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Abstract

This study proposes a novel equity investment strategy that effectively integrates artificial
intelligence (AI) techniques, multi factor models and financial technical indicators. To be
practically useful as an investment fund, the strategy is designed to achieve high investment
performance without losing interpretability, which is not always the case especially for complex
models based on artificial intelligence.

Specifically, as an equity long (buying) strategy, this paper extends a five factor model in
Fama & French [1], a well-known finance model for its explainability to predict future returns
by using a gradient boosting machine (GBM) and a state space model. In addition, an index
futures short (selling) strategy for downside hedging is developed with IF-THEN rules and
three technical indicators. Combining individual equity long and index futures short models,
the strategy invests in high expected return equities when the expected return of the portfolio
is positive and also the market is expected to rise, otherwise it shorts (sells) index futures.
To the best of our knowledge, the current study is the first attempt to develop an equity
investment strategy based on a new predictable five factor model, which becomes successful
with effective use of AI techniques and technical indicators.

Finally, empirical analysis shows that the proposed strategy outperforms not only the
baseline buy-and-hold strategy, but also typical mutual funds for the Japanese equities.

Disclaimer: The views expressed in this paper are our own and do not reflect the institutions the authors are
affiliated with. The authors are not responsible or liable in any manner for any losses and/or damages caused by
the use of any contents in this research.
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1 Introduction
1.1 Introduction
In recent years, artificial intelligence (AI) has proven to be useful across various industries. One
of the most challenging applications is finance, where there exists a serious problem that many
active equity mutual funds can not outperform a simple index buy-and-hold strategy. For instance,5

Tables 1 and 2 compare the performance of typical equity mutual funds for Japanese stocks and a
buy-and-hold strategy of standard stock index (TOPIX1) futures. Table 1 shows that only three
funds outperform the index futures buy-and-hold strategy in terms of Sharpe Ratio (SR), one
of the most popular metrics for evaluating return/risk of investment strategies. Table 2 reveals
that after taking management fee and fund distribution into account, only one fund outperforms10

the strategy in terms of SR, where distributions in mutual funds are payments to shareholders
from the fund’s income and capital gains. Under such circumstances, many researchers have been
trying to develop new investment strategies using AI techniques to outperform the simple index
buy-and-hold strategy.

Table 1: Performance comparison (01/04/2012-12/29/2023)
AR SD SR

Fund 1 13.0% 19.4% 0.67
Fund 2 12.6% 19.0% 0.66
Fund 3 12.7% 20.6% 0.62
Index futures buy-and-hold 12.0% 19.5% 0.62
Fund 4 11.3% 19.6% 0.58
Fund 5 11.3% 19.7% 0.57
Fund 6 11.3% 20.7% 0.55
Fund 7 9.7% 19.9% 0.49
Fund 8 8.2% 19.8% 0.42

Note: The funds listed in the above table are the
index futures buy-and-hold strategy and typical
Japanese equity mutual funds. AR is the annual-
ized average return, SD is the annualized standard
deviation, and SR is the Sharpe ratio. These met-
rics are calculated without considering management
fee and fund distribution.

1TOPIX is a Japanese stock market index calculated as a market capitalization-weighted average of about 2000
companies listed on the prime section of the Tokyo Stock Exchange.
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Table 2: Performance comparison (01/04/2012-12/29/2023) including management fee and fund
distribution

AR(Net) SD(Net) SR(Net)
Fund 3 12.7% 20.4% 0.62
Index futures buy-and-hold 12.0% 19.5% 0.62
Fund 1 11.8% 19.4% 0.61
Fund 7 11.5% 19.2% 0.60
Fund 2 11.0% 19.0% 0.58
Fund 4 11.0% 19.4% 0.57
Fund 6 11.6% 20.6% 0.56
Fund 8 10.6% 19.2% 0.55
Fund 5 10.7% 19.6% 0.55

Note: AR(Net), SD(Net), and SR(Net) are the same as AR,
SD, and SR in Table 1, respectively, but are calculated in-
cluding management fee and fund distribution. Index futures
buy-and-hold is assumed to have no management fee and fund
distribution.

However, using complex AI models such as deep neural networks in investment strategies raises15

concerns regarding the interpretability. For instance, if AI-based investment strategies suffer sub-
stantial losses with no intuitive explanation, most investors will withdraw their money from the
fund.

Thus, we develop a novel investment model that demonstrates high performance by effectively
incorporating AI and technical indicators with a multi factor model in finance. In fact, there exist
multi factor models capable of explaining asset returns using common factors, which are acceptable
in both practice and academia. Among them, one of the most famous models, the Fama-French
five (FF 5) factor model (Fama & French [1]) decomposes a stock’s return into five factors as
follows:

Ri,t = αi + βm
i MKTt + βs

i SMBt + βv
i HMLt + βp

i RMWt + βj
iCMAt + ϵi,t, (1)

where Ri,t is a return of a stock i at t and explanatory variables (MKTt, SMBt,HMLt, RMWt, CMAt)
are the market factor, the size factor, the value factor, the profitability factor, and the investment20

factor, respectively. The brief descriptions of each factor are as follows:

• MKT stands for the market, which shows a return of the market index.

• SMB stands for small minus big, which shows a spread of the returns between small market
capitalization (bottom 50%) and big market capitalization (top 50%) stocks.

• HML stands for high minus low, which shows a spread of the returns between high book-25

to-market denoted by B/M (top 30%) and low B/M (bottom 30%) stocks. Here, B/M is
defined as the ratio of book value of shareholders’ equity to market capitalization.

• RMW stands for robust minus weak, which shows a spread of the returns between robust
profitability (top 30%) and weak profitability (bottom 30%) stocks.

• CMA stands for conservative minus aggressive, which shows a spread of the returns between30

conservative investment (bottom 30%) and aggressive investment (top 30%) stocks. Here,
investment is measured as the change in total assets from the previous year.

Multi factor models are easy to interpret and often used in academia, but are rarely used to
construct a portfolio in asset management practice. Since the multi factor model explains asset
returns at t using factors at the same time point t, it is not possible to predict future returns.35

To address this issue, the current study proposes a novel equity long (buying) model by ex-
tending a multi factor model to predict future returns. In particular, two main components in a
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multi factor model, namely factor exposures (βk
i , k = m, s, v, p, j) and factor returns are sequen-

tially predicted and updated using a gradient boosting machine (GBM) and a state space model.
Also, to hedge against downside risk, an index futures short (selling) model is developed based on40

IF-THEN rules and three technical indicators.
By combining those equity long and index futures short models, this work achieves a new

investment strategy that outperforms typical mutual funds and the index buy-and-hold strategy
as shown in Table 3.

Table 3: Performance of our strategies and representative equity funds
AR SD SR AR(Net) SD(Net) SR(Net)

Equity long and futures short model 19.6% 21.0% 0.93 19.4% 21.0% 0.92
Fund 1 (top mutual fund in Table 1) 13.0% 19.4% 0.67 11.8% 19.4% 0.61
Index futures buy-and-hold 12.0% 19.5% 0.62 - - -
Fund 3 (top mutual fund in Table 2) 12.7% 20.6% 0.62 12.7% 20.4% 0.62

Note: The index futures buy-and-hold strategy is assumed to have no management fee and
fund distribution. The other strategies are assumed to have the management fee and fund
distribution estimated as a median of the typical mutual funds.

The organization of this paper is as follows. Section 1.2 reviews the related works. Section 2.145

describes the data used in this research. Section 2.2 introduces the equity long model. Section 2.3
describes the futures short model for downside hedging. Section 3 conducts an empirical analysis
to evaluate the performance of the models. Finally, Section 4 concludes the paper.

1.2 Related works
As studies on factor models, Banz (1981) [2] reported that portfolios consisting of small-cap stocks50

exhibited greater returns than portfolios with large-cap stocks, which is known as the size effect.
Rosenberg et al. (1985) [3] found that U.S. stocks’ returns were positively related to the ratio of
a firm’s book value of equity. Integrating these findings, Fama & French [4] proposed the three
factor model, which explains the return of an equity using the market return, the size factor, and
the value factor. Carhart [5] showed that momentum was also an important factor. Titman et55

al. [6] demonstrated that companies that substantially increased capital investments subsequently
achieved negative benchmark-adjusted returns, which implies that the investment factor is also an
important factor. Novy-Marx [7] showed that profitability was also an important factor. Hou et
al. [8] proposed the q-factor model, which explains the return of an asset using the market return,
the size factor, a profitability factor and an investment factor. Incorporating these findings, Fama60

& French [1] proposed the five factor model (FF5 factor model), which explains the return using
the market return, the size factor, the value factor, the profitability factor, and the investment
factor.

Also, there are many studies on the application of AI techniques to asset management. Nakano
et al. [9, 10, 11] developed new investment models utilizing anomaly detection and neural networks.65

Gu et al. [12] performed a comparative analysis of machine learning methods for empirical asset
pricing and identified that trees and neural networks are the best-performing methods. Nakano
& Takahashi [13] proposed a novel approach for downside hedging based on the factors extracted
by AutoEncoder. Takahashi & Takahashi [14] developed a new interval type-2 fuzzy logic system
for financial investment with timevarying parameters adaptive to real-time data streams by using70

an online learning method based on a state-space framework. Khodaee et al. [15] constructed
a hybrid Convolutional Neural Network and Long Short-Term Memory model forecasting turning
points of stock price. Takahashi & Takahashi [16] and Mita & Takahashi [17] proposed new
multi agent models based on state space models, which can improve investment performance by
predicting market crashes. Dezhkam & Manzuri [18] introduced a new model called HHT-XGB to75

predict the changing trends in the next closing price of stocks, which combines the Hilbert-Huang
Transform as the feature engineering part and the extreme gradient boost as the closing price trend
classifier. Zhang et al. [19] put forward a new LSTM network combined with residual-driven ν
support vector regression for index and stock price prediction.
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To summarize the above research, while studies on multi factor models focuses on discovering80

new factors to interpret asset returns and enhancing explanatory power, many AI literatures focus
to improve prediction accuracy or investment performance. Apparently, both are important in asset
management practice. Thus, this study effectively combines AI techniques, multi factor model and
technical indicators to develop a new investment strategy that achieves high performance without
losing interpretability.85

2 Data and prediction models
This section describes the data and investment models. Section 2.1 explains the dataset used in our
analysis. Sections 2.2 and 2.3 introduce equity long and index futures short models, respectively.

2.1 Data
This subsection briefly explains the dataset used in our analysis.90

1. Opening prices of Japanese stocks in TOPIX,

2. Opening prices of TOPIX,

3. Opening prices of TOPIX futures2,

4. Financial data of Japanese companies constituting TOPIX:

• Book-to-market (B/M) ratio,95

• Operating profit,
• Shareholders’ equity,
• Total asset,

5. Macro data:

• 2 year government bond yield in Japan and the United States,100

• 10 year government bond yield in Japan and the United States,
• 10 year inflation-indexed bond yield in Japan and the United States,
• Exchange rate between the Japanese yen and the US dollar,
• Exchange rate between the Japanese yen and the Chinese yuan,
• Commodity price index.105

All data are available from Bloomberg. The Bloomberg tickers of TOPIX, TOPIX futures and
macro data are following: TPX Index, TP1 Index, GTJPY2Y Govt, GTJPY10Y Govt, GTJPYII10Y
Govt, USGG2YR Index, USGG10YR Index, USGGBE02 Index, USGGBE10 Index, USDJPY
Curncy, USDCNY Curncy, and CL1 Comdty. Also, price and financial data are available from
JPX data cloud3. The data period is from 01/04/2010 to 12/29/2023. This study does not adopt110

closing prices but opening prices to utilize the previous day’s U.S. market information as quickly
as possible and the proposed strategy discussed later is also executed at the opening price.

2.2 Equity long model
Section 2.2 proposes a novel equity long model which calculates the expected return ranking for
Japanese equities and invests in 40 equities with equal weights, which are almost the top 5% of115

investable stocks in our analysis. Current work adopts TOPIX 1000 as the investment universe
due to its rich liquidity, from which approximately 750 stocks with no missing data are selected
for analysis in Section 3. Here, TOPIX 1000 consists of the top 1000 stocks from TOPIX based
on market capitalization and liquidity. The return ranking is estimated by effective use of FF5

2TOPIX futures are tradable at regular and night sessions. This analysis uses opening price of regular session.
3https://db-ec.jpx.co.jp/?__lang=en
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factors, gradient boosting machine (GBM) and state space model. The architecture of the model120

is shown in Figure 1.

Figure 1: Architecture of equity long model

This work extends the FF5 model represented by equation (1) to predict future returns as
follows:

Ri,t+1 = αi,t+1 + βm
i,t+1MKTt+1 + βs

i,t+1SMBt+1 + βv
i,t+1HMLt+1

+ βp
i,t+1RMWt+1 + βj

i,t+1CMAt+1, (2)
MKTt+1 = GBM1,t(macrot), (3)
SMBt+1 = GBM2,t(macrot), (4)
HMLt+1 = GBM3,t(macrot), (5)
RMWt+1 = GBM4,t(macrot), (6)
CMAt+1 = GBM5,t(macrot), (7)

where Ri,t+1, stock i’s return at t+1, is decomposed into FF5 factors and their coefficients called
factor exposures (βk

i , k = m, s, v, p, j) as in equation (2). Future factor returns at t + 1 are
calculated by the gradient boosting machine (GBM) denoted by GBMk,t functions and the macro
data available at t. Factor exposures at t + 1 are estimated by a state space model defined by125

equations (8) to (10), which are described later.
First, to train the GBM, historical FF5 factors are required. While following Fama & French

[1] in factor calculations, we cannot obtain full market capitalization data necessary in precise
treatment due to limitation of our accessibility to data sources. Hence, when rigorously speaking
full market capitalization data is necessary, we make some simplification in each factor calculation.130

Nonetheless, we are able to draw meaningful results reported below.

• MKT (market factor): The market factor is calculated as the return of the market index
(TOPIX).

• SMB (small minus big, size factor): The size factor is calculated as the spread between the
average returns of stocks not included in TOPIX 1000 (small) and those in TOPIX 1000135

(big).
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• HML (high minus low, value factor): The value factor is computed by the following steps.

1. Divide stocks into two size groups (small and big as in SMB calculation),
2. Independently of step 1, divide stocks into three groups based on B/M (book-to-market

ratio), where groups are defined as the bottom 30%, the middle 40%, and the top 30%140

of B/M ratios (low, middle, and high B/M stocks),
3. Combine the size and B/M classifications to construct six portfolios with equal weights:

(1) small-low (SL), (2) small-middle (SM), (3) small-high (SH), (4) big-low (BL), (5)
big-middle (BM), and (6) big-high (BH) B/M portfolios,

4. Calculate the spread between the average returns of the two high and low B/M port-145

folios: HML = (RSH + RBH)/2− (RSL + RBL)/2, where Rx means the return of the
portfolio x listed in step 3.

• RMW (robust minus weak, profitability factor): The profitability factor is computed by the
following steps.

1. Divide stocks into two size groups (small and big as in SMB calculation),150

2. Independently of step 1, divide stocks into three groups based on profitability, which is
measured with dividing operating profit in Profit and Loss Statement by shareholders’
equity in Balance Sheet, where groups are defined as the top 30%, the middle 40%, and
the bottom 30% of profitability ratios (robust, neutral, and weak profitability stocks),

3. Combine the size and profitability classifications to construct six portfolios with equal155

weights: (1) small-robust (SR), (2) small-neutral (SN), (3) small-weak (SW), (4) big-
robust (BR), (5) big-neutral (BN), and (6) big-weak (BW) profitability portfolios,

4. Calculate the spread between the average returns of the two robust and weak profitabil-
ity portfolios: RMW = (RSR+RBR)/2− (RSW +RBW )/2, where Rx means the return
of the portfolio x listed in step 3.160

• CMA (conservative minus aggressive, investment factor): The investment factor is computed
by the following stepss.

1. Divide stocks into two size groups (small and big as in SMB calculation),
2. Independently of step 1, divide stocks into three groups based on investment, which

is defined as changes of total assets from those in the previous year, where groups are165

defined as the bottom 30%, the middle 40%, and the top 30% of investment ratios
(conservative, neutral, and aggressive investment stocks),

3. Combine the size and investment classifications to construct six portfolios with equal
weights: (1) small-conservative (SC), (2) small-neutral (SN), (3) small-aggressive (SA),
(4) big-conservative (BC), (5) big-neutral (BN), and (6) big-aggressive (BA) investment170

portfolios,
4. Calculate the spread between the average returns of the two conservative and aggressive

investment portfolios: CMA = (RSC+RBC)−(RSA+RBA), where Rx means the return
of the portfolio x listed in step 3.

Second, equations (3)-(7) use macro data and GBM to calculate future factor returns (MKTt+1,175

SMBt+1, HMLt+1, RMWt+1, CMAt+1). GBM builds an ensemble of decision trees to identify
nonlinear relationship between inputs and output, and generally outperforms traditional linear
regression models in many machine learning tasks, such as Kaggle4 competitions. This paper uses
the LightGBM5 library and Python to conduct GBM and the parameters are set as shown in Table
4.180

4Kaggle is a data science competition platform and online community of data scientists and machine learning
practitioners under Google LLC.

5LightGBM is a gradient boosting framework developed by Microsoft.
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Table 4: Parameter setting for LightGBM
Parameter Values
objective ’regression’
metrics ’rmse’
learning_rate 0.01
other parameters default values

In Table 4, most parameters are set as default values to exclude data mining. The parameters
we set are objective, metrics, and learning_rate. The objective and metrics are set as ’regression’
and ’rmse’ to minimize the root mean square error (RMSE) between the predicted and actual
factor returns. The learning_rate means the step size of the gradient descent algorithm. Although
setting learning_rate to a small value takes more time, we can obtain a more accurate model.185

Third, given that the factor returns are calculated by equations (3)-(7), the exposures αi,t+1, β
k
i,t+1

are estimated by the following state space model.

[observation equation] Ri,t+1 = αi,t+1 + βm
i,t+1MKTt+1 + βs

i,t+1SMBt+1 + βv
i,t+1HMLt+1

+ βp
i,t+1RMWt+1 + βj

i,t+1CMAt+1 + ϵi,t, ϵi,t ∼ N(0, 1), (8)
[state equations] αi,t+1 = αi,t + ηi,t, ηi,t ∼ N(0, 1), (9)

βk
i,t+1 = βk

i,t + ξi,t, k = m, s, v, p, j, ξi,t ∼ N(0, 1), (10)

where N(0, 1) is the normal distribution with mean 0 and variance 1. Although factor exposures
are often calculated by OLS, using the state space model can avoid arbitrariness regarding the
data period. By solving the state space model using Kalman filter, we obtain the expected factor
exposures at t+ 1 (αi,t+1 and βk

i,t+1).
Then, substituting the expected factor returns and factor exposures into equation (2), the

future stock returns can be derived. However, since returns are very noisy, we convert expected
returns to rankings as follows:

Ai,t+1 = rank(Ri,t+1|R1,t+1, ..., Rn,t+1), (11)

where Ai,t+1 is the estimated return rank of equity i in the investment universe at t+ 1 and rank190

is the rank function. Finally, this model invests in the top 40 equities with equal weights.

2.3 Futures short model for hedging
Although the equity long model is developed in Section 2.2, if the market crashes and all stocks
go down, the investment will not work well. To solve this problem, an index futures short model
for downside protection is developed based on the following IF-THEN rules and three technical195

indicators.

1. IF X1,t is positive, X+
2,t is positive, or X3,t is positive, THEN the market return is positive.

2. IF X1,t is negative, X−
2,t is negative, or X3,t is negative, THEN the market return is negative.

3. Otherwise, the market return is approximately zero.

where X1,t is a trend variable, X2,t is a Bollinger variable, and X3,t is a moving average convergence200

divergence (MACD) variable defined below.
Firstly, X1,t is defined as follows:

X1,t = L5,t − L25,t,

Ld,t =

∑d
i=1(Pt−i − P̄ )(Di − D̄)∑d

i=1(Di − D̄)2
, Di = d− i, d̄ = (d− 1)/2,

(12)
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where Pt is the index (TOPIX futures) price at t, P̄ is the average price of the past d days, Di is the
number of days ago, and d̄i is the average of di. Then, Ld means the linear regression coefficient
of the following equation.

Pt = a+ bDt + et

Dt = t
(13)

If X1,t is positive (negative), the price is in an uptrend (downtrend).
Secondly, X2,t is defined as following:

X+
2,t = Bol−(Pt−1)− Pt−1,

X−
2,t = Bol+(Pt−1)− Pt−1,

Bol−(Pt−1) = P̄t−1 − 2

√√√√ 1

25

25∑
i=1

(Pt−i − P̄t−1)2,

Bol+(Pt−1) = P̄t−1 + 2

√√√√ 1

25

25∑
i=1

(Pt−i − P̄t−1)2,

P̄t−1 =
1

25

25∑
i=1

Pt−i,

(14)

where X+
2,t (X−

2,t) is the difference between the lower (upper) Bollinger band and Pt−1. This study
uses the 25-day moving average and standard deviation to calculate the Bollinger band. The 25-
day setting is one of the standard settings. If X+

2,t (X−
2,t) is positive (negative), Pt−1 is under (over)205

the lower (upper) Bollinger band and expected to go up (down).
Finally, X3,t is based on the well-known technical indicator called MACD and is defined as

follows:

X3,t = MACDt−1 −
1

α

α∑
i=1

MACDt−i,

MACDt−1 = p̄β1

t−1 − p̄β2

t−1,

p̄βt−1 = βPt−1 + (1− β)p̄βt−2, β = β1, β2,

(15)

where α = 9, β1 = 2/(1 + 12) and β2 = 2/(1 + 26). The choices of these parameters are standard,
as shown in Investopedia. IF X3,t is positive (negative), the MACD indicates that the price will
go up (down).

3 Empirical Analysis210

Section 3 presents an empirical analysis to evaluate the performance of the models introduced in
Sections 2.2 and 2.3.

Concretely, this study compares the following three strategies:

• (i) Index futures buy-and-hold strategy.

• (ii) Equity long model: long-only investment strategy using the model in Section 2.2, which215

is developed with the FF5 factors, GBM and state space model.

• (iii) Equity long and futures short models: long-short strategy using the models in Sections
2.2 and 2.3. Long strategy is the same as strategy (ii) and futures short strategy for hedging
is developed with IF-THEN rules and technical indicators.

Strategy (i) is a baseline strategy, which invests in TOPIX futures and holds for the entire sim-220

ulation period from 01/04/2012 to 12/29/2023. Strategy (ii) is a long-only strategy that invests
in the top 40 equities based on the return ranking model in Section 2.2. The portfolio weight is
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equally distributed among the 40 equities and the portfolio is rebalanced daily. Strategy (iii) is
a long-short strategy that enhances strategy (ii) by incorporating the downside protection model
proposed in Section 2.3. Specifically, this strategy invests in the top 40 equities when the expected225

return of the top 40 portfolio is positive and also the market is expected to go up. Otherwise,
it shorts TOPIX futures. By comparing the performance of the strategies, we can evaluate the
effectiveness of the models in Sections 2.2 and 2.3. Trading costs are set to 1 bp for investing in
futures and 7 bp for an individual stock6. The investment universe consists of TOPIX 1000, from
which approximately 750 stocks with no missing data are selected for this analysis.230

Also, the following evaluation metrics are used:

1. Average return (AR): an annualized average return of the strategy.

AR =
250

T

T∑
t=0

rt. (16)

2. Standard deviation (SD): a risk measure defined as the annualized standard deviation of the
return.

SD =

{
250

T

T∑
t=0

(rt − r̄)2

}1/2

, r̄ =
1

T

T∑
t=0

rt. (17)

3. Sharpe ratio (SR): a risk adjusted return measure defined as the average return (AR) divided
by the SD.

SR = AR/SD. (18)

The results are shown in Figure 2 and Table 5.

Figure 2: Equity curve of each strategy.
6Kudo & Sato [20] revealed that transaction cost in the Japanese equity market had decreased to approximately

7 basis points.
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Table 5: Performance of the strategies
AR SD SR

(i) Index futures buy-and-hold 12.0% 19.5% 0.61
(ii) Equity long model 16.0% 21.3% 0.74
(iii) Equity long and futures short model 19.6% 21.0% 0.93

First, as shown in Figure 2 and Table 5, strategies (ii) and (iii) outperform the baseline strategy
(i) in terms of AR and SR. Especially, strategy (ii) has consistently outperformed the baseline
strategy and strategy (iii) has considerably outperformed during the COVID-19 period.235

Second, to investigate the robustness of our models, the same experiments are conducted for
other periods. Concretely, simulations during the last 5 years (from 01/04/2019 to 12/29/2023)
and 10 years (from 01/04/2014 to 12/29/2023) are shown in Tables 6 and 7, respectively.

Table 6: Performance of the strategies since 2019

AR SD SR
(i) Index futures buy-and-hold 11.3% 18.0% 0.63
(ii) Equity long model 14.7% 20.4% 0.72
(iii) Equity long and futures short model 19.8% 19.8% 1.00

Table 7: Performance of the strategies since 2014

AR SD SR
(i) Index futures buy-and-hold 8.0% 18.9% 0.42
(ii) Equity long model 11.0% 21.0% 0.52
(iii) Equity long and futures short model 15.2% 20.4% 0.75

As shown in Tables 6 and 7, strategy (ii) outperform the baseline strategy (i) in terms of AR
and SR. Moreover, strategy (iii) consistently achieves higher AR and SR regardless of the period,240

which is consistent with the results in Table 5.
Third, to evaluate the advantage of our factor return prediction model based on GBM more

precisely, we compare the performance of strategies (ii) and (iii) with those using the previous
factor returns as predicted factor returns. The results are shown in Table 8.

Table 8: Performance of the strategies using the return from two days ago to the previous day
AR SD SR

(ii) Equity long model 16.0% 21.3% 0.74
(ii)’ Equity long model (without GBM) 12.1% 21.3% 0.57
(iii) Equity long and futures short model 19.6% 21.0% 0.93
(iii)’ Equity long and futures short model (without GBM) 15.9% 21.0% 0.76

Table 8 demonstrates that the strategies (ii) and (iii) using GBM outperform the strategies245

(ii)’ and (iii)’ in terms of AR and SR, respectively. This result indicates that GBM is effective in
enhancing the performance.

Finally, we compare the performance of our strategies with that of typical active mutual funds
for Japanese equities. The mutual funds are selected as follows:

1. We choose top two asset management companies each in public and private investment trusts250

based on assets under management (AUM) as of 04/06/2024. Each asset management com-
pany’s AUM data is disclosed on the Investment Trust Association’s website7.

7https://www.toushin.or.jp/statistics/ (in Japanese)
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2. Next, for each asset management company, we sort Japanese equity mutual funds based on
AUM by using SBI securities’ power search8 as of 04/06/2024.

3. Then, from the sorted funds in each company we select top two AUM active funds which do255

not focus on a specific sector nor high dividend stocks, because our investment strategy is
designed to be applicable to a broad class of individual stocks with large capitalization and
high liquidity enough to be widely used by institutional investors.

Each fund’s performance is calculated based on its net asset value per share data disclosed on its
website. For more practical performance evaluation, the current work adds the evaluation metrics260

AR(Net), SD(Net), and SR(Net), which take management fee and fund distribution into account.
As shown in Tables 9 and 10, our strategies (ii) and (iii) outperform not only (i) futures buy-

and-hold but also the typical active mutual funds in terms of AR and SR.

Table 9: Performance comparison
AR SD SR

(iii) Equity long and futures short model 19.6% 21.0% 0.93
(ii) Equity long model 16.0% 21.3% 0.74
Fund 1 13.0% 19.4% 0.67
Fund 2 12.6% 19.0% 0.66
Fund 3 12.7% 20.6% 0.62
(i) Index futures buy-and-hold 12.0% 19.5% 0.62
Fund 4 11.3% 19.6% 0.58
Fund 5 11.3% 19.7% 0.57
Fund 6 11.3% 20.7% 0.55
Fund 7 9.7% 19.9% 0.49
Fund 8 8.2% 19.8% 0.42

Table 10: Performance comparison including management fee and fund distribution
AR(Net) SD(Net) SR(Net)

(iii) Equity long and futures short model 19.4% 21.0% 0.92
(ii) Equity long model 15.8% 21.3% 0.74
Fund 3 12.7% 20.4% 0.62
(i) Index futures buy-and-hold 12.0% 19.5% 0.62
Fund 1 11.8% 19.4% 0.61
Fund 7 11.5% 19.2% 0.60
Fund 2 11.0% 19.0% 0.58
Fund 4 11.0% 19.4% 0.57
Fund 6 11.6% 20.6% 0.56
Fund 3 10.6% 19.2% 0.55
Fund 5 10.7% 19.6% 0.55

Note: The management fee and fund distribution for strategies (ii) and
(iii) are estimated as a median of the eight representative equity funds.
The baseline strategy (i) is assumed to have no management fee and fund
distribution.

4 Conclusion
This paper has proposed a novel equity investment strategy developed by the effective combination265

of Fama-French five (FF5) factors, AI techniques, and technical indicators. Concretely, it has
8https://site0.sbisec.co.jp/marble/fund/powersearch/fundpsearch.do? (in Japanese)
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extended the well-known FF5 model to predict future returns using a gradient boosting machine
(GBM) and a state space model for an individual stock long (buying) model. In addition, the study
has developed an index futures short (selling) model for downside hedging based on IF-THEN rules
and technical indicators. By integrating these two models, the proposed strategy outperforms the270

baseline strategy (TOPIX futures buy-and-hold strategy) in terms of average return (AR), risk and
Sharpe ratio (SR), and consistently achieves high performance regardless of the period. Moreover,
comparing the performance of our strategies with that of typical equity mutual funds for the
Japanese stocks shows that our strategy outperforms those funds in terms of AR and SR.

However, the current study has some limitations. First, although the proposed strategy adopts275

the FF5 factor model, there exist many other multi factor models. While the model is a de facto
standard for explaining the asset returns, it is not necessarily superior to the others in terms of
investment performance. Thus, applying the proposed methods to other multi factor models may
improve the risk and return reported in this paper.

Second, this study ignores the intervention of the public sector such as the central bank and280

the government, which has significant impacts on the market. For instance, our previous study
Mita & et al. [21] investigated the effect of the Bank of Japan’s (the central bank of Japan) ETF
purchase on the Japanese equity market and found that the ETF purchase has a significant impact
on the market. Thus, by incorporating the effect of such a public sector into the proposed model,
we may improve the strategy’s performance.285
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