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Abstract: This study uses the hidden Markov model (HMM) to identify the phases of individual assets
and proposes an investment strategy using price trends effectively. We conducted empirical analysis
for 15 years from January 2004 to December 2018 on universes of global assets divided into 10 classes
and the more detailed 22 classes. Both universes have been shown to have superior performance in
strategy using HMM in common. By examining the change in the weight of the portfolio, the weight
change between the asset classes occurs dynamically. This shows that HMM increases the weight of
stocks when stock price rises and increases the weight of bonds when stock price falls. As a result of
analyzing the performance, it was shown that the HMM effectively reflects the asset selection effect in
Jensen’s alpha, Fama’s Net Selectivity and Treynor-Mazuy model. In addition, the strategy of the
HMM has positive gamma value even in the Treynor-Mazuy model. Ultimately, HMM is expected
to enable stable management compared to existing momentum strategies by having asset selection
effect and market forecasting ability.

Keywords: price momentum; hidden markov model; asset allocation

1. Introduction

When it comes to asset allocation, it is a very important consideration to predict the price movement
of the investment target. This move is also related to the phenomenon of price momentum. Using this
price momentum phenomenon, investment strategies reflecting the price trend of assets have been
developed. The method of using price momentum has performed well in the majority of the past market
(Antonacci 2013). However, it has a disadvantage in that investment decisions are made after a certain
period when price trend has passed. We expect that the artificial intelligence method, which has recently
expanded its application in the financial market, will help this point. Freitas et al. (2009) showed that
a prediction-based portfolio optimization model using neural networks can capture short investment
opportunities and outperform the mean-variance model. They used neural networks to predict stock
returns and employed predicted stock returns to compose the portfolio. Maknickienė (2014) found
ensemble of Evolino-Recurrent Neural Network (RNN) is effective in portfolio management.

The purpose of this study is to investigate whether the use of the artificial intelligence method
can improve portfolio performance empirically for global asset allocation. In this paper, we propose a
method of asset allocation using the Hidden Markov Model (HMM). In addition, we examine whether
asset selection through the HMM can yield significant excess returns. In this paper, the asset class is
divided into four groups (stocks, bonds, real estate, and commodities) for empirical analysis. We used
Exchange Traded Funds (ETFs) to allocate assets that have the effect of investing in real assets and
in various sectors as well as indices. ETFs have the advantage of lower transaction cost and taxes
(Poterba and Shoven 2002).
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The purpose of this study is to demonstrate empirically that the investment using the HMM is
superior to the existing investment method.

The composition of this paper is as follows. Section 2 discusses asset allocation, momentum
investing and HMM. Section 3 describes the investment method using the HMM proposed in this
paper. Section 4 analyzes the results of the portfolio and evaluates its usefulness. Finally, in Section 5,
the conclusion and the remaining task are discussed.

2. Literature Review

2.1. Asset Allocation

Asset allocation is a series of processes that optimize the portfolio of risk assets. The purpose of
asset allocation is to create an efficient portfolio through diversified investment based on Markowitz’s
portfolio theory published in 1952 (Markowitz 1952).

Asset allocation has a significant impact on the performance of the portfolio and the use of
exchange-traded fund (ETF) makes portfolio construction relatively easy. Since the ETF consists of
securities that follow the index, it can achieve the effect of diversified investment. Miffre (2007) found
that ETFs are effective in global asset allocation strategies.

The mean-variance portfolio or modern portfolio theory proposed by Markowitz pursues
maximum returns under a given risk. The mean-variance portfolio provides a foundation of modern
finance theory and has numerous extensions and applications (Yin and Zhou 2004). Optimal asset
allocation across many assets is important and difficult. Simaan (1997) compared the mean-variance
model with the mean absolute deviation model. Elliott et al. (2010) investigated a mean-variance
portfolio selection problem under a Markovian regime-switching Black-Scholes-Merton economy.

One of the most frequently used by academics is the traditional 60/40 portfolio of stocks/bonds
(Chaves et al. 2011; Asness et al. 2012). This portfolio invests 60% in stocks that are risky asset and 40%
in bonds that are safe asset. Asness (1996) showed that the 60/40 portfolio outperformed the stock
100% portfolio.

Also, equal weighted portfolio (1/N), which invests the same weight in asset groups is often used.
DeMiguel et al. (2007) found that equal weighted portfolio has a lower turnover, higher Sharpe index
and higher return than the existing mean variance portfolio.

We compare the proposed strategy with the 60/40 portfolio and the equal weighted portfolio.
In addition, this study constructs a portfolio using ETFs/ETNs that are effective in global asset
allocation strategies.

2.2. Momentum Investing

The price momentum was first introduced by Jegadeesh and Titman (1993). Momentum means
that the future returns of the winning stocks, which prices have risen for 3 to 12 months, are higher
than the future returns of the loser stocks, which prices have fallen over the same period.

Momentum can be largely classified as time series momentum and cross-sectional momentum.
Stocks with low return over the past period continue to fall in price, while stocks with high
return continue to have cross-sectional momentum across the stock (Grinblatt and Moskowitz (2003);
Chordia and Shivakumar (2006); Sadka (2006); Zhu and Zhou (2009); Novy-Marx (2012);
Fama and French (2012)).

There are also time series momentum using only the past information of the asset. We analyze
financial assets including stocks, bonds, futures, currencies, and derivatives, and show that trading
strategies that use time series momentum based on past returns can be statistically significant
(Moskowitz et al. 2012). This effect has been reported to be a common phenomenon not only in the US
market, but also in the global equity markets (Asness et al. 2013).

Momentum investment strategy refers to a strategy that expects excess returns by buying stocks
that had high yields in the past and selling stocks that had low ones. For this time-series momentum,
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historical data from individual assets are used to identify trends in assets at present and make investment
decisions. In this study, we compare strategy using the most common method of time series momentum
with strategy to identify current trends by applying the HMM, a method of machine learning.

2.3. Hidden Markov Model (HMM)

The HMM is a probability model that estimates the current state based on the assumption that the
present state is only affected by the past state for sequential data. Importantly, it is assumed that each
state in the HMM follows the Markov chain but is hidden. That is, as shown in Figure 1, the HMM is a
model consisting of two hidden elements, a hidden state value (S) and an observable value (O) that
actually allow movement between each component to follow the Markov chain. It is also composed
of transition probability that connects hidden state to each hidden state. In order to estimate the
HMM, there arises a problem of probability estimation, optimal state estimation, and model parameter
estimation. Each problem is solved using a forward and backward algorithm, a Viterbi algorithm,
and a Baum-Welch algorithm (Ramage 2007).
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The HMM is mainly used for time series data and in the financial sector, it is widely used for the
researches of the asset price prediction model and the transition of the asset. There is an empirical
study that the stock price prediction using the HMM is meaningful (Hassan and Nath 2005). The HMM
also approximates observations of asset prices into the Markov process to infer the current state of
the asset which can help predict future asset prices using the current state and transition probability
(Nguyen 2018). Kritzman et al. (2012) has shown that applying hidden state of the HMM to two cases,
it is effective in exploring the phase change of market instability.

3. Model Specification

This study aims to comprehend phases of each assets and make portfolio by utilizing HMM.
HMM can be used in case of situation that status variable cannot be figured out in advance. Figure 2
contains the overall process of analysis.

The return on each asset class ETF is used to learn the HMM and to identify the asset class regime
through the distinct hidden states. Through the identified regime, we select the stocks to invest and
finally construct the investment portfolio.
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3.1. Data Source

To construct a portfolio model that compares with the HMM model used in this study, the price
data of the ETF was used. A total of 23 ETFs representing each asset class were used for asset allocation.
Since we assume monthly rebalancing, we calculated monthly returns and used adjusted stocks with
adjusted dividends. The data source was used to invoke Yahoo Finance data using the “quantmod”
package in the R program.

3.2. Learning of Hidden Markov Model

3.2.1. Markov Chain

The Hidden Markov model is based on the Markov chain. Markov chain refers to a discrete-time
stochastic process with Markov properties. The key to the Markov chain is that the probability of one
state depends only the state before it, and the transition from one state to another does not require a
long history of state transition. It can be estimated as a transition from the last state.

P
(
qi
∣∣∣q1 · · · qi−1

)
= P

(
qi
∣∣∣qi−1

)
3.2.2. Hidden Markov Model

The hidden Markov model represents a change in phenomena as a probabilistic model. It is
assumed that each state follows a Markov chain but is hidden. The hidden Markov model is used to
infer the indirectly hidden state using observations. The phases that can occur in the stock market are
defined as the hidden states of the hidden Markov model, and the return of the asset class is used as
input data. The model used in this study is as follows.

λ ≡ (A, B, π, N)

where λ is hidden Markov model, A = ai, j is transition matrix from i states to j states, B = bi(k) is
observation probability matrix where i states, π is vector of initial probability of being in state and N is
number of states.

Based on the input data, the hidden Markov model calculates the ‘state probability’ and the
‘transition probability’ for each hidden state. In this study, three hidden states are assumed. There are
three problems to actually applying the hidden Markov model.

(1) Estimate the probability of the observation(O) given the parameters of the hidden Markov model
(2) Estimate the optimal state in that model given the observation(O)
(3) Finally, only the most observation(O) problems in determining the optimal parameters of a hidden

Markov model in a given state

The first and second problems can be solved with the dynamic algorithm based forward algorithm
and the Viterbi algorithm, respectively. The third problem is solved with the Baum-Welch Algorithm.
To use the hidden Markov model actually, we solved the above problems using the depmixS4 package
of the R. The Observation data is asset price data. Each Model parameters can estimate Observation
probability Matrix (B) on Hidden state and Transition Matrix (A).

3.2.3. HMM Parameter Learning: Baum-Welch Algorithm

In this study, we used the Baum Welch algorithm (also called Forward, Backward Algorithm)
to learn each parameter of the model to maximize the likelihood. The observation value O is a stock
price data, and the parameters of each model may estimate the probability B Observation (O) can be
observed in each hidden state and probability An Observation (O) can be shifted to another hidden
state. Calculate the forward and backward probabilities respectively, based on the observation (O)
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with the parameters of the model, i.e., the fixed probability A and the emission probability B. Figure 3
illustrates the above process.J. Risk Financial Manag. 2019, 12, x FOR PEER REVIEW 5 of 15 
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3.3. Estimation of Asset Phases & Portfolio Composition

For analyzing Hidden states, compute average sharpe ratio on each state. If computed sharpe
ratio is positive, we consider it increasing phases. We also trained HMM by using sliding window
method which trains data of each asset for 2 years and replicates process of moving and training at
intervals of one month. A schematic diagram of the sliding window method is shown in Figure 4.
This methodology reflects decreasing of influence of previous data by not using all previous asset price
data. It allows quicker adaptations to changing conditions on the market (Kaastra and Boyd 1996).
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Figure 4. Sliding Window Method.

Each slice is trained by asset class using data from two years just before portfolio rebalancing.
After learning, rebalancing is based on the results. In rebalancing, stock selection through HMM is as
follows. In contrast, if sharpe ratio is negative, it might be decreasing phases. As a result, if Hidden
state belonged to the present time has highest sharpe ratio, we consider the asset is in increasing phases.
Assets selected by this process constitute a portfolio with equal weight.

For comprehending overall process, we give an example. We apply SPY ETF adjusted close data
to HMM from January 2004 to December 2005. Figure 5 contains division of hidden state by result
of training.
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In this time, we compute monthly average returns and sharp ratio for judging which phases
by each hidden state. Looking at Table 1, in the state of 1, average monthly returns and sharp
ratio is negative(−) and this can be considered decreasing phases. Also, in state 2, average monthly
returns and sharpe ratio is positive and this can be considered increasing phases. In case of state 3,
average monthly returns and sharp ratio is positive but it is not apparent compare to state 2. It might
be considered stationary.

Table 1. Regime Detection by January 2004–December 2005 Optimal state of S&P500 Index.

State Average Monthly Return Average Monthly Sharpe Regime

1 −2.2572 −0.6236 Falling phase

2 2.6337 0.9352 Rising phase

3 0.4293 0.1529 Clearance phase

The latest date of Learning window, December 2005, cannot be included portfolio of next window,
January 2006 because it’s not increasing phases. If sharpe ratio of input data is positive (+) and
considered increasing phases, this asset can be included in portfolio. Assets selected by this process
constitute a portfolio with equal weight.

3.4. Analyzing Effect of Asset Selection

In this study, various performance measures are used to verify the effectiveness of the proposed
strategy. Through this, we understand why the performance of the proposed strategy is caused.
Below are the major excess returns in this paper.

3.4.1. Information Ratio

The information rate is the ratio of the excess return resulting from active investment activity
to the standard deviation of the return from active activity. Grinold and Kahn (1995), the basis of
performance evaluation using information ratio, measured the information ratio using excess return
and residual risk after considering systematic risk through regression analysis of benchmark return
and portfolio return. It was argued that the magnitude of this value could determine the superiority of
the performance.

IR =
Rp −Rm

TEp,m
,

TE =

√∑n
i=1

[(
Rp −Rp

)
−

(
RBM −RBM

)]2

n− 1
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where Rp is return of portfolio, Rp is the average return on the portfolio, RBM Is the return on the
benchmark, RBM is the average return on the benchmark.

If IR is a positive value, it means that the manager valued the information and achieved the excess
return, which is called the information rate because it shows the manager’s information capabilities.

3.4.2. Jensen’s Alpha

Jensen’s Alpha, also known as the Jensen’s Performance Index, is a measure of the excess returns
earned by the portfolio compared to returns suggested by the CAPM model (Jensen 1968). The Jensen’s
Alpha can be calculated by using following formula:

ap = Rp −R f + β
[
Rm −R f

]
where Rp is return of portfolio, R f is risk-free rate, Rm is market return and β is stock’s beta.

If Jensen’s alpha is positive which indicates over-performed the market on a risk-adjusted basis
and ability of asset selection. In this study, we considered US Treasury bond (10-year) as risk-free rate.

3.4.3. Fama’s Net Selectivity

The Fama’s Net Selectivity Measure is suggesting a breakdown of portfolio performance
(Fama 1972). It is given by the annualized return of the fund, deducted the yield of an investment
without risk, minus the standardized expected market premium times the total risk of the portfolio
under review. The Fama’s Net Selectivity can be calculated by using following formula:

Net Selectivityp =
[
Rp −R f

]
−

[
Rm −R f

]
σm

·σp

where Rp is return of portfolio, R f is risk-free rate, Rm is market return, σp is the standard deviation of
the portfolio return over period and σm is standard deviation of market return over period.

The Fama’s Net selectivity gives the excess return obtained by the manager that cannot have
been obtained investing in the market portfolio. It compares the extra return obtained by the portfolio
manager with a specific risk and the extra return that could have been obtained with the same amount
of systematic risk.

3.4.4. Treynor-Mazuy Measure

In case of Jensen’s alpha, it cannot divide ability of asset selection and capture market timing.
For analyzing in detail, we verify HMM asset allocation strategy by utilizing not only Jensen’s
alpha also Treynor-Mazuy measure. The magnitude of the Treynor-Mazuy measure depends on two
variables: the return of the fund and risk sensitivities variability. Treynor-Mazuy measure suggests
that portfolios which display evidence of good market timing will be more volatile in up markets and
less volatile in down markets (Treynor and Mazuy 1966). The Jensen’s alpha can be calculated by using
following formula:

Rp −R f = a + β
(
Rm −R f

)
+ γ

(
Rm −R f

)2
+ ε

where Rp −R f is excess return of portfolio, Rm −R f is market premium, a is selectivity ability, β is beta
and γ is market timing performance.

If a portfolio has selectivity ability, a has a positive value and if a portfolio has market timing
ability, γ has a positive value.

4. Empirical Analysis

HMM Strategy that we suggest in this study intends to capture each asset’s phases and constitute
portfolio included stocks or assets having possibilities to increase. For empirical analysis, we apply
our strategy to not only stock, bond but also alternative investment class like commodity and REIT’s.
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We constitute portfolio and make universe repetitively by sliding window methodology during January
2001–September 2019. In the above period, the HMM strategy was constructed by sliding 20 months of
experiments, sliding for 1 month, sliding every month with 2 years of data. The investment period is
January 2013–September 2019 excluding two years of initial learning.

4.1. Global Asset Allocation Investment Universe

In order to test robust of our strategy, we composed two universes. Tables 2 and 3 contain the asset
classes we used as universe. In order to obtain the closest effect to actual investment, we tested the ETF
price following the asset class index. We set the cost of trading by assuming the median bid-ask spread
of 0.10% applied to the turnover of the portfolio. So, a portfolio with higher turnover will greater
trading costs. We set trading commissions to $0, assuming that investors are using a discount broker
providing commission-free ETFs.

Table 2. Global Asset Allocation Invest Universe (Asset 10).

Asset Class Name Following ETF/ETN Ticker

Stock

U.S Stock SPY
Europe Stock IEV
Japan Stock EWJ

Emerging Market Stock EEM

Bond
Long-term U.S Treasury TLT
Mid-term U.S Treasury IEF

Alternative investment

U.S REITs IYR
Global REITs RWX

Gold GLD
Commodity DBC

We further refined and tested the first 10 asset classes. In the case of alternative investments,
we added some asset classes, as each asset class could not be further subdivided. Table 3 shows the
investment universe with more granular asset classes.

Table 3. Global Asset Allocation Invest Universe (Asset 22).

Asset Class Name Following ETF/ETN Ticker

Stock

U.S Large Cap Stock JKD
U.S. Small Cap Stock IJR

U.S Growth Stock IVM
Europe Stock IEV
Japan Stock EWJ
Korea Stock EWY

Developed Market Stock EFA
Emerging Market Stock EEM

Bond

Long-term U.S Treasury TLT
Mid-term U.S Treasury IEF

U.S TIPS TIP
U.S Aggregate Bond AGG

Emerging Bond EMB
Global TIPS GTIP

High Yield Bond HYT

Alternative investment

U.S REITs IYR
Global REITs RWX

Oil OIL
Gold GLD

Dollar UUP
Commodity DBC

Copper CPER
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We mark universe of Table 2 as ‘Asset 10’ and universe of Table 3 as ‘Asset 22’. HMM Strategy is
applied to those two universes and we verified validation of common results.

4.2. Summary of Investment Result

We chose equal weighted portfolio, 60/40 portfolio, mean-variance portfolio, which is used for
asset allocation as a benchmark for analyzing portfolio performance. In addition, by comparing the
momentum strategy, we examine how the judgement of individual financial instrumental using HMM
leads to investment performance.

In the EW portfolio, the asset classes that make up each universe were invested by 1/N. The share
of stocks in an equal-weight portfolio will continue to change in proportion to returns. Therefore,
we applied wall rebalancing to keep the equal weight. Also, for the 60/40 portfolio, the S & P 500 is 60%
and 10-Year U.S. Treasury bond was composed of 40%. This proportion also continues to change with
the returns on stocks and bonds. Therefore, in order to maintain a 60/40 fixed ratio, monthly rebalancing
was applied. In the case of the MV portfolio, it means Markowitz’s mean-variance optimized portfolio,
which has been optimized for weight with data from the past two years, which also applies monthly
rebalancing. Lastly, the comparison MOM strategy selects positive stocks and excludes negative stocks
based on 12-month momentum. Similarly, wall rebalancing was applied.

Figures 6 and 7 show the cumulative portfolio returns and draw down charts for the two universes
covered in this study. In both universes, the HMM strategy outperforms the momentum strategy. In the
case of the draw down, it can be seen that the HMM and MOM strategies are superior to the traditional
strategies used as benchmarks in this study. It’s remarkable that drawdown of HMM decreased while
drawdown of benchmark increased in financial crisis time (2008). As a result, HMM stabilize risk of
portfolio as well.
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Table 4 summarizes the investment results. All of the strategies proposed in this study show that
the investment performance is superior to the momentum strategy and benchmark. Also, universe 1
(Asset 10) and universe 2 (Asset 22) exhibit the same tendency. This implies that performance of the
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investment with HMM shows better investment performance than the strategy using classic asset
allocation and momentum.

Table 4. Portfolio Performance Summary.

Name
Strategy Benchmark

HMM MOM EW 60/40 MV

Asset 10

Ann Ret (Arith) 0.0887 0.0781 0.0693 0.0623 0.0744
Ann Ret (CAGR) 0.0868 0.0756 0.0654 0.0605 0.0666

Ann Std Dev 0.1027 0.0999 0.1064 0.0828 0.1382
Ann Sharp 0.8449 0.7569 0.6148 0.7305 0.4822
Win Ratio 0.6169 0.6219 0.6070 0.6468 0.5871

Maximum Draw Down 0.2092 0.1819 0.3917 0.3138 0.3824

Asset 22

Ann Ret (Arith) 0.0811 0.0711 0.0578 0.0623 0.0748
Ann Ret (CAGR) 0.0799 0.0692 0.0548 0.0605 0.0709

Ann Std Dev 0.0893 0.0898 0.0930 0.0828 0.1099
Ann Sharp 0.8938 0.7704 0.5892 0.7305 0.6449
Win Ratio 0.6517 0.6318 0.6318 0.6468 0.6318

Maximum Draw Down 0.1612 0.1824 0.3488 0.3138 0.3789

Figures 8 and 9 are graphs showing the change in investment weight of strategy using momentum
and HMM. The left side shows the momentum strategy and the right side shows the HMM strategy.
Both strategies are defensive by increasing the weight of bonds in the 2008 financial crisis period.
However, in the case of momentum, the weight of assets does not increase immediately after the index
has bottomed out. This is because momentum is measured by a certain trend in the MOM strategy.
In the case of HMM, on the other hand, it seems that the weight of bonds increases in the decline
phases immediately and increase proportion of shares in the up phases. This shows that the strategy
applying the HMM can figure out change of phases fast. This implies that the HMM strategy has a
market timing capability compared to the MOM strategy.
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Table 5 calculates the rolling return to calculate the probability that the strategy’s return outperforms
each benchmark. Rolling returns are useful for examining the behavior of returns for holding periods,
similar to those actually experienced by investors. The rolling period was examined from 1 month in
the short term to 36 months in the long term. Overall, HMM strategy is more likely to outperform
benchmarks than MOM strategies.

Table 5. Portfolio Outperformance Probability.

Strategy HMM MOM

Benchmark EW 60/40 MV EW 60/40 MV

Asset 10

1 months 0.547 0.537 0.507 0.502 0.522 0.493
3 months 0.508 0.598 0.528 0.492 0.523 0.487
6 months 0.531 0.602 0.520 0.515 0.551 0.526
12 months 0.611 0.674 0.600 0.574 0.579 0.505
24 months 0.680 0.629 0.635 0.573 0.545 0.573
36 months 0.729 0.572 0.711 0.633 0.446 0.669

Asset 22

1 months 0.537 0.537 0.542 0.512 0.522 0.512
3 months 0.558 0.593 0.518 0.543 0.503 0.497
6 months 0.571 0.617 0.561 0.546 0.551 0.531
12 months 0.584 0.611 0.579 0.658 0.584 0.505
24 months 0.697 0.573 0.708 0.635 0.545 0.494
36 months 0.723 0.524 0.747 0.717 0.470 0.608

Information Ratio is widely used as an indicator for assessing performance in benchmarked
funds, with the numerator in the form of fractions where the numerator is the excess return and
the denominator is the standard deviation of the excess return. Table 6 summarizes the results of
the information ratio. In this study, we set EW, 60/40, and MV portfolios as benchmarks. Therefore,
when calculating the Information Ratio, each portfolio’s return was calculated as a benchmark.

Table 6. Information Ratio Result.

Strategy HMM MOM

Benchmark EW 60/40 MV EW 60/40 MV

Asset 10 0.2249 0.3002 0.3375 0.0867 0.1392 0.1671
Asset 22 0.2928 0.2720 0.3213 0.1326 0.0989 0.0270

4.3. Validation of Selection Effect of HMM

The tendency of the return distribution is highly related to the asset selection ability of the portfolio
and market prediction ability. In this study, Jensen’s alpha, Fama’s Net Selectivity and Treynor-Mazuy
are measured quantitatively. First, Table 7 shows the result of Jensen’s alpha for each universe.
The benchmarks used the measure Jensen’s alpha were an equal weighted portfolio, 60/40 portfolio
and mean-variance portfolio of assets that belonged to each universe. In both universes, we can see
that Jensen’s alpha of HMM is about 2% larger than the momentum strategy. This tendency is the
same for the EW portfolio, 60/40 portfolio and MV portfolio as well. This shows that both strategies
using HMM and momentum have the effect of financial instrument selection and the size of HMM
strategy is larger than MOM strategy.
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Table 7. Jensen’s Alpha Result.

Strategy HMM MOM

Benchmark EW 60/40 MV EW 60/40 MV

Asset 10 0.0632 0.0593 0.0489 0.0489 0.0424 0.0270
Asset 22 0.0565 0.0489 0.0348 0.0377 0.0301 0.0156

Table 8 summarizes Fama’s measures. This shows that both momentum and HMM strategies
are positive when compared to each benchmark. Fama’s Net Selectivity, like Jensen’s Alpha, has a
positive value if it has a positive value. The above results show that the HMM strategy is superior
to all benchmarks over the existing MOM strategy. This is the same result as measuring the stock
selection effect through Jensen’s alpha.

Table 8. Fama’s Net Selectivity Result.

Strategy HMM MOM

Benchmark EW 60/40 MV EW 60/40 MV

Asset 10 0.0366 0.0247 0.0503 0.0178 0.0063 0.0312
Asset 22 0.0402 0.0277 0.0356 0.0197 0.0071 0.0151

Next, we use Treynor-Mazuy model to examine financial instrument selection ability and market
prediction ability. The benchmark likewise sets up the EW portfolios, 60/40 portfolios and MV portfolio
belonging to each universe. Table 9 summarizes the Treynor-Mazuy Measure results. First of all,
the alpha showing the ability to select a stock shows that both the HMM strategy and the MOM
strategy have positive values. This is the same conclusion as the measurement of Jensen’s alpha or
Fama’s Net Selectivity. Also, in the case of gamma, which shows market timing capability, all of
HMM strategies are positive, and some of them are negative in MOM strategy. If gamma is positive,
market timing capability exists. The magnitude of this value shows that the HMM strategy is superior
to the MOM strategy.

Table 9. Treynor-Mazuy Measure Result.

Strategy HMM MOM

Benchmark EW 60/40 MV EW 60/40 MV

Asset
10

Alpha 0.00697 0.00723 0.00427 0.00606 0.00682 0.00241
Beta −0.00444 0.0586 0.538 −0.111 −0.072 0.621

Gamma 1.48 1.43 0.473 1.43 0.603 0.322

Asset
22

Alpha 0.00663 0.00695 0.00240 0.00537 0.00568 0.00288
Beta 0.0258 0.0776 0.651 −0.034 0.0263 0.615

Gamma 1.34 0.651 1.24 1.35 0.665 −0.484

5. Conclusions

The purpose of this study is to verify the effect of asset allocation through an artificial intelligence
method. In particular, the HMM identifies the stages of individual financial product change and
identifies the usefulness of the investment strategy. The concealment status in the HMM can provide
insight into the current asset class. This works similarly to identify whether existing momentum
strategies are up or down via price momentum. In this study, we proposed a strategy to include the
portfolio if it can be determined that the current state derived from HMM is an upward phase, and to
exclude it from the portfolio. For comparison, we discussed a momentum strategy that uses trends in
the historical prices of individual financial instruments. The benchmarks include the EW portfolio,
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the 60/40 portfolio, and Markowitz’s MV portfolio, which are the most used asset allocation. In order
to confirm the robustness of model, two investment universes were largely set up.

Looking at portfolio performance, the HMM and momentum strategies in both universes show
better average annual returns and sharp ratios than traditional asset allocation methods. This suggests
that the two strategies improved in the down market, such as the financial crisis, by reducing the
max draw down. On the other hand, comparing the HMM strategy and the momentum strategy
shows that the overall strategy of HMM is superior. Since this preponderance can only occur in certain
intervals, we calculated the probability that the rolling returns of the two strategies could outperform
the BM. As a result, in all cases, the HMM strategy is more likely to outperform the benchmark than
the momentum strategy. It is also shown that as the holding period increases, the probability increases.
This is common in both universes. This shows that the HMM strategy is relatively robust and can be
useful in real investments.

In this study, we tried to find out where the cause of this achievement was. Three representative
methods of measuring portfolio performance were used. First, we looked at excess returns through the
Alpha of Jensen. As Jensen’s Alpha is positive for both the HMM and MOM strategies, it demonstrates
its ability to select stocks. Next, we examined the ability to select stocks through the method of Fama’s
Net Selectivity. This value is also positive, indicating that there is a stock selection effect. In both
cases, since HMM is larger than MOM strategy, HMM strategy’s stock selection ability is excellent.
Finally, the strategy was evaluated using the Treynor-Mazuy model. The alpha of Treynor-Mazuy
model shows the effect of stock selection, and the result is the same. Also, the value of gamma is the
market timing capability, which also shows that the HMM strategy is larger than the MOM strategy.

Summarizing the above results, we can see that the MOM strategy and the HMM strategy are
superior to the traditional portfolio composition strategy in terms of performance. This is because the
HMM strategy and the momentum strategy, as discussed in this study, have a greater selection effect
than the traditional strategy. In particular, the HMM strategy is more effective than the MOM strategy
that managers use a lot.

The implications of this study are as follows. MOM strategy the invest in each financial instrument
trend are well known and used frequently. MOM strategy has a process of identifying trends in the
past through price data and investing in them. The HMM strategy shows that the investment result are
superior to the MOM strategy by identifying trends in the financial instruments. Therefore, this method
can be applied to bond portfolio, asset allocation portfolio as well as equity portfolio widely.

It is meaningful that this process has been identified through the HMM which is an Artificial
Intelligence method. This indicates that an Artificial Intelligence can improve performance more than
traditional investment methods. Therefore, further research needs to be applied to asset allocation
strategies using deep learning such as RNN.

The limitations and future challenges of this study are as follows. First, in this study, we judged
the phases by learning the returns of individual assets. However, as macroeconomic variable also
influences the return of individual stocks and assets, these factors need to be considered as well.
Second, investment decisions were made on a monthly basis. There is also a price trend on intraday,
so it can be applied to high frequency areas as well.
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