a higher rate as compared to other sectors.

The next largest exposure is industrial which includes manufacturing, construction and others.
Financials and retail are tied with an exposure of 7.4% each, and finance stocks are popular due to
their stability in the overall market. The rest of the sectors make up the remaining exposure.
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2.5.3 Kalman filter, ARIMA forecasting and trading signal

The portfolio construction is followed by the risk management process. The Kalman filter is
applied to the portfolio as a part of the risk management process. The Kalman filter incorporates
information as it becomes available and is better equipped to handle missing data. This is then
followed by the ARIMA forecasting and the confidence interval for each underlying stock.

Figure 2.3 illustrates the trading signals over a period of 6 months for the first four stocks within
the initial portfolio. The trading signals are generated for each underlying stock. The Kalman filter,
and ARIMA forecast with the confidence intervals of the forecast are also depicted in Figure 2.3.
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Figure 2.3: Trading signals for the first four stocks within the portfolio.

The blue line shows the historical daily prices over the period of 6 months starting from 01
June 2023 to 31 December 2023 for the first four stocks within the portfolio on Table 2.1.

The Kalman filter reduces the short-term fluctuations of the historical daily data, minimises
noise, and provides a better view of the historical trends. The trend generated by the Kalman
filter is used as an indicator for the buy and sell signal.

The Kalman filtered historical daily data is used for the ARIMA forecast (forecast period: 20
days).

The 95% confidence interval is estimated for the forecast, and this increases as the forecast
period increases.

The four stocks are currently showing an increasing upward trend, signaling an increase in
the momentum score.

The buy signal is generated when the Kalman filter trend line is below the historical prices
and forecast.
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* The sell signal is generated when the Kalman filter trend line is above the historical prices
and forecast.

2.6 Transaction costs

There are a number of transaction costs that can be detrimental to portfolio returns and could be
the main difference between the outperformance and underperformance of a factor timing strategy
(Wang and Siu, 2024). An active factor timing strategy depends heavily on the costs involved
during the implementation process. An equilibrium of transaction costs is essential, especially
when trading occurs frequently and liquidity premium becomes an added cost (Isaenko, 2023).
Figure 2.4 shows a breakdown of transaction costs.

| Transaction costs |

% Brokerage fees |

ﬁ Clearing and settlement fees

% Bid/ask spreads |

Tax

—{ Opportunity cost |

Figure 2.4: Transaction costs breakdown.

A brokerage fee is a commissions that a broker will charge on a trade; clearing and settlement
fees are charged by the exchange for the execution of a trade; and bid/ask spreads are the price
difference of the stock that is being traded (Galati, 2024). The breakdown of transaction costs can
be broader and might include other costs depending on the market and country.

Figure 2.5 shows a comparison between the buy-and-hold strategy with the monthly, quarterly and
annual rotations, illustrating the impact of transaction costs on each strategy. The transaction costs
here are considered on a total basis.

The transaction costs make short-term timing rotation strategy more expensive and diminishes
cumulative returns. A momentum portfolio is vulnerable to market downturns, which can negatively
affect the portfolio’s performance. The portfolio has large concentration of technology stocks,
which could contribute to low returns when that industry is underperforming.
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Figure 2.5: Buy-and-hold strategy, monthly, quarterly, and annual rotations’ cumulative returns
comparison with transaction costs [0%, 0.1%, 0.5%, 1%, 2% and 4%] adjustments.

A 0% transaction cost in reality is not possible, as there are unavoidable costs when trading

on the market. However, from the simulated results, the monthly rotation has the highest
cumulative returns, and significantly outperforms other strategies.

* A total transaction costs of 0.1% is low. The monthly rotation closely matches that of the

buy-and-hold strategy.

* At 0.5% total transaction cost adjustment, the buy-and-hold strategy has higher cumulative

returns, followed by the monthly rotation.

* The 1% total transaction costs affects the returns significantly, and the rotation strategies
have diminished cumulative returns compared to the lower 0.1% and 0.5% transaction costs.

* At 2% total transaction costs, the cumulative returns are still increasing, however, at a much
lower rate. The buy-and-hold strategy is not affected as there are no significant trades

occurring.

* The transaction costs can in some cases, be as high as 4% and the strategy with the least
amount of trades, will have the highest cumulative returns. The buy-and-hold strategy
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significantly outperforms other rotation strategies, which have decreasing cumulative returns,
closer to 0.

Relatively, low transaction costs should have a limited effect on the rotation strategy. The monthly
rotation process will have the best results, followed by the annual and lastly quarterly rotation, when
the costs are at 0% and 0.1%. Surprisingly, the rotation that is below the buy-and-hold strategy at
0% costs is the quarterly rotation. 3 months momentum is subject to reversals and, as such, at the
3 month point this reversal might affect the bid/ask spread, and make the stocks more costly. 12
months momentum in some cases will be higher than 3 months momentum and, as a result, the
annual rotation performed better than the quarterly rotation. The monthly rotation takes advantage
of the short-term increases, and this has resulted in the highest cumulative returns when transaction
costs are 0%.

2.7 Conclusion

This article presents a practical pure momentum factor timing strategy summarised below:

* Investment objectives and portfolio strategy defined.

* Portfolio construction process using momentum scores, Sharpe ratio, and standard deviation.
* Implementation of the Kalman filter for signal processing.

* Implementation of the ARIMA and confidence intervals.

 Signal assessments of both historical trends and the forecasts trend.

» Rebalancing (adjusting portfolio exposure) procedure based on the results of the Kalman
filter, ARIMA and confidence intervals.

A dynamic portfolio construction process, together with the Kalman filter, was implemented
for the state dynamic system estimation using daily historical data. Additionally, the ARIMA
forecasting and confidence interval enhanced the forecast accuracy. Momentum strategies can be
susceptible to sharp downturns, reversals, market volatility, and sentiment arising from unforeseen
events. However, returns are somewhat predictable, and this predictability plays a pivotal role in
the way a pure momentum strategy is implemented.

A factor timing strategy does rely on this predictability and the forecasts of future returns, even
though past returns do not guarantee future returns. A Kalman filter approach addresses this
past returns limitation by iteratively incorporating new information as it becomes available. The
momentum definition does assert that if a fund or stock has been on a recent increasing trajectory,
it tends to continue unless a significant event disrupts the trend.

A high pure momentum only equity factor timing framework presented in this article, offers a
comprehensive approach starting with the selection of stocks, dynamic monitoring, and rebalancing,
together with the forecasting procedure to achieve superior returns. The costs involved with
implementing this strategy can be minimised by choosing a rebalancing period that limits the
trading frequency.
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Chapter 3

Evaluating portfolio diversification of
large-cap momentum stocks with
measures of dependence

Abstract

The aim of this study was to use mixture copula models to determine the dependence structure of a
pure momentum portfolio. First, the portfolio was constructed from a population of large market
capitalisation stocks, where the 3, 6, 9 and 12 months momentum scores were estimated and the
top 20 stocks with the highest average scores were selected. Second, Kendall’s tau and Spearman’s
rho were used to assess the portfolio’s diversification. Third, a combination of three copula mixture
models were evaluated for both the large-cap population of stocks and the momentum portfolios.
The mixture copula models are essential for the measurement of complex dependencies that are
found within a portfolio of stocks. Lastly, the AIC and BIC were estimated for each mixture
combination to determine the copula mixture model that best fits the portfolio. This was done
for both the stocks listed in South Africa and those that are listed in the United States. The SA
momentum portfolio was more diversified than the US momentum portfolio. The SA and US
momentum portfolios had the same top three copula mixture models with the lowest AIC and BIC.

Keywords

Copula selection, copulas, factor investing, Kendall’s tau, mixture copulas, momentum,portfolio
diversification, Spearman’s rho.
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3.1 Introduction

An important aspect of portfolio management is diversification, a way in which an investor will
allocate capital to limit the risk associated with the exposure to an asset class. This allows for a
reduction of risk without compromising the anticipated portfolio returns and managing the effects
of volatility of a portfolio. In modern portfolio theory, risk averse investors will typically have
preferred levels of risk that they are willing to take on. The risk-return relationship is linear in
nature and investors normally select their portfolios on this risk—return balance and merit (Mao,
1970).

There are two types of risks, namely systematic and idiosyncratic risk. Systematic risk is the
type of risk that cannot be diversified and idiosyncratic which can be reduced by diversification. As
shown by Frahm and Wiechers (2011), who compare the smallest portfolio returns variance to the
overall portfolio return variance, there is an aspect of portfolio risk that is undiversifiable.

Diversification is qualitatively intuitive and easy to understand, however, it is not a simple task to
measure. Extreme events such as the 2008 global financial crisis and the outbreak of COVID-19
exposed the inefficiencies of quantitative diversification measures. In these events, stocks react
the same, resulting in a correlation convergence, global shocks, and a reduction in the liquidity of
the stock market (Koumou, 2020). The core principle of diversification is clear, when one stock
experiences a shock, the shock will be well absorbed by the portfolio, and the portfolio will grow
and remain stable even in highly volatile periods. In practice it is quite a challenging endeavour,
Goetzmann and Kumar (2008) and Flint et al. (2020) agree that there is a lack of a generally widely
accepted quantitative diversification measure. They explored methods which attempt to answer
questions related to the number of assets, weights of the underlying portfolio holdings, expected
returns, and volatility for risk management.

Some studies have focused on the number of stocks required for an optimally diversified portfolio.
Zaimovic et al. (2021) found that determining the number of stocks required is complex, especially
when faced with challenges of market movements and the effects of black swan events such as
COVID-19. Sankaran and Patil (1999) explored issues faced during the portfolio construction
process to maximise the ratio of excess returns, by constructing a portfolio with a large number
of stocks. The diversification benefit decreased as the number of stocks increased, and this gives
precedence that, diversification does not lie only in the number of stocks but in the quality of stocks
being selected and included within the portfolio. Therefore, when attempting to diversify, simply
having a large number of stocks within a portfolio does not automatically guarantee that a portfolio
will be diversified.

Martinez-Nieto et al. (2021) found that equally weighted diversification models performed
poorly, with stability index performing better, the cost function was at the top of the list and with
global maximum returns results in the competitive range. Diversification and dependence are related
and Chollete et al. (2010) used a correlation and copula approach in different regions, and found
that dependence has increased over the years, and assert that the cost and degree of dependence can
affect the diversification benefit. An accurate measurement of dependence is paramount. Ji et al.
(2018) uses the tail dependence clustering with the aim of selecting unique assets into the portfolio.
Assets were separated into their dependence cluster categories and an asset was selected based on
the cluster without overlapping. The authors combined cluster analysis with portfolio selection
process.

In extreme events the interactions between the underlying stocks within a portfolio can be
explained by dependence structures. The joint distributions of random variables can be written
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in terms of their marginal distributions and a copula function. A copula function can be used to
capture the dependence structure of the portfolio (Abraj et al., 2022). Two or more copulas can be
combined to form a copula mixture model to capture the complex dependence structures within
a portfolio by essentially using two or three copulas in one model with multiple parameters and
density functions (Kasa et al., 2020; Tewari, 2023; Alzaid and Alhadlaq, 2024).

The aim of this study is divided into four objectives as follows:

1. To construct a momentum portfolio, by selecting the top 20 stocks with the highest average
of the 3, 6, 9 and 12 months momentum scores.

2. Assess the portfolio’s diversification using the Kendall’s tau and the Spearman’s rho.
3. Use mixture copula models to estimate the dependence structure of the portfolio.

4. Estimate the Akaike information criterion (AIC) and the Bayesian information criterion
(BIC), for the best fit mixture copula model.

This article begins with Section 3.1, which outlines diversification and copulas, followed by
portfolio construction methodology in Section 3.2. Measures of dependence are outlined in Section
3.3, and empirical analysis in Section 3.4 provides supporting evidence for the study and concludes
with Section 3.5.

3.2 Portfolio construction

3.2.1 Momentum portfolio construction

One of the most popular factors in factor investing is momentum, which captures excess returns in
stocks that have performed well in the past. This factor takes into account the historical trends of
stocks, or rate at which the price changes over time (Jegadeesh and Titman, 1993). A simple reason
why momentum works as a strategy is that, if a stock is performing well it tends to garner attention
from investors and as a result the demand for that stock will grow, causing the price to continue
increasing and vice versa.

The 3, 6, 9 and 12 months momentum score for each stock is estimated by

P — P
MS =="1_""° x 100, (3.1)
Pt—s
where M S is the momentum score, P is the current price and P;_) is the price at the beginning
of the period.

The portfolio will include the top 20 stocks with the highest average momentum scores. The
average is estimated by

MS = Z MS;, (3.2)
=1

S
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where n = 4 is the number of scores estimated for each stock. As part of the portfolio monitoring
process, the portfolio metrics are estimated to evaluate the effectiveness of the strategy. The
standard deviation is estimated by first estimating the variance

n o n
Up = wiwjaij,

i=1 j=1 3.3)
\/ 02 = 0y,

where afj is the variance of return of the portfolio, w; and w; are the weights of the ith and jt*
assets in the portfolio, and o;; is the covariance between the returns of the ith and j*" assets.

The most popular measure of performance is the Sharpe ratio which is used to estimate the
risk-adjusted returns. The performance of the portfolio compared to the risk-free asset is measured
by the Sharpe ratio (SR,)

Ry — Ry

Op

SR, = (3.4)

where R, is the portfolio return and Ry is the risk-free rate.

The Sortino ratio is another performance measure which is similar to the Sharpe ratio. This only
uses the negative standard deviation or the downside risk.

Rf_Rp
T=——+— 3.5
S o (DR)’ (3.5)

Skewness measures the asymmetry of the return distribution and is the 3% moment.

% Zz:l(Rp - Rp)3

Skewenes = 5 (3.6)
g,
P
Kurtosis measures tail of the return distribution and is the 4¢h moment.
1 5 \4
X " (R,— R
Kurtosis = = 2l 4p v) ) (3.7)
g,
P

3.3 Measures of dependence

There are a number of different measures of association which can be used to measure diversification
of a portfolio. These measures work by assessing the association structure of the underlying stocks
within the portfolio. The Pearson’s correlation coefficient measured in terms of the variance and
standard deviations is one way to measure the association between the underlying stocks within a
portfolio. Negatively correlated or low positively correlated stocks will not react the same way to
market volatility and inefficiencies.

3.3.1 Kendall’s tau and Spearman’s rho

The Pearson’s correlation coefficient is mostly revered for its simplicity and ease of use, however,
there are some drawbacks. For example, Bhatti and Nguyen (2012) shows that Pearson’s correlation
does not capture the dependence structure, especially when dealing with heavy tailed distributions.
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In this study, the focus will be on the measures of association, namely the Kendall’s tau and the
Spearman’s rho, both of these measures are non-parametric, thus there is no initial assumption of the
distribution (Bolbolian, 2020). They both measure the association between the underlying stocks.
A positive and negative value indicates an increasing and a decreasing trend respectively. Kendall’s
tau (7) estimates slightly lower correlation values compared to the Spearman’s rho (p) (Taylor,
1987). Kendall’s tau measures the concordance and discordance between the underlying stocks,
where a set of stocks would be considered concordant if they react the same way and discordant if
they react differently, within the same uncertain conditions. Schweizer and Wolff (1981), were the
main contributor to defining the copula Kendall’s tau and Spearman’s rho. Kendall’s tau measure is
define as follows:

1 1
T = 4/ / C(u,v)dC(u,v) — 1. (3.8)
0 JO

Spearman’s rho measure is define as follows:

1 1
p= 12/ / C(u,v)dudv — 3. (3.9)
0 JO

where C'(u, v) is the copula function, u and v are the marginal distributions and 6 is the parameter
of the copula.

3.3.2 Copulas

The copula information and definitions in this section can be found in (Nelsen, 2006; Jaworski et
al., 2010; Durante and Sempi, 2015; Charfeddine et al., 2016). A bivariate copula couples the joint
distributions F' and G of the random variables X and Y into a copula C' as below:

H(X,Y)=C(F(X),G(Y)), (3.10)

where H(X,Y) is the joint distribution of random variables X and Y, F'(X) and G(Y") are the
marginal distributions of X and Y, C'is the copula which measures the dependence structure and
has standard uniform margins. Let F/(X) = u, G(Y) = v, where u,v € [0, 1] are the uniform
marginals and 6 measures strength of dependence. The copulas to be used in this study are namely,
Archimedean copulas, Galambos copula and the Farlie-Gumbel-Morgenstern copula (FGM). These
copulas model different temporal dependence structures, and are defined below.

Archimedean copula

An Archimedean copula is constructed using a generator function, which is continuous and strictly
decreasing (). The copula function is defined by:

C(u,v) = ¢ H(p(u) + ¢ (v)), 3.11)

where u, v € [0, 1] are the uniform marginals, and o~ is the inverse of the generator function. The

most commonly used Archimedean copulas are the Clayton, Frank and Gumbel copulas which are
briefly described below.
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Clayton copula

The Clayton copula is used to measure lower tail dependence. It models the joint extreme lower tail
values. The Clayton copula has a generator function:

o(t) = % (t‘e - 1) L 0> -1, (3.12)

and is defined by:

Clu,v) = (u*" Fof 1) , (3.13)

=

where u, v € [0, 1] are the uniform marginals.

Frank copula

The Frank copula measures symmetric dependence and has a generator function:

e 1
e —1

o(t) = —log < ) , —o00 <6< oo, (3.14)

and is defined by:

C(u,v) = 1 log

7 (3.15)

(exp (—0u) — 1)(exp(—0v) — 1)
[1 i exp(—0) — 1

Gumbel copula

The Gumbel copula models upper tail dependence. It captures joint extreme values in the upper tail.
The Gumbel copula has a generator function:

o(t) = (—logt)?, 0>1, (3.16)

and is defined by:
1/6
C(u,v) = exp [— ((—logu)9 + (—log v)0> ] . (3.17)

Galambos copula

The Galambos copula is similar to the Gumbel copula in that it also measures upper tail dependence.
This is a bivariate extreme value copula (Loko et al., 2023). The Galambos copula has a generator
function:

o(t) = exp(—t7%), 0>0, (3.18)

and is defined by:

C(u,v) = uv - exp [— ((— Inu)™? + (- lnfu)_e)_l/q . (3.19)
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Farlie-Gumbel-Morgenstern copula (FGM)

The FGM copula measures symmetric dependence. Therefore, this copula does not capture tail
dependence and is suitable only for modelling relatively weak dependence. The FGM copula has a

generator function:
p(t) =0t(1—t), —1<0<1, (3.20)

and is defined by:
C(u,v) = uv + Ouv(l — u)(1 — v). (3.21)

The copula mixture model will be created using the above individual copulas. Each mixture model
will have three copula models and estimation is repeated for the number of combinations. The
number of individual copulas is n = 5 and each copula mixture model will include & = 3 individual

copulas.
n n!
kj = = —
Cln. k) (k) kl(n — k)!

5! (3.22)
3!1(5 — 3)!
=10

Table 3.1 shows a list of the 10 combinations of the copula mixtures to be evaluated.

Table 3.1: Combinations of copula mixtures (k = 3)

Combination Mixture of 3 Copulas

1. Clayton-Frank-Gumbel
Clayton-Frank-FGM
Clayton-Frank-Galambos
Clayton-Gumbel-FGM
Clayton-Gumbel-Galambos
Clayton-FGM-Galambos
Frank-Gumbel-FGM
Frank-Gumbel-Galambos
Frank-FGM-Galambos
Gumbel-FGM-Galambos

e e B Al

_
e

The Akaike information criterion (AIC) and Bayesian information criterion (BIC) was used to
select the best copula mixture. The AIC and BIC evaluate the quality of models and predictive
accuracy (Bai et al., 2022).

AIC = 2k — 2In(L), (3.23)

BIC = —2log(L) + klog(b), (3.24)

where k is the number of parameters, L is the maximum likelihood estimation, and b is the number
of observations.
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3.4 Empirical results

34.1

Data

The population for South Africa was the top 100 stocks and for the United States it was the top 300
stocks ordered by market capitalisation. The historical data period was set to be from 01 January
2013 to 30 June 2024, taken from the Yahoo Finance database. The momentum portfolios below
consist of the top 20 stocks with the highest average momentum scores for both the SA and US
listed stocks.

3.4.2 Momentum portfolio
Table 3.2: US momentum portfolio
Symbol Description Momentum Scores Average Momentum Scores
3-Months 6-Months 9-Months 12-Months

PLTR Palantir Technologies Inc. 157.3301246  192.7941168  270.6648957  354.5661964 243.8388334
COIN Coinbase Global, Inc. 33.71050298 36.08117527  251.5774054  337.6659407 164.7587561
SPOT Spotify Technology S.A. 49.39967829 91.35405698  192.2456217  201.2559917 133.5638372
NVDA NVIDIA Corporation 24.0360578  54.83924825  201.2552576  227.2972322 126.856949
KKR KKR & Co. Inc. 33.40987643 65.51319997 155315876  184.9992076 109.80954
IBKR Interactive Brokers Group, Inc. 56.90807055 75.00490626  130.9724545  127.1647467 97.51254452
CEG Constellation Energy Corporation 44.92066163  45.36947831  109.9824278  175.6735468 93.98652864
APO Apollo Global Management, Inc. 42.64746566  57.8629053 109.07043 130.830358 85.10278973
DASH DoorDash, Inc. 66.30342763  34.72827098  98.25103153  130.6529752 82.48392632
ANET Arista Networks Inc 28.12042367 43.13745407  93.17497208  153.4184923 79.46283553
NFLX Netflix, Inc. 423471977  43.77356639  105.34733497  102.606198 73.51857425
BX Blackstone Inc. 33.02091086 53.16969538  93.4163885  109.2154505 72.20561132
SHOP Shopify Inc. 86.64607439 44.13130982  81.1395773 72.9798845 71.2242115
TSM Taiwan Semiconductor Manufacturing Company Limited 21.73696357 44.88458465  113.3145638  96.34073778 69.06921246
GS The Goldman Sachs Group, Inc. 23.95273243 58.09085011  92.58258079  95.0373288 67.41587303
T Trane Technologies plc 23.48385227 39.25786595 88.22131133  116.9701602 66.98329742
CRWD CrowdStrike Holdings, Inc. 34.45385196  8.452292861  80.90040023  136.9306343 65.18429483
MRVL Marvell Technology, Inc. 51.47453997 50.37537662  91.35941792  64.17960582 64.34723508
BKNG Booking Holdings Inc. 39.16645515 49.39931924  74.35222528  94.46934335 64.34683576
META Meta Platforms, Inc. 30.31468713  22.41880844  90.74575061  111.9087216 63.84699193

Table 3.2 shows the portfolio constructed from the top 300 large-cap US stocks. PLTR has the
highest momentum score of 243.84. This implies that the stock has seen significant growth over
the past 12 months. There is currently a boom around Al (artificial intelligence), and some of the
company’s operations include an Al offering. This stock was recently added to the S&P500. The
lowest average within the portfolio is another technology stock, META, with an average of 63.85.
The US momentum portfolio consists mostly of technology stocks. As a result, diversification
might be reduced.

43



Table 3.3: SA momentum portfolio

Symbol Description Momentum Scores Average Momentum Scores
3-Months 6-Months 9-Months 12-Months
PAN.JO Pan African Resources PLC 29.47673667 64.41101808 143.3184301 207.4361285 111.1605783
MRP.JO Mr Price Group Limited 39.8192601  73.43291762  119.060321  125.0605565 89.34326381
OUT.JO OUTsurance Group Limited 39.07623351  72.9979009  60.63199577 103.4555054 69.04040891
CPLJO Capitec Bank Holdings Limited 17.03126693 57.81828908  75.3050685  117.2920751 66.86167491
HYPJO Hyprop Investments Limited 50.81475405 56.40228356 81.41730123  77.66040029 66.57368478
TFG.JO The Foschini Group Limited 28.61250369 69.86830026 62.49812042 98.02086439 64.74994719
QLT.JO Quilter plc 17.84180054 52.93010741 84.96534903 99.39475786 63.78300371
WBO.JO Wilson Bayly Holmes-Ovcon Limited 15.37695345 56.05442202 65.72696007 105.4553552 60.65342268
KRO.JO Karooooo Ltd. 23.26656853  66.42912805 65.47953011 76.64939626 57.95615574
HAR.JO Harmony Gold Mining Company Limited 2223585481 17.97495003 83.67364899 114.1143513 54.49663396
FFB.JO Fortress Real Estate Investments Limited 22.02137221 42.36374563 68.09874817 70.06098384 50.63621246
MTM.JO Momentum Group Limited 20.23356151 4891840501 45.68692383 87.03937129 50.46956541
TRU.JO Truworths International Limited 19.70478371 37.81713038 35.02218451 106.9738844 49.87949576
PPH.JO Pepkor Holdings Limited 3551775888 42.42902208 50.15058951 71.03307404 49.78261113
RES.JO Resilient REIT Limited 24.71544749 41.11883365 64.2886617  63.05965982 48.29565066
AVLIO AVI Limited 17.68827897 25.38070512 63.83877184 80.82696204 46.93367949
AIL.JO African Rainbow Capital Investments Limited 22.80701754  79.06976744 54 18.46153846 43.58458086
DSY.JO Discovery Limited 42.88147916 47.29187433  45.85909264 37.65622929 43.42216886
LHC.JO Life Healthcare Group Holdings Limited 30.8801214  58.4794976  48.0006527  35.16905314 43.13233121
RDEJO Redefine Properties Limited 17.05237747  26.26495992 53.51123584 74.95406014 42.94565834

Table 3.3 shows the portfolio constructed from the top 100 large-cap SA stocks. The stock with
the highest average momentum score for the SA momentum portfolio is not a technology stock.
PAN is an industrial stock with an average of 111.16. This is lower compared to the PLTR stock
in the US momentum stock. The SA momentum portfolio is much more balanced in terms of the
industry exposure and this implies that it might be a well-diversified portfolio.

Table 3.4: Large-cap and momentum portfolio metrics comparison

Metric

US

SA

Large-Cap Portfolio Large-Cap Portfolio

Standard Deviation 0.1785

Sharpe Ratio 0.8187
Sortino Ratio 1.2180
Spearman’s Rho 0.34561
Kendall’s Tau 0.24087
Downside Risk -0.1867
Skewness -0.0373
Kurtosis 1.6882

0.3422 0.1408
0.9737 0.8185
1.5150 1.3530
0.4932 0.19400
0.34937 0.1330
-0.3734 -0.1366
0.0150 0.2573
0.9814 1.2162

0.1456
1.3006
2.1628
0.1881
0.1296
-0.1538
0.2476
2.1445

Table 3.4 shows the back tested metrics of both the US and SA population of large-cap stocks
and the constructed momentum portfolios.

* The US momentum portfolio is the most volatile with a standard deviation of 0.3422. The SA
Large-cap population of stocks is least volatile of the 4, with a standard deviation of 0.1408.

* The returns are not normally distributed and are not heavily skewed. The kurtosis is below 3
for both the US and SA portfolios, indicating thin tailed return distributions.

* The kurtosis for both the large-cap population of stocks and the momentum portfolios are all
less than 3.
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* The Spearman’s rho shows that there is a minimal positive monotonic dependence between
the stocks in the portfolio, which indicates that the portfolio is well- diversified.

* The Kendall’s tau implies minimal positive dependence between the stocks. Britt and
Napoli (2005) show that the Kendall’s tau and Spearman’s rho are non-parametric monotonic
measures of association that assesses the monotonic relationship between variables.

* The Sharpe ratio indicates that the momentum portfolio in both countries are higher than
their large-cap population, and furthermore, the SA momentum portfolio has the highest
Sharpe ratio.

* The SA momentum portfolio has the highest Sortino ratio. Therefore, considering only
negative deviations, for each unit of the downside risk there are approximately two times the
returns.

US Large-Cap Daily Returns Distribution SA Large-Cap Daily Returns Distribution

T T T T T
B Observed Returns B Observed Returns
—— Normal Fit: u=0.53, 0=0.96 —— Normal Fit: u=0.48, 0 =1.02
—— Student's tFit: v="5 —— Student's tFit: v="5
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US Momentum Portfolio Daily Returns Distribution SA Momentum Portfolio Daily Returns Distribution
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Figure 3.1: Large-cap and momentum portfolio daily returns distribution comparison for both the
US and SA

Figure 3.1 shows four plots consisting of the US large-cap and momentum portfolio together
with the SA Large-cap and momentum portfolio. Fitted are the normal and student-t distributions
on the historical daily returns. The returns are not normally distributed and this is supported by the
kurtosis that is less than 3 for all four portfolios and skewness that is less than 0. Therefore, the
Gaussian and student-t copulas will not be included in the mixture model.
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3.4.3 Portfolio’s pairwise matrix Kendall’s tau and Spearman’s rho

US Portfolio Pairwise Kendall's Tau in Portfolio SA Portfolio Pairwise Kendall's Tau in Portfolio
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Figure 3.2: Kendall tau and Spearman’s rho comparison

Figure 3.2 shows the matrices of the Kendall’s tau and the Spearman’s rho for the US and SA
momentum portfolio. The Kendall’s tau is an ordinal rank correlation which measures the strength
and direction of association of the underlying stocks. This is measured in terms of concordance
and discordance, and directly makes a pairwise comparison. The Spearman’s rho is a nominal
rank measure that estimates the Pearson correlation coefficient between the pairwise underlying
stocks and does not directly make a pairwise comparison between the underlying stocks, but rather
provides pairwise numeric values. As a result, the Spearman’s rho will have slightly higher values
compared to that of the Kendall’s tau. The overall US momentum portfolio Kendall’s Tau is
0.34937 , which is higher than the SA momentum Kendall’s Tau of 0.1296. The red indicates a
strong positive association and the navy blue indicate little to no association between the bivariate
stocks. The overall US momentum portfolio Spearman’s rho is 0.4932 which is higher than the
SA momentum Spearman’s rho of 0.1881. The Spearman’s rho values above show that there are
no negative correlation values, the dark blue indicates strong positive association and the yellow
indicate little to no association between the bivariate pair. The SA momentum portfolio is more
diversified than the US momentum portfolio as a result of the lower Kendall’s tau and Spearman’s
rho.
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3.4.4 Copula mixture models

Table 3.5: Mixture of 3 copulas: US and SA Comparison

Copula Mixture us SA

Large-Cap Portfolio Large-Cap Portfolio
Percentage 43.56 % 11.62 % 14.89 % 0.00 %

Clayon b ameter 02579 21132 04374 2.1230

Percentage 4.76 % 50.98 % 0.00 % 7.06 %

Clayton-Frank-Gumbel Frak prameter  -12.0242 37593 -5.8454  -1.7563
Gumbel Percentage 51.69 % 37.40 % 85.11 % 92.94 %

Parameter 1.1390 1.4227 1.0507 1.0604

Clayion Percentage  34.70 % 8.52 % 13.50 % 3.07 %
Y Parameter 0.2698 2.1366 0.4828 1.00e-06
Percentage  33.36 % 86.30 % 39.83 % 22.82 %

Clayton-Frank-FGM Frank  porameter 33307 3.8387  -00039  3.7143
FGM Percentage  31.94 % 5.18 % 46.67 % 74.11 %

Parameter -1.00 -1.00 0.3754 -0.2591

Clayton Percentage 44.33 % 8.73 % 12.45 % 0.00 %

Y Parameter 0.3449 2.1284 0.5853 0.5165

. . . Percentage 3.14 % 79.31 % 0.00 % 0.00 %
Clayton-Frank-Galambos Frank b rameter  -158522 39987  -0.1936  -0.0146
Galambos Percentage 52.53 % 11.96 % 87.55 % 100 %

Parameter 0.2539 0.2356 0.2370 0.2249

Clayion Percentage  36.84 % 19.13 % 14.88 % 0.00 %

Y Parameter 0.3346 2.0694 0.4376 0.0018
Percentage ~ 39.22 % 54.89 % 85.12 % 93.68 %

Clayton-Gumbel-FGM Gumbel b ameter 12665 15902 10507 1.0611
FGM Percentage  23.94 % 25.98 % 0.00 % 6.32 %

Parameter -1.00 0.8873 0.0180 -1.00

Percentage 26.91 % 25.38 % 14.89 % 0.00 %

Clayton

Parameter 0.3157 1.7356 0.4372 0.0102
Percentage 22.29 % 69.46 % 85.11 % 100 %
Parameter 1.3118 1.5056 1.0507 1.0460
Percentage 50.80 % 5.16 % 0.00 % 0.00 %

Clayton-Gumbel-Galambos ~ Gumbel

Galambos ) ameter  0.0042 00467 00544 00005
Clayton Percentage 40.49 % 28.61 % 12.46 % 0.00 %
Y Parameter  0.3595 24150 0.5852 0.00
Percentage 3.69 % 71.39 % 0.00 % 0.00 %
Clayton-FGM-Galambos FGM  porameter -1.00 1.00 01292 -0.0094
Galambos Percentage  55.82 % 0.00 % 87.54 % 100 %
Parameter  0.2296 0.5733 0.2370 0.2249
Frank Percentage 33.62 % 66.45 % 3.48 % 7.05 %
& Parameter  2.8263 42302 200554  -1.7579
] Percentage  30.55%  2935%  1357%  92.95%
Frank-Gumbel-FGM Gumbel b ameter  1.2687 1.5021 1.0515 1.0604
FGM Percentage 35.83 % 4.20 % 23.04 % 0.00 %
Parameter -1.00 -1.00 1.00 -1.00
Frank Percentage 2.63 % 62.96 % 9.61 % 597 %
Parameter  -15.6827  4.3335 12235 -1.9333
Percentage  39.73% 2974 %  19.12%  67.09 %
Frank-Gumbel-Galambos - Gumbel oo 13197 1.4979 1.1131 1.0755
Galambos Percentage  57.64 % 7.30 % 71.28 % 26.94%
Parameter  0.0013 0.00 0.2315 0.1853
Frank Percentage 50.15 % 86.92 % 0.00 % 0.00 %
@ Parameter  3.0871 42481 2.3051 0.1764
Percentage  36.06%  0.00%  12.18%  0.00 %
Frank-FGM-Galambos FGM p rameter -1.00 0.4611 1.00 0.1810
Galambos Percentage 13.79 % 13.08 % 87.82 % 100 %
AAMOOS porameter  0.2156 0.2136 02364 02249
Gumpey  Fercentage  3630%  5507%  1118%  93.69 %
u Parameter 1.3625 1.7962 1.1099 1.0611
Percentage 14.25 % 44.93 % 10.59 % 6.31 %
Gumbel-FGM-Galambos FGM  pameter  -04480  0.9913 1.00 -1.00
Percentage 49.45 % 0.00 % 78.23 % 0.00 %
Galambos

Parameter 0.0311 0.4343 0.2290 0.0083

Table 3.5 shows the percentage and the parameters for each copula mix. The maximum likelihood
estimation method was applied in the estimation of the parameters.
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» The percentages explain the dependence that can be attributed to that specific copula within
the copula mixture model. The data that has a copula with 100% attributed to it, implies that
the copula mixture is not the best choice or fit.

* The Clayton copula has a parameter property (f > —1) and in all the copula mixtures (6 > 0)
this indicates positive dependence. with the exception of the Clayton-FGM-Galambos
mixture. The copula is valid within all the mixture models.

* The Frank parameter (—oo < 6 < c0) is satisfied within all the mixture copulas.
* The Gumbel copula parameter property (> 1), is satisfied within all the mixture copulas.

* The Galambos copula parameter (# > 0), are mostly valid, The variation of the results for a
mixture with this copula is in the data.

e The FGM copula (—1 < 6 < 1) is also satisfied within the copula mixture models, however
when in mixture with the Frank it tends to either be £1, indicating that combining the Frank
and the FGM copulas in a mixture will not provide any useful information on the dependence
structure.

* Extreme events that affect the stock market do not occur regularly and the returns are not
heavy tailed, as seen in Figure 3.1. This is also supported by the skewness and kurtosis in
Table 3.4.

Table 3.6: AIC and BIC Copula mixture

Copula Mixture US SA

Large-Cap Portfolio Large-Cap Portfolio

AIC -3.4111 -178.4974 4.1632 6.7555

Clayton-Frank-Gumbel BIC  23.0991  -151.9873  29.9679  34.6026

AIC -1.1120 -175.6154 6.0688 8.1068

Clayton-Frank-FGM BIC 253982  -149.1053  31.8735  35.9538

AIC -1.1625 -175.5239 3.7802 7.5466

Clayton-Frank-Galambos gy~ 553477 1490137 295849 353937

AIC -2.8078 -174.7013 4.1632 6.7755

Clayton-Gumbel-FGM BIC 237024  -148.1911 29.96790  34.6226

AIC -1.7139 -173.6316 4.16319 6.9012

Clayton-Gumbel-Galambos 51~ 512063 1471214 209679  34.7483

AIC 0.2329 -157.3101 3.7802 7.5466

Clayton-FGM-Galambos 51~ 5e 2431 1307999 20.5849  35.3937

AIC -0.8818 -176.4907 3.9649 6.7555

Frank-Gumbel-FGM BIC 256284  -149.9805 297697  34.6026

AIC -1.0844 -176.3635 5.0483 6.7395

Frank-Gumbel-Galambos b1~ 55 1757 1498533 30.8530  34.5866

AIC 0.2598 -173.9274 4.8809 7.5466

Frank-FGM-Galambos BIC 267700 -147.4172  30.6856  35.3937

AIC -0.2446 -167.6904 4.8530 6.7755

Gumbel-FGM-Galambos b1~ 5o o656 1411802 30.6578  34.6226
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Table 3.6 shows the results of the AIC and BIC.

* The Clayton-Frank-Gumbel copula mixture has the lowest AIC and BIC for both the US
large-cap stocks and the US momentum portfolios.

* The Clayton-Frank-Galambos and Clayton-FGM-Galambos copula mixtures have identical
AIC and BIC values, which are also the lowest for the SA large-cap stocks.

* The Frank-Gumbel-Galambos copula mixture has the lowest AIC and BIC for the SA
momentum portfolio.

* The US and SA momentum portfolios have the same top three copula mixtures, i.e., Clayton-
Frank-Gumbel, Frank-Gumbel-FGM, and the Frank-Gumbel-Galambos. Although they
contain stocks from different markets and have various levels of diversification, both are
momentum portfolios that behave similarly. Hence, they have dependence structures can be
modelled using the same copula mixtures.

3.5 Conclusion

This study commences with the construction of a momentum portfolio, using the historical data
from large-cap stocks. The top 20 stocks with the highest average momentum scores over 3, 6,
9 and 12 months were selected and included in the portfolio. This construction was done for the
stocks listed in SA, as well as those that are listed in the US. The resulting portfolios included
stocks that significantly outperformed expectations. The SA momentum portfolio had a more varied
industry exposure, compared to the US momentum portfolio which consisted mainly of technology
stocks.

The Kendall’s tau and Spearman’s rho were employed on both momentum portfolios to assess
whether they were diversified. The SA Momentum portfolio had a lower Kendall’s tau (0.1296) and
Spearman’s tho (0.1881) compared to the US momentum portfolio, which had a higher Kendall’s
tau (0.3494) and Spearman’s rho (0.4932). Although both portfolios can be considered diversified,
the SA momentum portfolio is more diversified with lower volatility (o, = 0.1456) compared to
the volatility (o, = 0.3422) from the US momentum portfolio.

Furthermore, a combination of 10 copula mixtures were evaluated for both countries, using the
populations from which the portfolios were selected (i.e., large-cap stocks) and the momentum
portfolios. The copula mixtures are all valid satisfying their individual parameter boundaries within
the mixture. Mixture copula models were applied to the population of the large-cap stocks, and
the momentum portfolios. The US and SA momentum portfolios have the same top three copula
mixture models. They have dependence structures that can be modelled by the same copula mixture
models. The results signify that a pure momentum portfolio is well diversified and although the
stocks are listed in different countries, they behave the same for momentum factor.
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Chapter 4

A comparison of value and growth
investment strategies using the Hidden

Markov Model with switching and the
Kaplan-Meier method

Abstract

The value versus growth debate has been going on among financial practitioners and academics
alike for a very long time. In the past, value was superior, outperforming both growth and the
overall market. However, the dynamics surrounding these two investment strategies have since
shifted with growth now outperforming both value and the overall market. The purpose of this
article is to assess and compare the dynamics surrounding these two factor investment strategies.
First, a fund of funds composed of the three largest exchange-traded funds ranked by assets under
management listed in the United States, were constructed for both value and growth. Second, the
hidden Markov Model with switching was used to identify the hidden states from historical daily
returns. Third, the Kaplan-Meier method, predominantly used in survival analysis, was adjusted
to fit the premise of the hidden Markov Model to identify the persistence in days of the hidden
states. Lastly, the Hidden Markov Model was used for factor timing. The results show that value
recovered faster than growth after a negative impact on the markets. The Hidden Markov Model
factor timing strategy had higher returns for a fund of funds consisting of both value and growth.

Keywords

Exchange-traded funds, factor investing, factor timing, fund of funds, Markov switching autore-
gressive model.
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4.1 Introduction

Value and growth are complementary popular investment factors, heavily embedded in literature
and highly regarded by investors (Siegel and Alexander, 2000). Value investing has been around
for a very long time and was first conceptualised by Graham and Dodd (1934) who introduced
the idea of value, which has evolved significantly since then, but still draws on the foundations
presented in that text. Basu (1983) and Fama and French (1992) further developed value as a
strategy, by stating the relationship that exist between price-to-earnings ratios and returns. Growth,
on the other hand, was conceptualised by Price (1950), who stated that growth stocks are those that
have consistently grown previously without an indication of slowing down. Value is a fundamental
factor, and long-term investors tend to prefer value as opposed to growth (Roca, 2021). A value
strategy is characterised by the practice of buying seemingly under-priced stocks trading below
their perceived intrinsic value, using fundamental analysis (Stagnol et al., 2021). Growth focuses
on the earnings growth potential of a company. The growth factor uses metrics that are essential
for determining or valuing the growth potential of a business, such as profitability, competitive
advantage and business strategy.

Although value is measured by metrics such as price-to-book ratios and price-earnings ratios it
can be quite objective and also depends on the view that an investor might have on these metrics
and stocks (Kok et al., 2017). The ratios used to identify value stocks may be misleading, as they
might understate the challenges within the company. For example, internal turmoil and financial
challenges (such as being on the verge of bankruptcy), which is the reason why they are priced
below their intrinsic values and as a result this can make them riskier (Chen and Zhang, 1998). The
financial ratios in this case will be low, with too many variables affecting their future earnings and
profitability.

In the past, value was deemed superior to growth, for example, Capaul et al. (1993), Fama and
French (1998), Chan and Lakonishok (2004), Elze (2010), Beukes (2011), Asness et al. (2015) and
Teti et al. (2019) evaluated a value vs growth strategy and concluded that value outperforms growth.
This outperformance was due to value stocks being more established trusted brands with a solid
history and strong fundamental analysis results.

There used to be a general overconfidence in the metrics of these stocks, as they had seemingly
great and dependable business management strategies. Perez (2017) showed that classifying
stocks as value or growth required more than just low price-to-earnings ratios, with the portfolio
optimisation process being significant in how the strategy performs. However, for value stocks, it
really did not matter historically which metrics were used as long as the they had low price-to-book
ratios, they would still manage to outperform growth stocks (Athanassakos, 2009).

Asness et al. (2000) noted that value investing may result in long-term periods of low returns.
Even though in the past value outperformed growth, value was susceptible to market downturns
and resulted in underperformance against the overall market, Penman and Reggiani (2018) called
this the value trap.

The consensus on the value vs growth debate has shifted, and the dynamics have changed, which
shows that a strategy that worked well previously might not be as effective in the future (Abhyankar
et al., 2008). Value is a strategy that is currently not favoured by investors, (i.e. value is currently
out of favour while growth is preferred). The value factor is heavily linked to economic conditions,
for over a decade this factor has not been performing as well as expected. Its underperformance
since 2007 has received criticism ranging from "value is dead" to "value is not an effective strategy
for higher returns" (Israel et al., 2022). Kakinuma (2017) found that in the long run it does perform,
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value investing requires a long-term patient approach, portfolios with low price-to-earnings (P/E)
and price-to-book (P/B) ratios produce higher returns and is an effective long-term strategy with
better risk-return results.

In this article, value and growth fund of funds will be constructed, using the top three exchange-
traded funds with the highest assets under management (AUM). A Hidden Markov Model (HMM)
will be applied to the value and growth fund of funds with the aim of discovering the hidden states
that impact value and growth returns. The hidden states will show a period of low variance (stable
returns) and high variance (volatile returns). The Kaplan-Meier method will also be applied to
measure persistence (number of days) of the hidden states, further showing how long a portfolio
will have stable returns and volatile returns.

This article starts with the introduction of value and growth in Section 4.1, followed by the
methodology in Section 4.2. The empirical results are found in Section 4.3. Finally, the conclusion
is in Section 4.4.

4.2 Methodology

4.2.1 Hidden Markov Model

Value and growth have historical returns with hidden unobserved events in the market. The returns
will transition from a state of low variance (stable and predictable) to a state of high variance
(highly volatile and unstable) and vice versa. In the Hidden Markov Model these transitions follow
a Markov process. The Hidden Markov Model can be found in Rabiner and Juang (1986), Rabiner
(1989), Shumway and Stoffer (2017), Netzer et al. (2017), Cole (2019), Mor et al. (2021), Hassan
et al. (2021) and Ravari et al. (2024).

Let { X;} be a time series of historical returns indexed by time period {t = 1,2,3...} con-
sisting of historical returns { X;_1, Xy—9,..., X1, Xo}, current returns {X;} and future returns
{X¢41, Xit2, ..., X7} characterised by the Markov property Baum and Petrie (1966). The Markov
property is a memoryless characteristic of a stochastic process, where {X;11, X¢12,..., X7}
depends on { X;} and { Xy_1, Xy_o,..., X1, Xg} is of no significance.

The probability of predicting a series of outcomes based on the most current information is
known as the Markov chain . Hidden Markov Models are a type of state space models where
the system being modelled is assumed to follow a Markov process with unobserved hidden states
st = {s1,s2,...,Sm}. The Markov property is defined by:

P(Xt+1 =S ’ Xt = St;Xt—l = St—1,-- .,XQ = So) = P(Xt+1 =S ‘ Xt = St), (41)
forallt =1,2,3,...and for all states sg, s1,..., st, s. Hence,
P(Xt+1 =S ‘ Xt = St7Xt—1 = St—1y--- ,Xl,X() = SO). (42)

A Markov chain consisting of two states, 0 and 1, has the transition matrix A = [a;;] that describes
the probabilities of moving between these states at each time step.

A= <a00 a01> 7 (43)

aipo aii
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apo +ao1 =1, aypp+a;; =1 4.4)

where aqg is the probability of staying in state 0, ag; is the probability of transitioning from state O
to state 1, ajq is the probability of transitioning from state 1 to state 0 and a1; is the probability of
staying in state 1. Let s; be hidden states at time ¢ = 0, 1, . .., m, which follows a Markov process
with m possible states. The initial state distribution 7 = [m;], is

T, = P(51 == i), (45)

which is the probability that the system starts in state ¢, with some state j = 0. The probability of a
state j at time ¢ is given by
aj(t) = P(sy = j). (4.6)

The probability of transitioning between states depends only on the current state. The state transition
probability from state 7 at time ¢ to state j at time ¢ 4 1 is

ajj = P(sgp1 =78 =1), 4.7
where
m
> aij =1, Vij. 4.8)
j=1

Let { X} be the observed data at time ¢ = 0, 1, . . . independent of the hidden states, with parameters
that depend on the current state. The observation probability of starting in state j at time ¢ is
B = [bj(X;)], which is the probability of observing a particular output given the current state.
bj(X;) = P(X¢|s; = j) is the probability of observing X given that the system is in state j at
time ¢.

B =1bj(Xt) = P(X¢ | 8t = j). 4.9)

Let 6 be a HMM automaton, such that
0= (A, B,). 4.10)

The probability of an observed sequence can be computed by the forward algorithm. Suppose
ay(j) is the probability of the partial observation sequence { X1, Xo, ..., X;} up to time ¢, with the
system being in state j at time ¢. Then,

ar(j) = P(X1, X2,..., X, 50 = jl6), (4.11)

where oy () is the joint probability of the observed sequence up to time ¢. At time ¢ = 1, the initial
probability of being in state j and observing X is

ai(j) = mbi(X1), 1<j<m. (4.12)

The probability of reaching state ;7 at time ¢ + 1 given the sequence of observations up to time ¢ is
the sum over all possible prior states i:

m
a1(f) = Y on(i)agbj(Xep1), 1<j<m1<t<T. (4.13)
=1

After the final time step 7', the probability of observing the entire sequence is the sum of the
probabilities of being in any of the states at time 7"

P(X4]0) =) ap(i). (4.14)
=1
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The most probable sequence of states given the observed sequence can be found by the Viterbi
algorithm. Suppose 0, (i) is the probability of the most likely state sequence up to time ¢ that ends
in state ¢ at time ¢, given the observation sequence.

0t(i) = max P(s1,82,...,8 = 8, X1, Xo, ..., X¢|0). (4.15)

81,0055t —1
At time ¢ = 1, the probability is given by
01(j) = mbi(X1), 1<j<m, (4.16)

bi(j) =0, 1<j<m. 4.17)

The most likely state sequence ending at state j at time ¢ + 1 is determined by considering the most
likely sequence ending in all possible previous states .

(5,5(]) = max 5t_1(i)aijbj(Xt), 1<5<m,1<t<T, 4.18)
bi(j) = arg max G-1(i)aybj(Xy), 1<j<m1<t<T, (4.19)
St+1(J) = nax 0¢(7)aijbi(Xir1)- (4.20)

Once the final probabilities are calculated, the most probable state sequence is determined by
backtracking through the states with the highest probabilities. Let 5,(i) be the probability of
observing the observations from time ¢ + 1 to the end,

{Xi41, Xigo, ..., X7}, starting from state ¢ at time ¢

Bt(l) = P(XtJrla Xt+2, e 7XT|5t = Sy, 9) (421)
At the final time step 7', the probability of future observations is 1.
Br(i)=1, 1<i<m. 4.22)

The probability of the future observations given that the system is in state ¢ at time ¢ is computed
by summing over all possible next states j.

Bi(i) = Zaijbj(XtH)ﬁtH(j)a 1<i<m,1<t<T. (4.23)
j=1
P(Xy]0) =Y mibi(X1)B1(5). 4.24)
=1

The Baum-Welch algorithm optimises the transition and observation probabilities and is used to
learn the parameters of an HMM from observed data.

i) = Plst = 31%0.6) = 2t @25)

(1) aijbj(Xey1)Ber1(J)

i,7) = P(sg =1 =j|Xy,0) = 4.26
&(i, ) = P(st = i, 5041 = j| X¢,0) P(X,/0) (4.26)
Estimates the expected number of transitions from state 7 to state 7,
T—1g4 (:
o Zt:l 1Y) 4.27)

ajj = = .
ZtT:f Ve (7)
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where & (i, j) represents the probability of being in state 7 at time ¢ and transitioning to state j at

time ¢ + 1,
6, g) = 2% Jig Xj;))ﬁ eall) (4.28)
b;(0) = Zimtxi=0, 10 ), (4.29)

> ()

where Zthl X,—s, 18 the sum of all ¢ for which the observation at time ¢ is J.

4.2.2 Markov switching autoregressive model

The Markov switching regression model shows the probability of transitioning and switching from
state O to state 1, and the probability of remaining within the same state. Historical investment
data constantly switch between recurring hidden states (as illustrated in Figure 4.3), indicating that
some time variations in the parameters exists. The Markov switching regression model will be
applied to the funds of funds to estimate the switching probabilities of the fund of fund returns. The
estimation method presented here can be found in Quandt (1972), Hamilton (1989), Nielsen and
Overgaard (2000), Shumway and Stoffer (2017), Wang et al. (2020) and Adejumo et al. (2020).
Let (X;) be modeled by an autoregressive model of order p (AR(p)), such that,

p
X =00+ 3 o X + e, (4.30)
=1

where X, is the random variable at time ¢, qbgs”) are the coefficients that depend on the state sy,
and egst) ~ N(0,0?) is the normally distributed error term with a variance that depends on the
state (s¢). A simple switching stationary AR(1) process with mean (), that switches from state 0
(st = 0) to state 1 (s = 1) is given by

x,_ [potaXiaten lal<l p=iZy =0, 4.31)
G0+ o1+ P2 Xy_1 4+, o1 #0, p= ¢0+¢¢;1 = % se=1
The conditional distribution of the observations is given by:
bi(X:) =G (Xt; o+ 0V Xy i, 0% ) , 4.32)
i=1

2(7)

where G represents the normal density function and o
The likelihood of the observations is given by:

is the variance associated with state j.

In£(0)X1,) = Z In Zyrj (tt — 1)bj(Xy) |, (4.33)

t=p+1

where £(6|X1.p) is the likelihood of the observations and 7;(¢|t — 1) is the transition probability
to state j at time ¢.

Let (£) be the log likelihood, (k) be the number of parameters, and (n) be the number of
observations. The AIC is used to select the best model based on the prediction accuracy (Weakliem
(2016); Portet (2020)).

AIC = =21In(L) + 2k. (4.34)
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The BIC is more conservative than the AIC and seeks a true model (Watanabe, 2013; Nguefack-
Tsague and Bulla, 2014).
BIC = —2In(L) + k1In(n). (4.35)

The HQIC is used when the datasets are large and provides a balance between AIC and BIC in
the way a model is selected. It is more stringent than the AIC but less conservative than the BIC
(Mainassara and Kokonendji, 2016; Iheagwara et al., 2018).

HQIC = —21n(L) 4 2k In(In(n)). (4.36)

4.2.3 Kaplan-Meier method

The Kaplan-Meier method is predominantly used in survival analysis, for studies that deal with life
or death cases. This method will be applied on a financial time series, thus needs to be adjusted to
fit the premise of the Hidden Markov Model. The hidden states may persist over a period of time
before a transition from one state to the other occurs. The Kaplan-Meier method can be used to
assess the time period of each state’s persistence (Kaplan and Meier, 1958; Stalpers and Kaplan,
2018; Sun and Wang, 2024). Let s; be a hidden state at time ¢, suppose there are observed hidden
states associated with ¢ and j, i.e., low and high variance states, respectively. The historical data,
i.e., time series X at time ¢ will have the transition probabilities as follows, the probability that the
portfolio will be in a state of low variance and remain in a state of low variance,

P(sy=1i|si_1=1) VL. (4.37)

The probability that the portfolio will transition from a state of low variance to a state of high
variance at time ¢,
P(s; =1 si—1 =1J). (4.38)

The probability that the portfolio will be in a state of high variance and remain in a state of high
variance,
P(st=jst—1=7) WVt (4.39)

The probability that the portfolio will transition from a state of high variance to a state of low
variance at time ¢,
P(St :] | St—1 = Z) (440)

Let \; be the transition rate, therefore the transition probabilities will be as below. The probability
of remaining in one state either ¢ or j is

P(St =1 ‘ St—1 = ’L) = P(St :j | St—1 :j) = )\t Vt. (441)
The probability of transitioning from one state to another (i.e., from ¢ to j or from j to ¢) is
P(St:i’St_l:j):P(St:j‘St_lzi)zl—kt. (442)

Let Z (t) denote the survival probability at time ¢, of either remaining in a state or transitioning
from one state to another. Transition probabilities will be

A J<t J<t
Z2) =] Psi=3ilsa=14)=[[a-x) (4.43)
1=0 =0

Let dg be number of data points that transition from state ¢ to state 7 at time ¢ and ni be the number
of data at risk of transitioning from state ¢ to state j at time ¢. The likelihood function for survival
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data
i<t

, : nl
L d? H)\ 1—X)™%— <d;> (4.44)

J J
log(L) = > <dﬂ log(Ae) + (n? — d?) log(1 — Ay) + log <Z]>> (4.45)
=0 7
| & I
0 Og(ﬁ) =t _ n; B 0’ (446)
a)\t >\t 1-— )\t
I
P (4.47)
"

Thus, the survival probability is:

J<t J<t j
Z(t) = H(1 - =1] < - di) . (4.48)

4.2.4 Portfolio metrics

The portfolio metrics includes the portfolio returns, maximum drawdown, standard deviation and
Sharpe ratio.

Portfolio return

The portfolio returns are estimated by,

R, =S wR, (4.49)

where R, is the portfolio return, w; is the weight of the i-th asset in the portfolio and R; is the
return of the ¢-th asset.

Max drawdown

The maximum drawdown (MD) is the difference between the peak and trough before the next peak

occurs defined by
Peak — Trough

Peak
where the peak is the highest point and trough is the lowest point.

MD = x 100%, (4.50)

Standard deviation

Standard deviation

N N
az = Zw?a? + 2ZZwiijij 4.51)
=1

i=1 j#i
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Sharpe ratio

The Sharpe ratio is defined as,
SR= ——, (4.52)

where R, is the portfolio return, 12y is the risk-free rate and o, is the standard deviation of the
portfolio return.

4.3 Empirical results

4.3.1 Data

In investment management there are two prominent strategies often compared with each other, i.e.,
active and passive investing. In active investing, the individual stocks are selected to construct a
portfolio and there is regular trading that occurs within the portfolio (Carneiro et al., 2022). A
passive strategy can be considered a buy-and-hold strategy with equidistant rebalancing periods to
reposition the portfolio to ensure that the fund is holding the same underlying stocks, with similar
percentages compared to the benchmark it tracks (Grégoire, 2020).

The majority of portfolios within the passive investment space are factor-based exchange-traded
funds, known as smart beta funds (Millo et al., 2023). Exchange-traded funds are index tracking
funds that invest in a basket of shares, which seeks to replicate the index’s underlying share
exposure, diversification and industry exposure (Conlon et al., 2023). A fund of funds aims to
capitalise on the management styles unique to each investment strategy and portfolio.

Passive investing has seen a rise in popularity, fuelled by their ease of accessibility, affordability
and diversification prowess. As a result, passive funds have garnered more investment flows than
active investments in recent years, as investors benefit from getting a diversified portfolio at lower
overall fees compared to active portfolios (Cong et al., 2024).

The historical data used in this study is publicly available on the Yahoo finance database. Value
and growth funds of funds were constructed, by selecting the largest three US listed ETFs ranked
by assets under management (AUMs). The historical data consists of closing daily prices from
January 2013 to December 2024. Table 4.1 shows a list of the top three ETFs for both value and
growth, with the overall market consisting of two indexes (denoted by **) and an ETF.
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Table 4.1: Funds of Funds

Factor Exchange-Traded Fund (ETF) Yahoo Finance Assets Under
Symbol Management
(AUM) [US Dollar
($), Billion]
Vanguard Value Index Fund ETF VTV 135
Value iShares Russell 1000 Value ETF IWD 61
iShares S&P 500 Value ETF IVE 36
Vanguard Growth ETF VUG 160
Growth iShares Russell 1000 Growth ETF IWF 105
iShares S&P 500 Growth ETF IVW 57
**Russell 3000 index RUA -
Overall Market **S&P 500 index GSPC -
iShares MSCI World Index ETF XWD.TO 1.1

Vanguard and Blackrock are two of the largest ETFs providers and as a result the selected ETFs
are managed by both investment management firms. A fund of funds, is a portfolio that invests
in other funds, combining different strategies from the underlying funds to achieve higher returns
(Ang et al., 2008). Four funds of funds will be constructed for value, growth, value-growth and the
overall market using the information in Table 4.1.

A comparison of the two factors’ historical results has shown that value has not been performing
as well as expected by investors, for example, the impact of the global financial crisis hit value the
hardest compared to growth (Bevanda et al., 2021). Zhou and Liu (2021) found that the effectiveness
of a value investment strategy after COVID-19 has declined, and although the effectiveness of
this strategy is in question, value investing remains relatively low risk compared to a growth
strategy. Value has been facing some significant challenges and has had a long-range series of
underperformance, whereas growth has been consistently outperforming value. Growth, on the
other hand, has been thriving and outperforming value. Investors are willing to pay more for growth
stocks as there is a prospect of higher investment growth and returns in the future.

Figure 4.1 illustrates a comparison of annual total returns of the value, growth, value-growth,
and the overall market funds of funds starting in 2001.

61



Annual Total Return Comaprison

0.4 4

0.3 H

0.2 i
0.1 1 I
0.0 I
—0.1 A !

—-0.2

.
M

Annual Total Return

031 mm value

= Growth
mmm Value-Growth
—0.4 -| ™= Overall Market

T T T T T T
2000 2005 2010 2015 2020 2025

Figure 4.1: Value and growth annual total returns comparison.

A shift in returns for growth occurred in 2007, with an outperformance of growth stocks compared
to value. After 2007, value has outperformed growth three times, i.e., in 2012, 2016 and in 2022.
Table 4.2 shows a brief overview of events that had a negative impact on the annual total returns for
each fund of funds.

Table 4.2: Financial crisis affecting the stock market returns

Year Event

2001 Dot-com recession, impact continued to 2002

2008 Global financial crisis, which began in the US

2011 Black Monday 2011 - Debt ceiling crisis followed by the downgrade of the US Standard & Poor’s credit rating
from AAA to AA+

2015 Chinese economy crisis, collapse in oil prices

2016 Flash crashes, frantic selloffs by investors fuelled by fears of economic slowdowns

2018 China-US tariff war, Big tech scrutiny from regulators and general slowdown in Chinese economy

2020 Worldwide COVID-19 lockdowns

2022 Invasion of Ukraine by Russia and sharp rise in inflation

4.3.2 Hidden Markov Model results

Applying the HMM on a portfolio that includes all the ETFs and indexes from Table 4.1, results in
Figure 4.2.
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Hidden Markov Model States
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Figure 4.2: Hidden Markov Model with 9 states

Figure 4.2 presents the historical returns of the overall portfolio with nine hidden states. A higher
number of hidden states can increase the complexity of the model. Table 4.3 shows the distribution
of occurrence of three states (i.e. state O, 1 and 2). State 2 has a distribution below 2.2% for the
value and growth funds of funds. Therefore, only state O (Low variance) and state 1 (high variance)
will be considered for subsequent results in this study.

Table 4.3: Distribution of occurrence

Factor Hidden State Distribution of occurrence (%)
0 78.263751
Value 1 21.736249
2 _
0 33.499006
Growth 1 65.374420
2 1.126574
0 53.611663
Value-Growth 1 2.186879
2 44.201458
0 61.172685
Overall Market 1 1.966393
2 36.860922

Applying the Hidden Markov Model to the value, growth, value-growth, and the overall market
fund of funds, respectively, resulted in Figure 4.3. State O shows the period of stable predictable
returns and state 1 shows a wider disparity between the highest and lowest returns.
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Figure 4.3: Historical daily returns hidden states identification.

The returns remain stable unless a market shock occurs, or events that negatively affect the stock
market. Table 4.2 provides a limited summary of events that can cause a portfolio to transition from
state 0 to state 1. Value is more stable than growth. There is a greater frequency of transitions from
state O to state 1 within growth and value-growth fund.

4.3.3 Markov switching regression model results

The results of fitting the Markov switching regression model to the funds of funds for value, growth,
value-growth and the overall market are shown in Tables 4.4, 4.5, 4.6 and 4.7.

Table 4.4: Log likelihood, AIC, BIC and HQIC results

Factor Log Likelihood AIC BIC HQIC
Value -3658.342 7332.685 7380.784 7349.981
Growth -4210.823 8437.646 8485.745 8454.942
Value-Growth -3771.771 7559.542  7607.640 7576.837
Overall Market -3585.912 7187.824 7235.846 7205.101

Table 4.4 shows the best combination of the log likelihood, AIC, BIC and HQIC for the four
fund of funds. The log likelihood is negative with the highest being the overall market. The fit
and complexity of the model measured by the AIC is lower for the overall market fund. The BIC,
which favours simpler models is also the lowest for the overall market. The HQIC is consistent for
large datasets and therefore is the lowest for the overall market fund.

Tables 4.5, 4.6 and 4.7, show the state parameters as well as the state transition parameters.
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Table 4.5: State 0 parameters

Factor Coefficient Standard Error z-value p > |z| [0.025 0.975]
Value -1.5516 0.118 -13.196 <0.0001 -1.782 -1.321
¢o Growth 1.5755 0.164 9.612 <0.0001 1.254 1.897
Value-Growth 0.1213 0.013 9.364 <0.0001 0.096 0.147
Overall Market 0.1077 0.013 8.487 <0.0001 0.083 0.133
Value 1.6448 0.118 13.920 <0.0001 1.413 1.876
¢1 Growth -1.4416 0.165 -8.751 <0.0001 -1.764 -1.119
Value-Growth -1.3069 0.160 -8.187  <0.0001 -1.620 -0.994
Overall Market -1.6872 0.215 -7.858 <0.0001 -2.108 -1.266
Value 0.3330 0.014 24.141 <0.0001 0.306 0.360
0%  Growth 0.4016 0.018 22.088 <0.0001 0.366 0.437
Value-Growth 0.3031 0.013 23.768 <0.0001 0.278 0.328
Overall Market 0.3048 0.013 24.090 <0.0001 0.280 0.330

Table 4.5 shows the state 0 parameters. In state O the intercept ¢¢ will be significant at 1% level
of significance if the p-value <0.0001. Hence, when ¢; is zero, the mean returns in state 0 will
be ¢g. A value of ¢; will be significant at 1% level of significance, and an increase of ¢; will
significantly reduce the mean returns for a fund if it is negative. State O is characterised by low
variance o2, therefore, the mean returns in this state will be more stable.

* Value has ¢g = —1.5516, which indicates persistent negative returns. Therefore, even in the
state of low variance (02 = 0.3330), value produces negative returns.

* Growth has the highest ¢y value and the highest mean returns, with the highest variance
among the four funds.

* Value-Growth is a combination of the value ETFs and the growth ETFs and heavily impacts
the returns generated by growth, as shown by ¢y = 0.1213. The variance of this 2-factor
fund is the lowest, which in this case corresponds to the lowest returns.

* The overall market has a lower ¢ value than the value and growth funds. Its ¢ is negative
and its variance is slightly higher than that of the value-growth fund’s o2.

Table 4.6: State 1 parameters

Factor Coefficient Standard Error z-value p > |z| [0.025 0.975]
Value 0.0162 0.074 0.220 0.826 -0.128 0.161
¢o1 Growth -0.1247 0.060 -2.074 0.038 -0.242 -0.007
Value-Growth 0.0988 0.180 0.550 0.582 -0.253 0451
Overall Market 0.0397 0.149 0.266 0.790 -0.252 0.332
Value 0.0813 0.185 0.440 0.660 -0.281 0.443
¢  Growth 0.1886 0.175 1.079 0.281 -0.154 0.531
Value-Growth -0.1110 0.189 -0.587 0.557 -0.482 0.260
Overall Market -0.0719 0.160 -0.448 0.654 -0.386 0.243
Value 3.0621 0.187 16.409 0.000 2.696 3.428
02  Growth 3.2245 0.159 20.234  0.000 2912 3.537
Value-Growth 2.7513 0.138 19.948 0.000 2481 3.022
Overall Market 2.5289 0.135 18.724  0.000 2264 2.794
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Table 4.6 shows the state 1 parameters. In state 1 the intercept ¢o; will be insignificant at 1%
level of significance if the p-value > 0.000. Hence, when ¢s is zero, the mean returns in state 1 will
be ¢g1. A value of ¢ will also be insignificant at 1% level of significance. State 1 is characterised
by high variance (0'?), therefore, the mean returns in this state will be more volatile.

* Value has more stable returns in state 1 compared to growth. Therefore, value benefits from a
high variance state 1 compared to state O returns. Although the returns are higher, they are
not significant and thus will not improve the overall results of the value factor fund.

¢ Growth has the lowest mean returns with ¢9; = —0.1247, the mean returns for value are
negative within this state. The mean returns are not significant. Growth has the highest
variance within state 1.

* Value-growth shows the highest mean returns ¢9; = 0.016, though it is statistically insignifi-
cant.

* The overall market shows but statistically insignificant mean returns, with the lowest variance.

Table 4.7: State transition parameters

Factor Coefficient Standard Error z-value p>|z| [0.025 0.975]
plo—> 0] Value 0.9786 0.004 239.252 <0.0001 0.971 0.987
Growth 0.9803 0.004 235962 <0.0001 0.972 0.988
Value-Growth 0.9786 0.004 237.743 <0.0001 0.971 0.987
Overall Market 0.9832 0.004 280.809 <0.0001 0.976  0.990
pll=> 0] Value 0.0679 0.012 5905 <0.0001 0.045 0.090
Growth 0.0360 0.007 5.056  <0.0001 0.022 0.050
Value-Growth 0.0453 0.008 5.501  <0.0001 0.029 0.061
Overall Market 0.0399 0.008 5.092 <0.0001 0.025 0.055

Table 4.7 shows the transition probabilities of the value, growth, value-growth, and the overall
market portfolios. p[0— > 0] shows the transition probabilities of remaining in the same state and
p[1— > 0] shows the transition from state 1 to state 0. The probability of staying in state 0 is higher
than 97% for all four fund of funds.

4.3.4 Kaplan-Meier method results

Figure 4.4 illustrates the results of applying the Kaplan-Meier method on a financial time series to
estimate persistence, measured in days of the hidden states.
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Value Kaplan-Meier Survival Curve for Hidden States

Growth Kaplan-Meier Survival Curve for Hidden States
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Figure 4.4: Kaplan-Meier survival curves

Figure 4.4 shows the Kaplan-Meier results for value, growth, value-growth and the overall

market.

* Value stays on average 129.9 days in state 0 and when it does transition from state O to state
1, it remains on average 22.1 days in state 1.

* The overall market has the highest average number of days of remaining within state 0.
Growth remains in state 1 for the longest average duration.

4.3.5 Factor timing

Factor timing is an investment strategy that seeks to adjust exposure to certain stocks that belong
to the same factor in order to increase and generate superior returns. HMM presents a unique
opportunity where a portfolio’s exposure can be adjusted to improve returns and lower volatility. A
HMM factor timing strategy will involve regular dynamic portfolio exposure adjustment during
the transition of hidden states, as factors may be cyclical (Haddad et al., 2020). The adjustments
here will adhere to the state transitions probabilities, Li (2024) documents that factor timing results

differ by time period.

67




Value Timed vs Untimed Portfolio Cumulative Returns Growth Timed vs Untimed Portfolio Cumulative Returns

—— Timed Portfolio Returns (HMM-based) —— Timed Portfolio Returns (HMM-based)
—— untimed Portfolio Returns (Equally Weighted) — Untimed Portfolio Returns (Equally Weighted)
4
2.0
£15 I
2 2
& &
o o
> 2
510 82
S ]
£ £
3 3
o 8]
05 1
0.0 o
2014 2016 2018 2020 2022 2024 2014 2016 2018 2020 2022 2024
Date Date
Value-Growth Timed vs Untimed Portfolio Cumulative Returns Overall Market Timed vs Untimed Portfolio Cumulative Returns
—— Timed Portfolio Returns (HMM-based) —— Timed Portfolio Returns (HMM-based)
5 = Untimed Portfolio Returns (Equally Weighted) 2.0 — Untimed Portfolio Returns (Equally Weighted)
4
15
£ £
2 2
]
&3 &
w o
3 2
= g 10
S S
g2 £
3 3
Is] [s]
05
1
0 0.0
2014 2016 2018 2020 2022 2024 2014 2016 2018 2020 2022 2024

Date Date

Figure 4.5: HMM factor timing cumulative returns comparison

Figure 4.5 shows the historical results of the HMM factor timing strategy.

* Value has a higher chance of remaining in state O and therefore the HMM factor timing
method did not have impactful results for the value fund of funds.

* Growth had similar returns to the untimed fund. Therefore, timing growth did not produce
significant returns.

* Value combined with growth within the same fund produced significant results after applying
the HMM factor timing. The balance that each factor provides to the 2 factor portfolio makes
it suitable for a timing strategy.

* The overall market performed dismally. The timed portfolio had a large gap after the 2020
drop in returns.

The portfolio metrics comparison of the timed and untimed portfolios split by the hidden states
found in Table 4.8.
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Table 4.8 shows the results of a timed portfolio and an untimed portfolio for each hidden state.

Table 4.8: Hidden states metrics: timed vs untimed comparison

Factor State Average Return Cumulative Return Max Drawdown Standard Deviation Distribution of Occurrence Sharpe Ratio
Timed Untimed Timed Untimed Timed Untimed Timed Untimed Timed Untimed Timed Untimed
Value 0 0190966 0.195456 4.957359 5212621 0.094377 0.090189 0.107224 0.106519 78.031809  78.031809  1.781000  1.834937
4 1 0237801 -0211597 -0.465082 -0.426904 0.880345 0.845477 0287628 0281962 21.968191  21.968191  -0.826765 -0.750445
Growth 0 0304677 0301829 15951466 15508855 0.095163 0.100120 0.120766 0.121206 77.567926  77.567926  2.522880  2.490226
row 1 -0360420 -0.350899 -0.620261 -0.610423 1.052321 1.062973 0324758 0332130 22432074 22432074  -1.109811 -1.056512
Value-Growth 0 0279103 0243547 6358171 4706198 0.068934 0.059848 0.106318 0.100757 59.708416  59.708416  2.625172 2417163
alue-Lrow 1 -0.016413 -0.030303 -0.076143 -0.136037 0.802332 0.908864 0221900 0235966 40291584 40291584  -0.073965 -0.128422
Overall Market 0 0209801 0228687 6701395 8254980 0.092623 0.109390 0.105288 0109294 87.665356  87.665356 1992649  2.092412
VeraiMarkel o L0760027  -0.704954  -0.646727 -0.619061 1.084148 0998116 0366652 0348007 12334644 12334644  -2.072884 -2.025687

Table 4.8 shows the timed and untimed metrics split by hidden states 0 and 1. Timing value and Growth using the HMM to dynamically adjust the portfolio when a portfolio
transitions between states does not significantly increase the average returns. Combining value and growth and applying the HMM factor timing method produces the best results.
Timing the overall market using the HMM does not produce meaningful results.



4.4 Conclusion

Factor investing strategies are popular and two factors have long been compared with each other.
This study analyses the historical returns of value vs growth, by comparing them to the overall
market. A fund of funds was constructed consisting of three ETFs each. The historical returns of
value, growth, value-growth and overall market fund of funds were compared, and the results show
that growth outperformed value. Value underperformed, while growth demonstrated strong returns.

The HMM was applied to the fund of funds to identify the hidden states of the historical daily
returns. Growth tends to be more susceptible to market condition changes, which causes more
hidden states transitions.

The Markov switching regression model was applied to the fund of funds to identify time variant
parameters, including the state transition parameters showing the probability of staying within a
state or transitioning between the states. Each fund of funds exhibited a probability greater than
97% of remaining in state 0. The Kaplan-Meier method, predominantly used in survival analysis,
was adjusted to fit the premise of the HMM dynamics to identify the persistence in days of the
hidden states.

The overall market fund of funds had the highest average in days of staying within state 0.
Growth had the highest average in days of staying in state 1. These results imply that growth
is riskier factor than value. However, when a factor timing using the HMM was applied to the
fund of funds, growth did not significantly deviate from the original untimed equally weighted
portfolio. The fund of funds with both value and growth produced significant results from a factor
timing HMM approach. The results signify that a hybrid approach to factor timing that limits the
manager’s skill can be an effective strategy to a passive investment portfolio.
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Chapter 5

The Kalman filter and Hidden Markov
model investment factor timing strategy
comparison

A fund of funds is an investment instrument that invests in other funds, such as, exchange-traded
funds, mutual funds, equity funds and others. On the surface a fund of funds can be expensive with
a double layer of fees, i.e., an investor will pay the fees of the fund of funds, as well as, the fees of
the underlying funds (Brown et al. (2004); Ang et al. (2008)). This makes them more expensive
than buying the individual funds. However, not all investors are well versed in choosing the right
investments and thus the fund of funds can provide an opportunity to invest in multiple funds, with
different management styles, and can be invaluable to these investors.

In this chapter:

1. The ETFs were selected based on their AUMs and the factor they track.
2. A fund of funds for each factor was constructed using the ETFs.

3. A comparison of the backtested historical performance of the fund of funds and the individual
funds was conducted.

4. The Kalman filter was applied to each fund of funds for factor timing.
5. The hidden Markov model was applied to each fund of funds for factor timing.
6. The factor timing results of the Kalman filter and HMM were compared.

7. The model with the best results was selected as the superior model based on the results.

This chapter provides a comparison of the factor timing methodology used in Chapter 2, namely
the Kalman filter (Section 2.3.2) and the factor timing methodology in Chapter 4, i.e., the hidden
Markov model (Section 4.2.1). This chapter aims to compare the factor timing strategies of two
state space models’ for the following popular investment factors, namely, momentum, value, growth,
quality, size (i.e., small-cap, mid-cap and large-cap), and the multifactor fund of funds.
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5.1 Data

The method of constructing the fund of funds can be found in Section 4.3.1. The fund of funds for each factor consists of the three top exchange-traded funds that track each specific
factor. The multifactor portfolio is constructed by including all the ETFs from each factor’s fund of funds portfolio. The factors are explained in Section 1.1.

Table 5.1: Fund of Funds

Factor Yahoo Finance Symbol Exchange-Traded Fund (ETF) Assets Under Management (AUM) [US
y g 24
Dollar ($), Billion (B), Trillion (T)]
MTUM iShares MSCI USA Momentum Factor ETF 13.8B
Momentum SPMO Invesco S&P 500 Momentum ETF 5.37B
XMMO Invesco S&P MidCap Momentum ETF 3.45B
VTV Vanguard Value Index Fund ETF Shares 192.07B
Value IWD iShares Russell 1000 Value ETF 61.86B
IVE iShares S&P 500 Value ETF 37.26B
VUG Vanguard Growth Index Fund ETF Shares 272.06B
Growth IWF iShares Russell 1000 Growth ETF 96.25B
IVvw iShares S&P 500 Growth ETF 51.52B
QUAL iShares MSCI USA Quality Factor ETF 48.44B
Qualit SPHQ Invesco S&P 500 Quality ETF 11.65B
y IQLT iShares MSCI Intl Quality Factor ETF 8.83B
VOO Vanguard S&P 500 ETF 1.37T
Size VO Vanguard Mid-Cap Index Fund ETF Shares 179.91B
VB Vanguard Small-Cap Index Fund ETF Shares 149.29B
VB Vanguard Small-Cap Index Fund ETF Shares 149.29B
Size: Small Ca IJR iShares Core S&P Small-Cap ETF 78.38B
' P WM iShares Russell 2000 ETF 63.88B
VO Vanguard Mid-Cap Index Fund ETF Shares 179.91B
Size: Mid Ca IJH iShares Core S&P Mid-Cap ETF 89.44B
' P IWR iShares Russell Mid-Cap ETF 38.27B
VOO Vanguard S&P 500 ETF 1.37T
Size: Laree Ca Ivv iShares Core S&P 500 ETF 579.87B
$aree ap SPY SPDR S&P 500 ETF Trust 576.01B




5.2 Fund of funds performance

Figure 5.1 presents the backtested historical returns of the fund of funds. Each ETF has an inception
date and therefore, the backtested returns will go back as far as the underlying ETFs have been
listed.

ual Total Return
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Figure 5.1: Fund of funds annual total returns comparison

Table 4.2 presents a list of financial crises that could impact historical returns, while Figure 5.1
illustrates historical annual total returns comparison of the momentum, value, growth, quality and
size factors.

* Momentum fund of funds outperformed other factor funds in 2007, just before the financial

crisis, and achieved the highest annual total returns in 2017.

* Value previously outperformed other factors before 2007; however, it has struggled to recover

and has underperformed compared to other factors since 2008.

* Growth performed poorly before the 2008 financial crisis. However, after 2008 it has

outperformed most other factors, showing similar results to of the momentum factor.

* Quality depends heavily on how the ETF manager defines the quality factor. Since the metrics

for constructing a quality ETF can vary by manager, this factor tends to exhibit marginal
average historical annual total returns.

* The size fund of funds includes the small-cap, mid-cap and large-cap ETFs. The large-cap

stocks typically outperform and while the size factor outperforms value, it performs poorly
compared to the other factors.

¢ The multifactor fund of funds, which includes all the ETFs listed in Table 5.1, does not

outperform the single-factor fund of funds, except in the cases of momentum and growth.
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Although, the ETFs track the same factor, the portfolio construction and management style will
differ. Figure 5.2 illustrates the comparison of the annual total returns for momentum, value, growth
and quality.

* The momentum fund of funds’ annual total returns comparison with the underlying funds
shows that the fund with the highest AUM does not necessarily outperform funds with lower
AUMs. The fund of funds provides average returns to investors, balancing out the losses
from one fund to the other.

* Value has been around for a very long time, therefore the backtesting goes back to 2005.
Value is constructed using fundamental ratios and metrics, and hence each manager will have
a different construction method and as a result the funds will perform differently. The fund
of funds provide average returns, does not outperform the individual underlying funds.

* Growth has significantly underperformed in four instances, in 2006, 2011, 2018 and 2022.
The growth fund of funds does not outperform the underlying individual funds.

* Quality similarly underperformed in 2018 and 2022. The fund of funds also provide marginal
returns compared to the underlying individual funds.

Each factor’s fund of funds does not outperform the underlying ETFs and as a results only provides
marginal average returns of the underlying funds. The fund of funds does not outperform the
individual underlying funds.

Figure 5.3 shows the annual total returns comparison of the individual funds with the fund of
funds for the size factor. The overall size funds are sensitive to market conditions (downturns);
whenever something negative occurs in the market, the returns get adversely affected. Small-cap
and mid-cap underperform compared to the large-cap funds. Large-cap is the least complicated
portfolio to construct and as a result, all the ETFs will have similar stocks, with almost identical
returns. This is not significantly influenced by management styles. Large-cap funds outperform
both small-cap and mid-cap funds. The fund of funds does not outperform the underlying funds.
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5.3 Kalman filter versus Hidden Markov Model factor timing

The Kalman filter and the HMM are both state space models, but they differ in key ways.

* In the HMM, the hidden states are discrete, whereas in the Kalman filter they are continuous.

e The HMM can handle nonlinear measurements, while the Kalman filter measures linear
changes. The HMM can only move from one state to another one at a time, whereas the
Kalman filter can move between multiple states.

* Both the HMM and the Kalman filter contain observed variables and hidden unobserved
states that change over time. In the Kalman filter, the hidden states move continuously
according to linear dynamics and in the HMM the states follow a discrete Markov chain.

Tables 5.2, 5.3, 5.4, 5.5 and 5.6 show the results of the Kalman filter and the hidden Markov
model factor timing strategies, with different rebalancing period, namely, weekly, monthly, quarterly,
bi-annually and annually.
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5.4 Weekly Kalman filter and HMM factor timing metrics

Table 5.2: Weekly Kalman filter and HMM factor timing metrics

Factor State space model State Average Return Cumulative Return Max Drawdown Standard Deviation Distribution of Occurrence Sharpe Ratio
0 0.121606758 1.842142299 0.059464078 0.063457209 53.21563682 1.91635842
Momentum HMM 1 0.009322512 1.039531168 0.160533035 0.083527846 44.05212274 0.111609628
2 -0.059135971 0.984862417 0.067291249 0.091308029 2.732240437 -0.64765357
Kalman filter - 0.051284438 1.622794267 0.178122657 0.089012876 - 0.576146294
0 0.103331981 1.236648166 0.044851205 0.080032037 16.82910981 1.291132717
Value HMM 1 0.072941262 1.878401044 0.124171125 0.063343753 70.76023392 1.151514691
2 -0.054853653 0.920212026 0.124951953 0.105923274 12.41065627 -0.517862135
Kalman filter - 0.043084244 1.692561854 0.219329504 0.070958077 - 0.607178862
0 0.056779281 1.275214576 0.193865235 0.097512375 35.05523067 0.582277689
Growth HMM 1 0.09004481 1.012584753 0.126732476 0.45856214 1.137102014 0.196363375
2 0.075807904 1.805468894 0.217584613 0.084822506 63.80766732 0.893723942
Kalman filter - 0.060780031 2.100939579 0.190163083 0.084281158 - 0.721157994
0 -0.098197771 0.899783076 0.130018478 0.060124501 10.57767369 -1.633240526
Quality HMM 1 -0.10165319 0.891757066 0.182656226 0.130917182 11.08508977 -0.776469432
2 0.049433126 1.48245506 0.093531782 0.057203208 78.33723653 0.864167023
Kalman filter - -0.007712655 0.924583422 0.316222971 0.08300363 - -0.092919496
0 0.097481273 2.542213204 0.2337535 0.085535418 78.3625731 1.139659745
Size HMM 1 -0.009542399 0.997843928 0.00948457 0.024269844 1.851851852 -0.393179244
2 0.023831326 1.059283113 0.121885618 0.114896437 19.78557505 0.207415707
Kalman filter - 0.057987815 2.030495269 0.232352846 0.080831706 - 0.717389476
0 -0.002108373 0.998344793 0.167800088 0.211354673 6.432748538 -0.00997552
Size Small-Cap HMM 1 0.066177365 1.592977697 0.283996409 0.087255981 57.60233918 0.758427832
2 0.081824581 1.432532271 0.109880901 0.097493255 35.96491228 0.83928454
Kalman filter - 0.053679565 1.926408794 0.288268468 0.093353119 - 0.575016295
0 0.071761345 1.721250613 0.191339836 0.074355737 61.95581546 0.965108379
Size Mid-Cap HMM 1 -0.020468156 0.997080249 0.043242473 0.105127166 1.169590643 -0.194699014
2 0.057473385 1.295450227 0.152538686 0.099675203 36.87459389 0.576606647
Kalman filter - 0.055943378 1.980418926 0.228626299 0.082124434 - 0.681202598
0 0.088930416 2.128042917 0.086946194 0.065848882 69.52566602 1.350522792
Size Large-Cap HMM 1 0.012917593 1.047000302 0.158732506 0.082529107 29.10981157 0.156521664
2 0.032956598 1.005507879 0.030334922 0.112495617 1.364522417 0.292958951
Kalman filter - 0.050582312 1.854892633 0.185979956 0.074252413 - 0.681221127
0 -0.054375066 0.74697277 0.314422904 0.094138797 45.95513256 -0.577605283
Multifactor HMM 1 -0.119971885 0.96262985 0.094669046 0.132007781 2.719238613 -0.908824342
2 0.04649773 1.32130165 0.136277377 0.079109988 51.32562882 0.587760544
Kalman filter - 0.001579257 1.018608219 0.317821459 0.088152861 - 0.017914988




5.4.1 Weekly momentum factor timing

The most favourable hidden state for the momentum factor is state O.

* Momentum is in this state 53% of the time. This state occurs more frequently compared to
the other states.

* Average return is 12.16%, with the lowest volatility of 6.35%.

¢ Maximum drawdown is at the lowest at 5.95%, hence the downside risk is limited in this
state.

 Sharpe ratio is the highest at 1.92, indicating that this the state with the highest returns per
unit of risk.

 All the metrics within this state are greater than the Kalman filter’s metrics, therefore, the
HMM produces superior results for momentum.

5.4.2 Weekly value factor timing

The most favourable hidden state for the value factor is state 1.

* Average return in state 0 is 10.33% and in state 1 it is 7.2%.
« State 1 has the lowest volatility of 6.33%.

¢ Maximum drawdown is at the lowest at 4.49% for state 0, hence the downside risk is limited
in this state.

* State 0 has the highest Sharpe ratio of 1.29, indicating that this is the state with the highest
returns per unit of risk.

* Value is in this state 16% of the time. This state occurs less frequently compared to the other
state 1 which occurs 70% of the time.

* State 1 occurs more frequently, has the lowest volatility, although it has a higher downside
risk, the Sharpe ratio is greater than 1. Therefore the best state for value is state 1.

* All the metrics within state 1 are greater than the Kalman filter’s metrics therefore the HMM
produces superior results for momentum.

5.4.3 Weekly growth factor timing

The most favourable hidden state for the growth factor is state 2.

* Although the average return in state 2 is 7.58%, the cumulative return is 1.8055, which is
higher compared to state O and 1.

« State 1 has the lowest volatility of 6.33%.
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* Maximum drawdown is at the highest at 8.28%, which is comparable to that of the Kalman
filter.

* State 0 has the highest Sharpe ratio of 1.29, indicating that this is the state with the highest
returns per unit of risk.

* Growth is in this state 63% of the time. This state occurs more frequently compared to the
other states.

* The Sharpe ratio is higher for state 2 at 0.89, it is closer to one.

* Therefore, for growth, the higher the risk, the higher the compensation. The Kalman filter
does produce higher cumulative returns for this factor, however, the Sharpe ratio is lower for
this model. Hence, the HMM produces better results.

5.4.4 Weekly quality factor timing

The most favourable hidden state for the quality factor is state 2.

* Quality is in this state 78% of the time. This state occurs more frequently compared to the
other states.

* Average return is moderately low at 4.94%, this is the only state with positive returns.
* The volatility is at the lowest (5.72%) for this state.

¢ Maximum drawdown is at the lowest at 9.35%, hence the downside risk is limited in this
state.

 Sharpe ratio is the highest at 0.86, and is the only positive value, indicating that this is the
state with the highest returns per unit of risk.

* All the metrics within state 2 are greater than the Kalman filter’s metrics therefore the HMM
model produces superior results for Quality.

5.4.5 Weekly size factor timing

The most favourable hidden state for the size factor is state 0. The size factor includes small-cap,
mid-cap and large-cap.

* Size is in state 0, 78% of the time. This state occurs more frequently compared to the other
state 1 and 2.

* Average return is the highest at 9.75%.

* The volatility is similar to the Kalman filter at 8.56%.

* Maximum drawdown is higher at 23.37%, thus, this state is riskier.

 Sharpe ratio is the highest at 1.14, which is greater than 1, indicating that this is the state
with the highest returns per unit of risk.
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* Although this state is comparable to the Kalman factor results, the HMM still outperforms if
for the size factor.

5.4.6 Weekly multifactor timing

The multifactor portfolio has mixed results, with state 2 having the highest Sharpe ratio at 0.59.
Although this is a positive value, it is accompanied by a low average return. Therefore, the
multifactor portfolio performs poorly for both state space models.

Overall, a factor timing strategy using the Kalman filter and the HMM with a weekly rebalancing
results produces more favourable results for the HMM for the factor fund of funds. Therefore, a
discrete list of hidden states is easier to time than the continuous hidden states found within the
Kalman filter.
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5.5 Monthly Kalman filter and HMM factor timing metrics

Table 5.3: Monthly Kalman filter and HMM factor timing metrics

Factor State space model State Average Return Cumulative Return Max Drawdown Standard Deviation Distribution of Occurrence Sharpe Ratio
0 0.02714778 1.146123384 0.037623607 0.024970697 53.21563682 1.08718554
Momentum HMM 1 0.007870381 1.033272335 0.086377455 0.042935013 44.05212274 0.183309154
2 -0.008253152 0.997873475 0.048450394 0.113985305 2.732240437 -0.072405401
Kalman filter - 0.013874819 1.139950568 0.116339376 0.0452951 - 0.306320535
0 0.024051177 1.050681006 0.038344821 0.037419669 16.82910981 0.642741577
Value HMM 1 0.011714375 1.106548455 0.055367732 0.02329691 70.76023392 0.502829569
2 -0.075725499 0.891553136 0.131612032 0.058495925 12.41065627 -1.29454316
Kalman filter - 0.0015144 1.018669452 0.118809016 0.032375779 - 0.046775716
0 -0.005594295 0.976331256 0.166776411 0.050949509 35.05523067 -0.109800755
Growth HMM 1 -0.276968916 0.962262588 0.038467905 0.10173496 1.137102014 -2.722455639
2 0.022378429 1.190543182 0.039882715 0.027200732 63.80766732 0.822714202
Kalman filter - 0.008644612 1.111363636 0.17208069 0.038231165 - 0.226114274
0 -0.025155738 0.973310238 0.070027531 0.040511692 10.57767369 -0.620950065
Quality HMM 1 -0.078694435 0.915131618 0.126262945 0.072868589 11.08508977 -1.079950027
2 0.007205678 1.059066729 0.047394506 0.021972993 78.33723653 0.327933374
Kalman filter - -0.00384282 0.961684673 0.172470981 0.035503889 - -0.108236581
0 0.010967962 1.110687362 0.09451561 0.031838811 78.3625731 0.34448405
Size HMM 1 -0.02101271 0.995258402 0.022290832 0.05227886 1.851851852 -0.401935119
2 -0.03886391 0.910354572 0.134178917 0.05196564 19.78557505 -0.747877064
Kalman filter - 0.005984712 1.075837025 0.136721768 0.03714939 - 0.161098534
0 -0.034163945 0.973513974 0.0579905 0.103445859 6.432748538 -0.330259187
Size Small-Cap HMM 1 0.011140022 1.081531414 0.132386306 0.037594937 57.60233918 0.296317083
2 -0.004977123 0.97837349 0.098423014 0.042022693 35.96491228 -0.118438934
Kalman filter - 0.002910519 1.036189361 0.149301175 0.044077543 - 0.066031785
0 0.012347929 1.09794743 0.087412374 0.029845344 61.95581546 0.413730499
Size Mid-Cap HMM 1 -0.221351905 0.968873037 0.031621701 0.063490394 1.169590643 -3.486384153
2 -0.00479775 0.978622885 0.138219176 0.047363721 36.87459389 -0.101295893
Kalman filter - 0.003895538 1.048731373 0.143170314 0.037991501 - 0.102537098
0 0.015665739 1.142289347 0.039242696 0.02293726 69.52566602 0.682982142
Size Large-Cap HMM 1 -0.008238287 0.971133156 0.133615532 0.048818682 29.10981157 -0.168752754
2 -0.151595159 0.975050651 0.029623376 0.062082956 1.364522417 -2.441816075
Kalman filter - 0.0052916 1.066767575 0.138338469 0.033774857 - 0.156672766
0 -0.027823882 0.861330203 0.175115445 0.045262191 45.95513256 -0.614726811
Multifactor HMM 1 -0.051929935 0.983649452 0.040478604 0.069376479 2.719238613 -0.748523643
2 0.015010736 1.094114417 0.064400162 0.030791626 51.32562882 0.487494112
Kalman filter - 0.000282103 1.003298868 0.174678333 0.037181533 - 0.007587177




* The least frequent hidden state has a negative Sharpe ratio for all the factors, when rebalancing
occurs monthly.

* The Kalman filter produces underwhelming results, with extremely low Sharpe ratios. Mo-
mentum manages a Sharpe ratio of 1.09 for state 0, however, that is the only factor to benefit
from a factor timing strategy that rebalances once a month.

* The HMM produces higher returns than the Kalman filter for all the factors.
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5.6 Quarterly Kalman filter and HMM factor timing metrics

Table 5.4: Quarterly Kalman filter and HMM factor timing metrics

Factor State space model State Average Return Cumulative Return Max Drawdown Standard Deviation Distribution of Occurrence Sharpe Ratio
0 0.000408559 1.002054629 0.021608994 0.012501758 53.21563682 0.032680099
Momentum HMM 1 0.007626795 1.032226153 0.023670563 0.022232167 44.05212274 0.343052267
2 0 1 0 0 2.732240437 -
Kalman filter - 0.001301902 1.012366415 0.033024836 0.02125455 - 0.061252862
0 0.004328096 1.008936335 0.01696267 0.021991011 16.82910981 0.196812064
Value HMM 1 -0.003313303 0.971769733 0.039207409 0.012425075 70.76023392 -0.266662599
2 -0.001908679 0.997110866 0.02130594 0.026614884 12.41065627 -0.071714735
Kalman filter - -0.001709344 0.979338034 0.043783546 0.016539446 - -0.103349504
0 0.010656781 1.046686678 0.029639337 0.021314854 35.05523067 0.499969695
Growth HMM 1 0 1 0 0 1.137102014 -
2 -0.002939015 0.977354686 0.047587102 0.011714866 63.80766732 -0.250879114
Kalman filter - 0.002607104 1.032356353 0.039039096 0.015688002 - 0.166184565
0 0.001487557 1.001600994 0.044801805 0.033282478 10.57767369 0.044694892
Quality HMM 1 -0.038426359 0.957618413 0.060949969 0.050301514 11.08508977 -0.763920528
2 0.003363632 1.027150978 0.029497403 0.012629539 78.33723653 0.266330581
Kalman filter - -0.00063559 0.993558996 0.087962619 0.023515138 - -0.027028992
0 -0.010524479 0.90417324 0.11295761 0.015313966 78.3625731 -0.687247146
Size HMM 1 0.029858336 1.006776529 0.013473968 0.050961381 1.851851852 0.585901245
2 0.011650101 1.028554493 0.00612359 0.013609647 19.78557505 0.856017888
Kalman filter - -0.001051346 0.987240665 0.049857335 0.016792636 - -0.062607536
0 0.003741746 1.002944269 0.021380477 0.054589131 6.432748538 0.068543783
Size Small-Cap HMM 1 -0.010504097 0.928761016 0.082644454 0.016182098 57.60233918 -0.649118347
2 0.004519668 1.020052662 0.029718662 0.022628751 35.96491228 0.199731218
Kalman filter - -0.004456419 0.947022929 0.080334308 0.021466181 - -0.207601846
0 -0.008976886 0.934323788 0.086552933 0.014781133 61.95581546 -0.607320578
Size Mid-Cap HMM 1 -0.070614075 0.989962985 0.010087725 0.026316312 1.169590643 -2.683281573
2 0.011256563 1.052006403 0.019845497 0.021521542 36.87459389 0.523036986
Kalman filter - -0.001477763 0.982112106 0.051665896 0.018349219 - -0.080535453
0 -0.00526078 0.956308348 0.068194087 0.010733571 69.52566602 -0.490123918
Size Large-Cap HMM 1 0.016484999 1.060365151 0.013964074 0.020469125 29.10981157 0.805359262
2 -0.033656717 0.994406251 0.005609453 0.013575737 1.364522417 -2.479181612
Kalman filter - 0.000805705 1.009889693 0.031699338 0.014400448 - 0.055949991
0 0.003468724 1.018784225 0.024493566 0.020577683 45.95513256 0.16856728
Multifactor HMM 1 -0.081543467 0.974445376 0.036688583 0.07286839 2.719238613 -1.119051293
2 0.006018538 1.036721639 0.025562919 0.012099959 51.32562882 0.497401561
Kalman filter 0.003333261 1.039681584 0.049984324 0.020763192 - 0.160537015




» The average returns are either negative or not significantly different from 0.
* A quarterly rebalancing period will not be beneficial.

* Size has a Sharpe ratio of 0.856 for state 2. Large-cap has a Sharpe ratio of 0.81. Size
includes small-cap, mid-cap and a large-cap funds.

* Other factors produce significantly underwhelming results

Table 5.4 shows the results for the quarterly rebalancing period. This time period is too passive
for a factor timing strategy. This is indicated by extremely low average returns, and low Sharpe
ratios. Therefore, a comparison of the Kalman filter and the HMM is not feasible for the rebalancing
period.

89



06

5.7 Bi-annual Kalman filter and HMM factor timing metrics

Table 5.5: Bi-annual Kalman filter and HMM factor timing metrics

Factor State space model State Average Return Cumulative Return Max Drawdown Standard Deviation Distribution of Occurrence Sharpe Ratio
0 0.003074977 1.015568037 0.017104278 0.009486751 53.21563682 0.324133829
Momentum HMM 1 0.001187388 1.004950241 0.011619014 0.008432869 44.05212274 0.140804809
2 0 1 0 0 2.732240437 -
Kalman filter - 0.003202667 1.030696412 0.016937929 0.00981457 - 0.326317606
0 0.0159078 1.033239866 0 0.017276533 16.82910981 0.920775028
Value HMM 1 -0.000506348 0.995633265 0.020495145 0.009227184 70.76023392 -0.054875728
2 -0.006935037 0.98954243 0.021640129 0.015053149 12.41065627 -0.460703383
Kalman filter - 0.001204221 1.014817402 0.021266231 0.011374897 - 0.105866519
0 0.013505345 1.059531107 0.009345594 0.015958554 35.05523067 0.846276241
Growth HMM 1 0 1 0 0 1.137102014 -
2 -0.000784534 0.993904272 0.025092257 0.008537735 63.80766732 -0.091890156
Kalman filter - 0.004548943 1.057134653 0.012840219 0.011645148 - 0.390629905
0 0.008728414 1.0094307 0.029841488 0.029289202 10.57767369 0.298007921
Quality HMM 1 -0.000635883 0.999283627 0.043500191 0.040726514 11.08508977 -0.015613488
2 0.003124676 1.025198046 0.015705671 0.0078695 78.33723653 0.397061518
Kalman filter - 0.003136376 1.032400311 0.063652448 0.018870983 - 0.166200994
0 -0.002418122 0.977120906 0.043146312 0.010846017 78.3625731 -0.222950233
Size HMM 1 0.095458907 1.021826687 0 0.044818287 1.851851852 2.129909748
2 -0.000731613 0.998233497 0.006021288 0.004741919 19.78557505 -0.154286309
Kalman filter - 0.002203641 1.027281401 0.026714021 0.011647947 - 0.189187036
0 -0.020414071 0.984088323 0.016039627 0.018049387 6.432748538 -1.131011855
Size Small-Cap HMM 1 -0.005115634 0.964647874 0.050421796 0.013397502 57.60233918 -0.381834942
2 0.009777431 1.043886595 0.008523399 0.01550607 35.96491228 0.630555076
Kalman filter - -0.000337353 0.995887947 0.048464475 0.014531305 - -0.023215631
0 0.001181639 1.008982106 0.030727827 0.007861318 61.95581546 0.15031056
Size Mid-Cap HMM 1 -0.073602494 0.989540444 0.010514642 0.02743003 1.169590643 -2.683281573
2 0.00494706 1.022531484 0.019857577 0.015971821 36.87459389 0.309736726
Kalman filter - 0.001752208 1.021632634 0.02711373 0.012218849 - 0.143402054
0 -0.000305286 0.997410847 0.016978369 0.005834605 69.52566602 -0.052323393
Size Large-Cap HMM 1 0.012594468 1.045798104 0.013990656 0.017755957 29.10981157 0.709309445
2 -0.035027972 0.994179013 0.005837995 0.014128845 1.364522417 -2.479181612
Kalman filter - 0.002964198 1.036868968 0.015149973 0.010945893 - 0.270804608
0 0.005513966 1.030024783 0.016103789 0.01469093 45.95513256 0.37533128
Multifactor HMM 1 -0.085992341 0.973070098 0.03805559 0.075583341 2.719238613 -1.137715522
2 0.001255217 1.007549694 0.018698049 0.009609354 51.32562882 0.130624463
Kalman filter 0.003269191 1.038904206 0.040994946 0.01559088 - 0.209686122




» The average returns are low, indicating that this rebalancing period is not suitable for a state
space model factor timing strategy.

* Momentum is the only factor that has a positive Sharpe ratio for all the hidden states and the
Kalman filter. All the other factors have at least one negative Sharpe ratio.

Table 5.5 shows results for the bi-annual rebalancing period. The bi-annual rebalancing period has
mostly negative Sharpe ratios, indicating that this rebalancing period is not a good fit for a factor

timing strategy and it would be difficult to make a fair comparison of the Kalman filter and the
HMM.
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5.8 Annual Kalman filter and HMM factor timing metrics

Table 5.6: Annual Kalman filter and HMM factor timing metrics

Factor State space model State Average Return Cumulative Return Max Drawdown Standard Deviation Distribution of Occurrence Sharpe Ratio
0 0.002721206 1.013764692 0.007588795 0.009433385 53.21563682 0.288465456
Momentum HMM 1 0.000110862 1.000461152 0.025168125 0.016240243 44.05212274 0.006826385
2 0 1 0 0 2.732240437 -
Kalman filter - 0.002002519 1.01908456 0.025096564 0.013813714 - 0.144966024
0 0.006960038 1.014409576 0.015706391 0.019911406 16.82910981 0.349550306
Value HMM 1 0.0002092 1.001809724 0.018622465 0.011412525 70.76023392 0.018330766
2 0 1 0 0 12.41065627 -
Kalman filter - 0.001219429 1.015005934 0.020686506 0.012197342 - 0.099975008
0 -0.003733468 0.984141332 0.030846351 0.020110708 35.05523067 -0.185645774
Growth HMM 1 0 1 0 0 1.137102014
2 -0.002551287 0.980312541 0.020024555 0.008122086 63.80766732 -0.314117173
Kalman filter - -0.002839748 0.965909159 0.044831789 0.014045785 - -0.20217792
0 0 1 0 0 10.57767369 -
Quality HMM 1 0.03557685 1.040909183 0 0.024011275 11.08508977 1.481672696
2 -0.000441107 0.996493061 0.006939152 0.003789777 78.33723653 -0.11639395
Kalman filter - 0.003768579 1.039057328 0.008154493 0.008019341 - 0.469936266
0 0.001042338 1.010026593 0.024852877 0.008757373 78.3625731 0.119024016
Size HMM 1 0.030911671 1.007016426 0.015176134 0.056278595 1.851851852 0.549261599
2 -0.005989803 0.985628907 0.020514979 0.013751449 19.78557505 -0.435576133
Kalman filter - 0.001129472 1.013891295 0.024950426 0.014632379 - 0.077189917
0 0.060384054 1.048588123 0 0.053389409 6.432748538 1.131011855
Size Small-Cap HMM 1 -0.00038895 0.997267198 0.01356077 0.009022349 57.60233918 -0.043109639
2 -0.001102335 0.995169307 0.028325711 0.020433539 35.96491228 -0.053947315
Kalman filter - 0.00191781 1.023701193 0.03780428 0.019056644 - 0.100637348
0 -0.00187492 0.985911797 0.022920689 0.010107852 61.95581546 -0.185491456
Size Mid-Cap HMM 1 0.137329613 1.019812224 0 0.051179725 1.169590643 2.683281573
2 0.002552173 1.011561227 0.025340309 0.017237072 36.87459389 0.148063039
Kalman filter - 0.00175094 1.021616814 0.024582611 0.015393576 - 0.113744866
0 -0.000163628 0.998611428 0.015105413 0.006216289 69.52566602 -0.026322416
Size Large-Cap HMM 1 -0.002613562 0.99075038 0.028130698 0.019017387 29.10981157 -0.137430115
2 0 1 0 0 1.364522417 -
Kalman filter - -0.000915376 0.988881609 0.019472417 0.011455059 - -0.07991018
0 -0.000712194 0.996186314 0.010929242 0.00617604 45.95513256 -0.115315632
Multifactor HMM 1 -0.023709138 0.992501544 0 0.013274832 2.719238613 -1.786021673
2 0.000391539 1.002348879 0.008962504 0.00523581 51.32562882 0.074780929
Kalman filter - -0.000544889 0.993658824 0.016088494 0.00535254 - -0.101800135




* Momentum and value are the only two factors with positive average returns for all the HMM
hidden states and Kalman filter. The average returns are positive, although they are not
significantly different from 0O, with the exception of mid-cap portfolio having the highest
average returns at 13.73%.

* The cumulative returns for both the HMM and the Kalman filter are all not significantly
different from 1, implying that there is no loss to the initial principal investment.

¢ The maximum drawdowns and the standard deviation (volatility) are all lower than 2.5%,
therefore there are no significant losses in the annual rotations and adjustments based on
hidden states.

* Other factors have at least one hidden state with a negative average return.

* An annual factor timing period is too long for positive results; a shorter rebalancing frequency
might be more effective.

Table 5.6 shows results for the annual rebalancing period, which does not produce strong results
for a factor timing strategy; as a result, whether the Kalman filter or the HMM is used, rebalancing
once a year will not yield better results.
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5.9 Kalman filter and HMM factor timing results (graphical)
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Figure 5.4: Factor timing comparison: Kalman filter versus the HMM

Figure 5.4 illustrates the graphical results for the Kalman filter and the HMM.

The HMM performs well for momentum, value, growth and size. The results are mixed for quality and the multifactor portfolio.

Momentum and growth have the highest returns for the weekly factor timing strategy, however the other time periods produce underwhelming results.

Quality is the worst performing fund of funds, and the factor timing results improves when quality is removed from the multifactor fund of funds.

Multifactor returns improved significantly after the quality factor was excluded. Implying that factor timing the quality factor is not beneficial.
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Size: Comparison of timed Portfolios (HMM vs Kalman Filter)
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Figure 5.5: Size factor timing comparison: Kalman filter versus the HMM

Figure 5.5 shows the size factor comparison. The HMM outperforms the Kalman filter, for size factors.




* The large-cap fund of funds has the best results for the weekly factor timing strategy,
compared to the small-cap and mid-cap for both the HMM and Kalman filter.

* The size fund of funds which includes the small-cap, mid-cap and the large-cap, has the best
results compared to the individual size fund of funds.
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Chapter 6

Conclusions and recommendations

6.1 Summary of findings

This research study examined a factor timing strategy using the Kalman filter and the Hidden
Markov model, two of the most popular state space models. This was done to assess the relationship
that exists between factor timing and higher returns. The data used in this study are publicly
available historical investment data, which can be found on the Yahoo finance database. The study
mainly used equities listed in the US, while equities from South Africa were included in Chapter 3.
Analysis of the data applied the Kalman filter, hidden Markov model, and measures of dependence.

In Chapter 2, a high pure momentum-only equity factor timing framework was assessed, offering
a comprehensive approach starting with the selection of stocks, dynamic monitoring, and rebal-
ancing, together with the forecasting procedure to achieve superior returns. A dynamic portfolio
construction process, together with the Kalman filter, was implemented for the state dynamic
system estimation using daily historical data. Additionally, the ARIMA forecasting and confidence
intervals enhanced the forecast accuracy. Momentum strategies can be susceptible to sharp down-
turns, reversals, market volatility, and sentiment arising from unforeseen events. However, returns
are somewhat predictable, and this predictability plays a pivotal role in the way a pure momentum
strategy is implemented. A factor timing strategy relies on this predictability and the forecasting of
future performance, even though past returns do not guarantee future outcomes. A Kalman filter
approach addresses this past returns limitation by iteratively incorporating new information as it
becomes available. Although factor timing for momentum in an active portfolio was successful, in
practice, the associated costs can significantly reduce the returns achieved.

In Chapter 3, a momentum portfolio was constructed using the historical data from large-cap
stocks to assess diversification of a factor portfolio. The top 20 stocks with the highest average
momentum scores over 3, 6, 9 and 12 months were selected and included in the portfolio. This
construction was done for the stocks listed in SA, as well as those that are listed in the US. The
resulting portfolios included stocks that have significantly outperformed expectations. The SA
momentum portfolio had a more varied industry exposure, compared to the US momentum portfolio,
which consisted mainly of technology stocks. The Kendall’s tau and Spearman’s rho were employed
on both momentum portfolios to assess whether they were diversified. The SA momentum portfolio
had a lower Kendall’s tau (0.1296) and Spearman’s rho (0.1881) compared to the US momentum
portfolio, which had a higher Kendall’s tau (0.3494) and Spearman’s rho (0.4932). Although both
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portfolios can be considered diversified, the SA momentum portfolio is more diversified with
lower volatility (o, = 0.1456) compared to the volatility (o, = 0.3422) from the US momentum
portfolio.

Furthermore, a combination of 10 copula mixtures were evaluated for both countries for the
population from which the portfolio were selected (i.e. large-cap stocks) and the momentum
portfolios. The copula mixtures are all valid satisfying their individual parameter boundaries within
the mixture. Mixture copula models were applied to the population of large-cap stocks, and the
momentum portfolios. The US and SA momentum portfolios have the same top three copula
mixture models. This suggests that their dependence structures can be modelled by the same copula
mixture models.

In Chapter 4, a fund of funds was constructed consisting of three ETFs each. The historical
returns of value, growth, value-growth and the overall market funds of funds were compared, and
the results show that growth outperformed value. Value underperformed while growth demonstrated
strong returns. The HMM was applied to the fund of funds to identify the hidden states of the
historical daily returns. Growth tends to be more susceptible to market condition changes, which
causes more hidden states transitions. The Markov switching regression model was applied to the
funds of funds to identify time variant parameters, including the state transition parameters showing
the probability of staying within a state or transitioning between the states. Each fund of funds had
a probability greater than 97% of staying within state 0. The Kaplan-Meier method, predominantly
used in survival analysis, was adjusted to fit the premise of the HMM dynamics to identify the
persistence in days of the hidden states. The overall market fund of funds had the highest average
in days of staying within state 0. Growth had the highest average in days of staying in state 1.
This result implies that growth is the riskier factor compared to value. However, when a factor
timing strategy using the HMM was applied to the funds of funds, growth did not significantly
deviate from the original untimed equally weighted portfolio. The fund of funds with both value
and growth produced significant results from a factor timing HMM approach.

In Chapter 5, the Kalman filter and the HMM were compared, illustrating the comparative nature
of state space models and their implications on a factor timing strategy. The factor timing strategy
performs well when the rebalancing period is short and when the rebalancing period is increased
the effectiveness of the strategy decreases. Thus, a weekly factor timing strategy has higher returns
compared to an annual rebalancing period. These findings imply that, factor timing is a strategy that
is best suited for an active management style and for it to be effective the time period of adjustments
has to be short. The HMM performed better than the Kalman filter. This could be due to the fact
that the hidden states within the HMM are discrete and provide a better opportunity for adjusting a
portfolio when a state transition occurs.

6.2 Theoretical and practical implications of findings

The findings support the hypothesis that factor timing, although a challenging endeavour, is not
impossible and can be done to produce moderate higher returns. In conclusion, this research study
has demonstrated that factor timing is a viable option for higher returns. This study contributes to
the growing literature on factor timing by:

* Providing empirical evidence that the Kalman filter and the HMM can in theory be used to
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create trading signals that can be used for factor timing.
* that factors do exhibit cyclicality in their returns.

* Confirming factor returns are cyclical and can be used as an advantage when implementing a
factor timing strategy.

» Showing that transaction costs can diminish and limit the returns from a factor timing strategy,
posing a challenge to practical implementation. Factor timing can improve portfolio returns
if the transaction costs are kept at a minimum.

Therefore, although factor timing should not be a complete replacement for static multifactor
portfolios, it can be used to enhance traditional factor investment strategies.

6.3 Limitations of the study

There are some limitations that must be acknowledged for this research, i.e.

6.4

* The analysis was limited to US equities, an in Chapter 2 there was a look at SA equities.

However, other financial markets were not considered.

* The funds of funds were constructed using exchange-traded funds that are listed in the US

only. other markets were excluded.

* Only five of the most popular factors were considered, namely momentum, value, growth,

quality, size and other factors were excluded.

» Large capitalisation stocks were used, excluding small and medium capitalisation stocks.

 Historical data from 01 January 2013 to 31 December 2024 were used in the analysis

and backtesting. However, historical performance might not be a true indicator of future
performance.

Suggestions for future research

* The momentum dynamic allocation strategy can be expanded to include small and medium

capitalisation stocks.

* This research can be extended to include multi-asset portfolios which may yield broader

insights.

* The strategies in this research can be implemented for other financial markets beyond the US

to enhance generalisability.
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» All figures have captions and are mentioned in the text.
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2. Manuscript Organization

2.1. File Format
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Word files must not be protected.
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» Tex Template

Submissions with equations: Please follow the instructions below to make sure that your
equations are editable when the manuscript enters production.

Ensure that the equations in your .docx file remain editable and not as images. In principle,
Equations should be centered on the page. If equations are too wide to fit in a single column,
indicate appropriate breaks. All equations must be numbered, type the number in parentheses flush
with the left margin. Please avoid using Equation Editor for simple in-line mathematical copy,
symbols, and equations. Type these in Word instead, using the "Symbol" function when necessary.

* Enable "Compatibility Mode" before you compose your article
* MathType to create the equation or

* Go to Insert > Object > Microsoft Equation 3.0 and create the equation

102



2.2. Manuscript Length

AIMS does not impose a limit on the length of manuscripts so authors can provide as many details
of their research results as possible. However, we encourage authors to write an article not less than
6000 words in order to fully present your valuable research results.

2.3. Title

¢ Titles should be concise and informative.

* Titles are to be in the sentence case. Meaning, only the first word and proper nouns are
capitalized. If a theory, formula, or specialized equation contains names (like Navier-Stokes)
they are capitalized, otherwise leave them lower case.

* Capitalization after a colon is required.
* Ensure the correct usage of articles. (a, an, the)

* Ensure the appropriate use of grammar and spelling.

More tips and suggestions can be found here.

Examples of titles done correctly:

* “Optimal control of a stationary Navier-Stokes hemivariational inequality with numerical
approximation”

* “Global attractor of the Euler-Bernoulli equations with a localized nonlinear damping”

2.4. Authors and Affiliations
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Laboratory, Department, Organization, City, State (in abbreviation if from USA , Canada , or
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The Corresponding Author should be marked with an asterisk, and their exact contact address,
email address and telephone number should be listed in a separate paragraph. This information will
be published with the article if accepted.

Any addition, deletion or rearrangement of author names in the authorship list should be made
only before the manuscript has been accepted and only if approved by the journal Editor. To request
such a change, the Editor must receive the following from the corresponding author:

* the reason for the change in author list and

* written confirmation (e-mail, letter) from all authors that they agree with the addition, removal
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Any change of affiliation requests will not be allowed after publication.

If the article has been submitted on behalf of a consortium, all author names and affiliations
should be listed at the end of the manuscript.

2.5. Headings and Subheadings

There should be no more than 4 levels of headings. Subsections should be numbered 1.1 (then
1.1.1, 1.1.2, ...), 1.2, etc. (the abstract is not included in section numbering). Any subsection may
be given a brief heading. Each heading should appear on its own separate line. The font of headings
and subheadings should be 12 point normal Times New Roman, and only the first word should be
capitalized.

2.6. Abstract, Keywords and Abbreviations

The abstract should:

* Describe the the context and purpose of the study

* Explain how the study was performed, including any model organisms used, without method-
ological detail

¢ Summarize the main findings and their significance

¢ Be less than 300 words

Please minimize the use of abbreviations (if possible) and do not cite references in the abstract.
5 to 10 keywords should be provided after the abstract in a separate paragraph.
Abbreviations

Define abbreviations that are not standard in this field below the keywords of the article. Such
abbreviations that are unavoidable in the abstract must be defined at their first mention there, as
well as in the footnote. Ensure consistency of abbreviations throughout the article.

2.7. Main Text

The body text must be in 12 point normal Times New Roman font with a line space of at least 15
point. Any abbreviations should be listed before the introduction section. Standard International
Units should be used throughout the manuscript.

The main text should include:

¢ Introduction
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The Introduction section should provide a brief statement of the research background and
whether the aim of the article was achieved.

Materials and methods

The Materials and methods section should provide sufficient detail to allow suitably skilled
investigators to repeat your study. This section should include the design of the study and
the type of materials involved, a clear description of all interventions and comparisons, and
the type of analysis used, including a power calculation if appropriate. Generic drug names
should generally be used. When proprietary brands are used in research, include the brand
names in parentheses in the Materials and methods section.

If materials, methods, and protocols are well established, authors may cite articles where those
protocols are described in detail, but the submission should include sufficient information to
be understood independent of these.

For studies involving human participants, a statement detailing ethical approval and consent
should be included in the methods section. For further details of the journal’s editorial
policies and ethical guidelines see “Specific Reporting Guidelines.”

Results, Discussion, Conclusions

These sections may all be separate, or they may be combined to create a mixed Results/Dis-
cussion section (commonly labeled "Results and Discussion") or a mixed Discussion/Conclu-
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should explain how the results relate to the hypothesis presented as the basis of the study and
provide a concise explanation of the implications of the findings, particularly in relation to
previous related studies and potential future directions for research.

Use of Generative-Al tools declaration
Here is our Guidelines for the Use of Al Tools in Writing and Research.

Instructions for declaring Generative-Al tools are at the end of the document.

Acknowledgments (All sources of funding of the study must be disclosed)

If the research was funded, the author should list the funding information and grant number
in the Acknowledgments section, for example, “This work was supported by the National
Institutes of Health [grant numbers xxxx, yyyy]; the Bill & Melinda Gates Foundation,
Seattle, WA [grant number zzzz]; and the United States Institutes" of Peace [grant number
aaaa)”. If no funding has been provided for the research, please include the following
sentence: This research did not receive any specific grant from funding agencies in the public,
commercial, or not-for-profit sectors. If there are any contributions from other institutions or
people, the author should acknowledge them in this section as well.

Authors should obtain permission to acknowledge from all those mentioned in the Acknowl-
edgements section.
Conflict of interest

The author should declare all relationships, financial, commercial or otherwise, that might be
perceived by the academic community as representing a potential conflict of interest. If there
are no such relationships, the author can state “All authors declare no conflicts of interest in
this paper” in this section.

105



¢ References

References are to be listed alphabetically, last name first, followed by publication date in
parentheses. Each reference should be cited in text at the appropriate place.

All citations in the text should refer to:

1. Single author: the author’s last name and the year ofpublication;
2. Two authors: both authors’ last names and the year of publication;

3. Three or more authors: first author’s name followed by ’et al.” and the year of publica-
tion.

Citations may be made directly (or parenthetically). Groups of references should be listed
first alphabetically, then chronologically. Examples: ’as demonstrated (Allan, 2000a, 2000b,
1999; Allan and Jones, 1999). Kramer et al.(2010) have recently shown ...’

References should be arranged first alphabetically and then further sorted chronologically
if necessary. More than one reference from the same author(s) in the same year must be
identified by the letters ’a’, ’b’, ’c’, etc., placed after the year of publication. For material
intended for publication but not yet accepted, use “unpublished work” or “submitted for
publication”. Unpublished data or personal communications should be cited within the text
only and not listed in the references.

References should be formatted as follows:

— Journal article style: Benoist Y, Foulon P, Labourie F, et al. (Year) Anosov flows with
stable and unstable differentiable distributions. J Amer Math Soc Volume: Starting
Page-Ending Page. https://doi.org/10.1090/S0894-0347-1992-1124979-1

— Accepted, unpublished papers: Same as above, but “In press” appears instead of the
page numbers.

— Book style: Serrin J (1971) Gradient estimates for solutions of nonlinear elliptic and
parabolic equations , In: Zarantonello, E.Z. Author, Contributions to Nonlinear Func-
tional Analysis, 2 Eds., New York : Academic Press, 35-75. https://doi.org/10.1016/B978-
0-12-775850-3.50017-0

— Online content: SARS Expert Committee, SARS in Hong Kong : From Experience to
Action. Hong Kong SARS Expert Committee, 2003. Available from: http://www.sars-
expertcom.gov.hk/english/reports/reports.html.

Cited journals should be abbreviated according to ISO 4 rules. For examples, see http://www.issn.org/services/onli
services/access-to-the-Itwa/.

For more questions regarding reference style, please refer to Chicago-Style Citation Quick
Guide.
* Appendices

If there is more than one appendix, they should be identified as A, B, etc. Formulae and
equations inappendices should be given separate numbering: Eq. (A.1), Eq. (A.2), etc.;in a
subsequent appendix, Eq. (B.1) and so on. Similarly for tables and figures: Table A.1; Fig.
A.1, etc.

* Supplementary (if available and necessary)

We encourage authors to submit detailed supplementary, including dataset, document, image,
video, software code, protocol, supporting information, table etc, but some large datasets

106



(>100 MB) should be deposited in specialized service providers by author.The supplementary
should be submitted in a separated file.

AIMS Press Open Data Policy is at here.

Figures and tables

General Guidelines:

Make sure you use uniform lettering and sizing of your original artwork.

Embed the used fonts if the application provides that option.

Aim to use the following fonts in your illustrations: Arial, Times New Roman, Symbol.

Number the illustrations according to their sequence in the text.

Use a logical naming convention for your artwork files.

Provide captions to illustrations separately.

Size the illustrations close to the desired dimensions of the published version.

If your electronic artwork is created in a Microsoft Office application (Word, PowerPoint,
Excel) thenplease supply ’as is’ in the native document format.

Regardless of the application used other than Microsoft Office, when your electronic artwork
isfinalized, please *Save as’ or convert the images to one of the following formats (note the
resolutionrequirements for line drawings, halftones, and line/halftone combinations given
below):

— EPS (or PDF): Vector drawings, embed all used fonts.

— TIFF (or JPEG): Color or grayscale photographs (halftones), keep to a minimum of 300
dpi.

— TIFF (or JPEG): Bitmapped (pure black & white pixels) line drawings, keep to a
minimum of 1000 dpi.

— TIFF (or JPEG): Combinations bitmapped line/half-tone (color or grayscale), keep to a
minimum of500 dpi.

Please do not:

— Supply files that are optimized for screen use (e.g., GIF, BMP, PICT, WPG); these
typically have alow number of pixels and limited set of colors;

— Supply files that are too low in resolution;

— Submit graphics that are disproportionately large for the content.

Figure captions

Ensure that each illustration has a caption. Supply captions separately, not attached to the
figure. A caption should comprise a brief title (not on the figure itself) and a description
of the illustration. Keep text in the illustrations themselves to a minimum but explain all
symbols and abbreviations used.

Tables

Please submit tables as editable text and not as images. Tables can be placed either next
to the relevant text in the article, or on separate page(s). Number tables consecutively in
accordance with their appearance in the text and place any table notes below the table body.

107



All the tables should be prepared in three-line format. Please avoid using vertical rules and
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size.
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out all figures and tables in numerical order. There must be a caption under figure, and
above table. Authors must obtain permission for the reuse of published materials from other
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2.8 License term and copyright

All articles published by AIMS Press are Open Access under the Creative Commons Attribution
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e Grammarly
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detection feature and vocabulary enhancement suggestions. Grammarly integrates seamlessly
with various platforms, including Microsoft Word and Google Docs, making it a convenient
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* Grammar and spelling check

* Style and tone suggestions

* Plagiarism detection

* Integration with multiple platforms

* LanguageTool
LanguageTool is an open-source grammar and spell checker that supports over 20 languages.
It identifies grammatical errors, spelling mistakes, and punctuation issues, offering sugges-
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and integrates with word processors like Microsoft Word and Google Docs.
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various writing platforms.
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* Sentence structure and readability improvement
* Personalized feedback
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these Assistive-Al tools to enhance the language quality of their manuscripts. Doing so will help
ensure clarity, coherence, and a professional standard in your writing. This ultimately facilitates a
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In order to speed up the peer review procedure, we encourage non-native English speaking authors to
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Please provide the certification from the company you used along with the submission to our
journal. The code “AIMS” is active and can be used immediately. This will provide an ongoing 10%
discount any time the author uses AJE services: English Language Editing, Manuscript Formatting,
Figure Services, Translation. It will provide a 10% discount for using Charlesworth services by
entering the code “AIMSPress”.

4. Ethics approval of research

Methods sections of papers on research using human subjects must include ethics statements that
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* The name of the approving institutional review board or equivalent committee(s). If approval
was not obtained, the authors must provide a detailed statement explaining why it was not
needed.
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¢ Whether informed consent was written or oral. If informed consent was oral, it must be stated
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— Why written consent could not be obtained,
— That the Institutional Review Board (IRB) approved use of oral consent,

— How oral consent was documented.

For studies involving humans categorized by race/ethnicity, age, disease/disabilities, religion,
sex/gender, sexual orientation, or other socially constructed groupings, authors should:

» Explicitly describe their methods of categorizing human populations,
* Define categories in as much detail as the study protocol allows,

* Justify their choices of definitions and categories, including, for example, whether any rules
of human categorization were required by their funding agency.

Methods sections of manuscripts reporting results of animal research must include required ethics
statements that specify:

* The full name of the relevant ethics committee that approved the work, and the associated
permit number(s) (where ethical approval is not required, the manuscript should include a
clear statement of this and the reason why).
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Clinical trials must be pre-registered in a public trial registry. A list of acceptable registries can be
found at www.who.int/clinical-trials-registry-platform and www.icmje.
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6. Cell line research

Methods sections for submissions reporting on research with cell lines should state the origin of
any cell lines. For established cell lines, the provenance should be stated and references must also
be given to either a published paper or to a commercial source. If previously unpublished de novo
cell lines were used, including those gifted from another laboratory, details of institutional review
board or ethics committee approval must be given, and confirmation of written informed consent
must be provided if the line is of human origin.
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