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A B S T R A C T

Portfolio optimization is a classic problem in finance, and assumptions are generally accepted about the
stochastic dynamics of prices and market information. The Linear Upper Confidence Bound (LinUCB) algorithm
based on bandit learning is a typical reinforcement learning approach that can be a data-driven approach to
the portfolio problem. Most investors may have inconsistent preferences for different assets; therefore, the
reward function needs to be designed to balance exploration (allocating part of the investment to searching
among other alternative portfolios) and exploitation (concentrating the investment on the historically best
portfolio). The study consists of developing a two-stage investing strategy that uses the supervised adaptive
decision tree approach to build a pool of candidate portfolios and the reinforcement LinUCB algorithm to
derive a portfolio update rule with respect to a specific utility function. The two-stage strategy has been tested
on CSI300 constitute stocks listed on the Shanghai Stock Exchange. The accumulated returns, as well as other
performance measures (e.g., maximum drawdown, Sharpe ratio, and information ratio) at different testing
periods achieved by the model, can well outperform the benchmark index.
1. Introduction

Due to the complexity, nonlinearity, and chaos inherent in the
asset pricing process, portfolio management is considered a challenging
task. Investors have a huge selection of various assets to choose from.
Significant facts must also be considered. The majority of them have
been shown to have some effects on both trade volume and price
volatility. Another deciding aspect of portfolio management is risk
preference. Making a thoughtful and informed investment is, therefore,
quite difficult. A decision algorithm needs to be optimized to select
among several competing options. Each option is associated with a
certain context (historical performance or profile) and reward (possible
profit). When talking to a portfolio advisor, an investor would ask
about things like how risky different assets are and how much the
advisor knows about a specific industry. The portfolio advisor should
respond with a pool of candidate assets. If the idea works and the
investor agrees, both parties receive some reward (profits). As a result,
the sequential decision-making challenge of portfolio selection—a pro-
cess of reinforcing—can be related to a variety of real-world issues,
including news recommendations, clinical trials, and advertising. In
such a process, learners are faced with a trade-off between taking bold
actions (e.g., try stocks with higher volatility) to acquire new knowl-
edge and using existing knowledge conservatively (e.g., keep those
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1 The MAB can be thought of as a family of learning strategies, and the LinUCB used in this work is one of such strategies.

historically good performing stocks) in each trial, which is often called
the exploration–exploitation dilemma (Lavie & Rosenkopf, 2006). This
dilemma originated from the Multi-armed Bandit(MAB) problem1 (May
et al., 2012; Scott, 2010), which is generally known as a single-state
Markov decision process (Fianu & Davis, 2018).

According to the Efficient Market Hypothesis (EMH) (Awiagah &
Choi, 2018), stock price prediction is impossible, and the distribution
of stock prices is random and independent. Many studies, however,
disprove the EMH by demonstrating the long-term memory of stock val-
ues. In the long run, active strategies can outperform passive strategies;
that is, excessive returns can be achieved, or a winner group (e.g., a
group of stocks that outperform the benchmark index on average) can
exist. For instance, Chourmouziadis and Chatzoglou (2016) proposes
an algorithm based on fuzzy logic combined with technical analysis.
The profitability of their model was well above the benchmark at the
Athens Stock Exchange. Most research focuses primarily on devel-
oping an investment portfolio using historical data. However, from a
statistical point of view, the results of many previous studies were
different under different conditions, and their long-term effects are
still unknown. Historical data might not be as helpful as the most
recent data, particularly in a turbulent market. Too much information
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may incur overfitting, worsening the out-of-sample performance of a
predicting model. Investors in the market are consistently overwhelmed
with excessive information and a vast number of choices. They should
be able to combine the expected returns based on past information and
the uncertainty based on current information. This study aims to use the
LinUCB algorithm developed by Auer (2002) to design a strategy that
can dynamically form some optimal portfolios. The strategy will change
the assets in the portfolio based on how the market is doing. This means
that the portfolio that was chosen and worked before could always be
changed. The estimated historical returns predicted by ridge regression
are combined with an unclear margin of extra returns predicted by
LinUCB utilizing real-time pricing information to get the total return.
An empirical hyper-parameter will help balance the two parts of the
returns (Garivier & Moulines, 2011). A system like the one advocated
for is consistent with the well-known anticipated utility theory (Abdel-
laoui, 2002), which favors investments with maximum expected utility
over those with the largest expected returns. Risk-adjusted real-time
(e.g., online) returns can be estimated by the linear UCB algorithm. The
algorithm can serve different investors and continuously update itself
during online learning, which means that the algorithm will gradually
know the market and investors, beside these, its recommendations’
overall performance will also improve.

A pool of potential portfolio candidates must be chosen in advance
to support a sequence of portfolio selections using the LinUCB algo-
rithm. The stock market has flawless historical data, and there are
significant correlations between the stock returns and the data/features
from the stock price and the financial statements of the listed com-
panies (O’Hara et al., 2000). Therefore, we use a popular ensemble
learning algorithm (Liao et al., 2014), a decision tree, to recursively
form a group of portfolios, each meeting two requirements: (1) the
portfolio’s constitute stocks are closely correlated in terms of relevant
features,2 and (2) the performance in terms of stock return and volatil-
ity of stocks in a candidate portfolio is similar. The decision tree model
is trained to produce a large number of portfolio candidates (i.e., a
portfolio means a group of stocks) with better performance than the
market average. The term homogeneous in this context refers to the
idea that stocks within a portfolio have more in common with one
another (i.e., they should have the same fundamentals as those listed
in Table 1 and exhibit similar performance in terms of historical return
and volatility) . In contrast, stocks in different portfolios should not be
all that similar in terms of return, volatility, and other fundamentals.

Meanwhile, the performance of the selected portfolio should be
better, on average, than that of the benchmark, for instance, the local
stock index. Decision trees are often used as base learners in ensemble
learning for classification or regression (Chen, 2011; Sun et al., 2018).
Their success can be explained by the fact that they can make repre-
sentations that are easy for both experts and non-experts to understand
and interpret. In the case of the stock market, data may suffer from
imperfections . For example, features of listed companies can be a
mixture of quantitative and qualitative. A decision tree can easily
handle features of different natures and find some relatively purified
portfolios by aggregating splits based on a decrease in information
entropy.

Therefore, the creation of a decision-tree or CART bagging in par-
ticular (will be explained in more detail in the methodology section),
based candidate portfolio pool, and a LinUCB learning-based portfolio
selection procedure make up the entire system that this study has pre-
sented. Historically, better-performing stocks have been grouped into
different portfolios by some of their features believed to be correlated
with their future performance . These pre-selected portfolio candidates
are chosen one at a time based on both their past performance and

2 The features would contain information related to stock returns and
heir fundamentals. The economic implications of selected features would be
xplained in details in Data and Experiments section.
2

Table 1
List of features that are used in forming the portfolio.

Name Economic implications Source literature

QRR Quantity Relative Ratio:(Total
number of lots traded∕Current
cumulative open time
(min))∕Average volume per
minute over the past 5 days

Ge et al. (2016)

DV-TTM Dividend Yield Ratio (Trailing
Twelve Months): Dividends per
share∕Current share price for the
last 4 quarters

Phan et al. (2015),
Lemmon and
Nguyen (2015)

NPG Net Profit Growth: The profit that
the company generates after
accounting for all its expenses

Yadav et al. (2022)

EM Equity Multiplier: The portion of
a company’s assets that is
financed by stockholder’s equity

Karolyi and Wu
(2018)

PE Price Earning Ratio: The ratio of
a company’s share price to its
earnings per share.

Bagella et al. (2005)

NAVPS Net Assets Value Per Share(year
over year): Annual increase in net
assets per share∕Net assets per
share at beginning

Cen et al. (2017),
Mama (2018)

TR Turnover Rate: Trading volume of
last quarter/total shares
outstanding (lots)

Xiao and Kong
(2012)

*The correlation to investment return is an average value of correlation coefficients
between return series and the indicator series. In case when two series are not of same
frequency, the return series were sampled to facilitate the estimation.

current information, as well as on the risk preferences of investors. The
system is expected to automatically provide suitable recommendations
to either institutional traders or individual investors according to the
LinUCB algorithm. The strategy generated by the proposed model can
be more aggressive than typical mean–variance analysis since it takes
into account the unidentified risk associated with volatile stocks.

The rest of the paper is organized as follows. Section 2 reviews the
relevant research and summarizes our contribution to the literature.
Section 3 presents the methodology, describing how decision tree and
LinUCB bandit learning are adapted and combined to form a two-
stage model that could learn to fit investors’ preferences. Section 4
presents the results of our testing experiments on stocks listed on CSI
300. Section 5 comments on the direction of future work and offers
conclusions.

2. Related literature and contribution

We focus on previous works that have influenced our research in
this section. There has been a substantial amount of published research
on the use of ensemble learning and reinforcement learning techniques
in a variety of applications, including portfolio management.

2.1. Reinforcement learning: LinUCB and multi-armed bandit

For one class of adaptive optimal control problems, Sutton et al.
(1992) first developed the reinforcement learning method (Q-learning)
and showed its analytically proven efficiency. Almahdi and Yang (2017)
put forth a coherent risk-adjusted performance objective function and
a recurrent reinforcement learning method, demonstrating how the
suggested portfolio trading system consistently outperforms hedge fund
benchmarks. The majority of the latter research (Aboussalah & Lee,
2020; Dempster & Leemans, 2006; Gorse, 2011; Huo & Fu, 2017)
heavily used reinforcement learning when developing decision-support
systems for asset allocation and portfolio management.

An example of a typical reinforcement learning issue is the Multi-
Armed Bandit (MAB), which is described as a sequential decision model
that must continuously select one action from a group of actions, or
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arms. In their comprehensive evaluation of 1327 articles published
since 2000, Silva et al. (2022) assess the relevance of MAB-based
recommendation techniques to problems with recommender systems.
However, asset allocation and other fields pertaining to investments
have only very infrequently seen the application of LinUCB or MAB.3
In a multi-armed bandit scenario, Sani et al. (2012) introduced risk
aversion and defined the risk of a learning algorithm as the variability
of the rewards sequence. Vakili and Zhao (2016) applied UCB and DSEE
policies and defined a finer measure of regret in terms of a commonly
used mean–variance risk measure in mathematical finance. Zimin et al.
(2014) defined the LCB algorithm (the variant of UCB) that takes into
account a risk measure that is a linear combination of the mean and
the square root of the variance achieves desirable performance under
specific circumstances. They also set the measure of goodness of an arm
to be a function of the mean and the variance. An application of MAB
on S&P 500 stock data was made by Huo and Fu (2017). In addition,
they used social network analysis, using vertices to represent the stocks
(nodes) and edges to show interactions between them. Regarding the
centrality in graph theory, the K vertices with the smallest degree of
periphery are selected for the candidate portfolios.

2.2. Ensemble learning: CART bagging

Due to its flexibility and efficiency in extracting meaningful in-
formation content from a vast range of features, bagging has been
frequently used as a general-purpose learning method (Jordan et al.,
2017; Shen et al., 2019; Yin, 2020) for portfolio management or
asset allocation challenges. In Suzuki and Tanaka (2014), predicted
values from the bagging method are combined to create a probability
distribution. They obtain good accuracy with relatively little risk in
their modeling of Japanese stocks. According to Jordan et al. (2017),
when portfolio weights are regulated, bagging generally increases fore-
cast accuracy and produces obvious economic improvements relative
to the benchmark. Meanwhile, bagging has reportedly demonstrated
excellent performance in producing reliable clustering solutions. Buh-
mann and Fischer (2003) use bagging to path-based clustering on a
sizable set of image data. The potential alternative method put forth
by Liu and Song (2017) enhanced the prediction of the S&P 500 index
by integrating a few weak artificial neural networks with optimal
bagging. According to Shi et al. (2009), the bagging ensemble signifi-
cantly improves bankruptcy prediction. By integrating the advantages
of boosting and bagging, Yang and Jiang (2016) presented a unique
hybrid sampling-based clustering ensemble.

2.3. Contribution to literature

Due to the primary limitation that the cited research works only
select the best single machine to play at each trial, they are not
immediately applicable to our problem. The previously mentioned
research acts as our source of inspiration as we carefully analyze the
issue of asset allocation or portfolio management in the model. In the
early stage, a selection of possible portfolios has been made to address
this issue strategically and logically. Subsequently, these candidate
portfolios are chosen to reflect the shifting market circumstances. Our
study suggests a model that is marginally more aggressive than the
mean–variance approach.

The novelty of our paper mainly related to the methodology, i.e., we
chose candidate portfolios sequentially from a pre-selected basket in-
stead of picking individual stocks. The developed LinUCB searching
method is used to determine the sequence as well as the weights of
constitute stocks, and bagging is used to build the basket.

3 Among 230 most relevant studies conducted by Silva et al. (2022), none
f them is reported in the field of portfolio management or general investment.
3

Both methodological developments and algorithmic insights can be
seen in our solution. We put into practice a context-based MAB algo-
rithm with a linear utility function that takes asset volatility and return
into account. Exploration and exploitation trade-offs naturally connect
to the traditional return–risk balance in portfolio selection. Numerous
utility functions have been documented in the literature as solutions
to the problem. In our study, expected return represents exploitation,
while volatility represents exploration. The LinUCB model helps us get
high performance in a market that is uncertain and changing, without
having to explicitly define a utility function, which is hard to do for
most portfolio management problems.

3. Methodology

Bandit learning is a reinforcement learning algorithm that can
deal with the exploration and exploitation dilemma. It has, therefore,
natural applications to portfolio management issues (Gutowski et al.,
2021). In this paper, we present a bandit algorithm for selecting a
series of portfolios (i.e., a portfolio at a time, from a pool of candidate
portfolios). The optimal portfolio strategy represents a combination of
passive and active investment in line with a mean–variance trade-off
or exploration–exploitation dilemma. The idea is to find a series of
portfolios that can ensure sub-optimized returns based on their past
performance while exploring new opportunities that might give high
returns in the future. According to the UCB algorithm, each portfolio
candidate, also known as an arm, should achieve higher average payoffs
— i.e., exploit its past performance to select the arm that did best (Shen
et al., 2015). Meanwhile, due to the imprecision in the estimation of
payoffs for any portfolio, we could also explore by choosing portfolios
with good potential to do well in the future. Obviously, exploration
may increase short-term regret or mistakes by choosing a suboptimal
portfolio . However, combined with exploitation, exploration can re-
duce long-term regret. generally, a balanced trade-off would surely
outperform either pure exploitation or exploration.

Silva et al. (2022) summarized that bandit learning is typically used
to recommend products or services, but its application to investment is
still limited. Our study proposes a non-standardized MAB learning algo-
rithm, as some unique features of stock portfolios make this application
a bit different from ordinary bandit learning. The major distinctions are
as follows:

1. The original MAB got its name from a gambling thought ex-
periment in which a player has to choose from a number of
slot machines with different payouts. These machines appear
to perform independently of one another. The performances of
stocks, on the other hand, are strongly linked because they all
face the same systematic risk or market risk.

2. The portfolio management problem requires a group of sub-
optimal assets at a time, whereas the original MAB learning
simply selects the best choice at a time.

3. When MAB is used for product recommendations, unpicked
products cannot receive customer feedback. Similarly, unpicked
jackpot machines cannot be operated by anyone. However, the
price of stocks and the fundamentals of companies are constantly
changing and always available to the general public because
stocks are traded by such a large number of individuals in a
liquid market.

3.1. Tree based portfolio

The decision tree is commonly used in operations research and
machine learning (Somvanshi et al., 2016). It is non-parametric and
can handle both continuous and nominal variables. A decision tree can
generate interpretable classification rules and is particularly attractive
for this study because investors need an explicit explanation of certain

investment decisions. The decision tree allows investors to explore
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features that could materially affect their decisions in allocating their
assets. Its simple structure and inherent ease in interpreting a set of
choices (based on several features) make it very popular in a broad
range of applications (Chang et al., 2018; Xia et al., 2017). In the
case of classification, each internal node represents a binary split on
an attribute(e.g., whether the company’s PE ratio is larger than 20);
each branch represents the condition of the test; and each leaf node
can be represented by a class label with conditional probabilities, or a
group of samples with certain impurity measures, such as information
entropy or the Gini index (Liu et al., 2017; Zheng & Wang, 2018).

We aim to find a number of winning/sub-optimal stock combina-
tions/portfolio candidates. These portfolio candidates can be either
mutually exclusive or overlapping, which means that professionals,
who are supposed to make an experienced selection of outperforming
assets from a common pool despite having different perspectives and
considerations, should also reach some agreement by picking similar
stocks. Therefore, the original algorithm of the decision tree needs to
be modified. In any non-terminal node, it is used to perform a binary
split with a specific attribute 𝑓𝑖 and an associated split value 𝑣𝑓𝑖 . In a
raditional approach, data belonging to that node will be split into two
eaf nodes without any overlap. In order to mimic the real scenario, the
riginal splitting rule is modified to be more adaptive, as explained in
he following three settings:

plitting criterion Given that Table 1 identifies and specifies a total
of nine characteristics, we need to build a method that can be
utilized to select the feature that leads to the highest gain in
purity (for example, the Gini index) prior to completing the
splitting. Each portfolio has a discrete utility label to help with
the Gini index computation. We suggest using the mode of stock
quantiles to figure out the discrete utility label for a certain
node. Detailed descriptions will be provided afterward .

topping criterion This criterion is used to prevent overtraining.
Apart from the requirement of purity – that is, the Gini index
calculated by the label value of stocks assigned to the node
should be smaller than a threshold 𝐺∗ – the stocks in the port-
folio should achieve appropriate utility simultaneously. Since
there is no benchmark to suggest the best achievable utility of
a portfolio with a given number of stocks, we propose that any
portfolio candidate have a minimum number 𝑚𝑖𝑛𝑎𝑠𝑠𝑒𝑡 of assets
and a lower bound of historical average utility 𝑢𝑙𝑏. A leaf node
is considered terminal if the number of assets classified to that
node is equal to or less than 𝑚𝑖𝑛𝑎𝑠𝑠𝑒𝑡 or their average utility is
equal to or less than 𝑢𝑙𝑏. The lower bound utility and minimum
number of assets are determined empirically.

verlapped splitting When the utility of the portfolio before splitting
has already been satisfied, we should consider a non-binary
split because successful investors may have some commonalities
in their choice of investments. The assemblage of assets is of
exceptional quality, according to the economic implications. Be-
cause the algorithm indicates that more splitting will make the
utility go up, we split, but we keep some overlap. The amount
of overlap should correspond to the utility level attained. We
assume that the quantile of utility 𝑞(𝑢) measures the percentage
of utilities less than 𝑢 for the given period, and the level of the
overlap can be controlled by 𝜉(𝑢) = 1 − 𝑞(𝑢). Thus, the original
split e.g., 𝛾 > 𝑣 and 𝛾 < 𝑣 — is replaced by 𝛾 ≥ 𝜉(𝑢)𝑣 and
𝛾 < (1 + 𝜉(𝑢))𝑣

The classic decision tree algorithm is a family with several similar
lgorithms, such as ID3, C4.5, and CART (Sharma & Kumar, 2016).
ince the data collected from the real-time market and financial state-
ents is more likely to be continuous, and the distribution of the

alue of these continuous variables may always be far from normal
istribution, ID3, as well as its extension, C4.5, may not be very suitable
4

ue to the high possibility of missing values and model overfitting. In
his study, we apply CART (Ozturk et al., 2016) for choosing portfolio
andidates. The end leaf nodes with low Gini values and higher utility
an be treated as appropriate nodes with qualified portfolio candidates.

Each sample stock was assigned an utility score estimated by a
inear sum of its past average return and associated volatility in the
orm of standard deviation. The setting of risk aversion coefficient and
ime horizon for utility estimation is explained in Section 4.2. Each
tility score is further discretized according to its quantile and serves
s the label for each stock (e.g., the stock whose past utility score is
ithin best 10% of the stocks in the whole pool is labeled 1. The stock

s labeled 2 if its utility is within the 10% − 20% range, etc.)
After training, the stocks are ‘‘grouped’’ by the end nodes of the

rained CART. Conventionally, the performance of a portfolio as a
hole cannot be calculated as the linear sum of its constituent stocks’

ndividual performances because excellent stock performance may be
ffset by bad stock performance, resulting in an average performance
or a portfolio with both good and bad stocks. However, for a group of
ood-performing stocks with similar fundamentals, we can assume their
eturn patterns are highly correlated (i.e., the correlation coefficient is
lose to 1), and consequently the utility can be approximated by a linear
um. Therefore, we define the utility of the portfolio as the linear sum of
he utilities of its constituent stocks . The losing nodes have a group of
‘underperforming’’ stocks that under-perform 50% of the best stocks,
nd have a high Gini index, which means there are very few better
erforming stocks in the group. Branches leading to such nodes are
runed during and after training for high computational efficiency. The
inning nodes have a group of stocks with a lower-than-average label
alue (e.g., higher utility in the past) and a low Gini index for the group.
he threshold value of the Gini index and label value is set empirically.
he optimal sequence of decisions along a specific route can be found
y starting from a successful end node and rolling backward to the root
f the decision tree. In this study, we do not focus on the features and
heir values that can identify those winning stocks. The pool of features
s chosen according to recommendations from the literature . This will
e addressed in detail in the experiment section.

As mentioned, we need some overlap between different portfolio
andidates, as it would not only address the agreements in selecting
tocks among different investors but couldalso be useful in controlling
ransaction costs and slippage (Lo & Remorov, 2017). In addition to
sing a soft threshold value in each split at non-end nodes in each
ART, we use multi-CART to form a bagging strategy that allows a
arallel calculation to generate a number of homogeneous portfolio
andidates. For the UCB algorithm, more candidates mean the algo-
ithm has more options available. However, we ought to make sure all
hese options are satisfying. We, therefore, choose the best 30 portfolios
or the candidates pool.

The flowchart of proposed tree based learning is shown in Fig. 1.
n order to maintain high efficiency during the learning process, post-
runing (Ahmed et al., 2018) is performed on each non-terminal node.

.2. Contextual bandit searching

A context-based UCB framework should be appropriate for address-
ng the challenges of online portfolio management. The optimality
s defined with respect to the best achievable utility. The contextual
nformation includes a desired return history of the portfolio(s) together
ith associated risk.

As one of the most popular extensions of the multi-armed bandit
roblem, the most basic example of contextual bandits is the Lin-
ar Upper Confidence Bound (LinUCB) algorithm, which has 𝐾 arms

that represent 𝐾 portfolios and time steps 𝑡 = 1, 2,… ,𝑀 , indicating
that each portfolio 𝑘 receives a return 𝑅𝑘(𝑡) at each time step 𝑡 =
1, 2,… ,𝑀, 𝑘 ∈ {1, 2,… , 𝐾}. The objective of bandit learning in this
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Fig. 1. The flowchart of proposed tree-based learning that generates portfolio
candidates.

paper is to choose a series of portfolios, one for each time, with a
minimized pseudo-regret after 𝑀 periods defined as follows.

1
𝑀

𝑀
∑

𝑡=1

(

𝑅𝑘∗𝑡
(𝑡) − 1

𝐾

𝐾
∑

𝑘=1
𝑅𝑘(𝑡)

)

(1)

where 𝑘∗𝑡 represents the best 𝑘 among 𝐾 portfolios at each time 𝑡. We
also assume that the return 𝑅𝑘(𝑡) of each portfolio 𝑘 linearly depends on
𝑑−dimensional features 𝑋𝑘,𝑡, which can be assumed to be the returns of
𝑑 component assets (i.e., different stocks) in portfolio 𝑘. The expected
payoff of the portfolio returns can be shown as the linear combined
returns of each asset in the past 𝑚 days (i.e., the time interval used in
this paper).

𝑅𝑘(𝑡) = 𝐸[𝑟𝑘(𝑡)|𝑊𝑘] =
1
𝑚

( 𝑡
∑

𝜏=𝑡−𝑚
𝑋𝑘,𝜏𝑊𝑘

)

(2)

where 𝑊𝑘 is a 𝑑 × 1 unknown weighting vector,4 and the 𝑋𝑘,𝑡 is an
𝑚 × 𝑑 return matrix that contains information about 𝑑 component
assets over the period 𝑚. Here, we assume that the weighting vector
is time-invariant for a reasonably short period with a length of 𝑚,
namely, the minimum forming period (MFP). The length of the MFP
is adjustable according to market conditions and the preferences of
investors. If the market conditions change dramatically, a short MFP
would be appropriate. During volatile market circumstances, investors
should not hold the same position for a long period of time. If the
market is steady, as in the case of normal economic growth, investors
should avoid frequently changing their positions, and, therefore, a
longer MFP is preferable. However, the MFP should not be too long

4 The weighting vector 𝑊𝑘 for portfolio 𝑘 may change subject to investors’
trading activities. The change may happen aperiodically. During the short time
period 𝑡 = 1, 2,… , 𝑚, the 𝑊𝑘 is assumed to be a constant since frequent changes
in investment weights would be inappropriate and incur higher transaction
costs.
5

because market movements are not regular, and a long MFP means
that huge compromises will have to be made to deal with the market’s
volatility. A short MFP can well reflect the recent changes in the market
(at least for the chosen stocks).

Investors’ risk preferences also vary and should be addressed in their
portfolios. For example, an aggressive investor might want to review
and/or update the portfolio more frequently than a relatively more
conservative investor. Furthermore, due to risk preference, instead of
maximizing the expected payoff, we should maximize utility, which
includes both the expected return 𝑅𝑘(𝑡) and a risk-regulation term 𝜂𝛼𝛶𝑘.
Here, we assume that risk 𝛶𝑘 is independent for different portfolio
𝑘, although, in the long term, the stock prices will be subject to the
same systematic/market risk, and in a relatively short period, the
effects of diversification are not very significant. Following the setting
of Zimin et al. (2014), which considers a risk measure that is a linear
combination of the mean and variance, where both summands are of
the same order. We replace 𝑊 𝑇

𝑘,𝑡𝛬𝑘(𝑡)𝑊𝑘,𝑡 with 𝛶𝑘(𝑡)𝑊𝑘,𝑡, where 𝛬𝑘(𝑡)
is the correlation matrix and the 𝜐𝑘(𝑡) are the values on its diagonal
— the standard deviation of 𝑘 stocks. This is a natural variant of the
mean–variance optimization and is a continuous function of the mean
and the variance. Here, 𝑊𝑘,𝑡 is a fixed weight vector 𝑊𝑘 over an MFP
terminated at time 𝑡. The effects of diversification can be factored into
the risk-regulation process.

𝑈𝛼,𝑘,𝑡 = 𝑈 [𝑅𝑘(𝑡), 𝛶𝑘(𝑡), 𝜂𝛼] = 𝑟𝑘(𝑡)𝑊𝑘,𝑡 − 𝜂𝛼𝛶𝑘(𝑡)𝑊𝑘,𝑡

=
(

𝑟𝑘(𝑡) − 𝜂𝛼𝛶𝑘(𝑡)
)

𝑊𝑘,𝑡
def
= 𝐷𝛼,𝑘,𝑡𝑊𝑘,𝑡

(3)

where 𝜂𝛼 is a coefficient for the risk preference of investor 𝛼 and
is an empirical input. In most empirical applications (Bodnar et al.,
2018; Zimin et al., 2014), the choice of risk preference is performed
heuristically. In our study, since the nature of bandit learning is more
aggressive than the risk aversion strategy, we fixed its value (i.e. 𝜂𝛼 = 2)
before have tried a few different settings.5 Since risk preference is fixed
in our experiment, we therefore use 𝑈𝑘,𝑡, 𝐷𝑘,𝑡 instead of 𝑈𝛼,𝑘,𝑡, 𝐷𝛼,𝑘,𝑡. The
expected payoff 𝑅𝑘(𝑡) in Eq. (2) is replaced by utility 𝑈𝑘,𝑡. The pseudo-
regret will accordingly be the difference between the actual averaged
utility and the best attainable utility: 𝑈𝑘∗ ,𝑡 = 𝐷𝑘,𝑡𝑊𝑘∗ ,𝑡 with the optimal
𝑊𝑘∗ ,𝑡,

𝑊𝑘∗ ,𝑡 = arg max
𝑊𝑘∗ ,𝑡

(

𝐷𝑘,𝑡𝑊𝑘,𝑡
)

(4)

where 𝐷𝑘,𝑡 is an 𝑚× 𝑑 observation matrix representing the information
matrix 𝑋𝑘,𝑡, the optimal 𝑊𝑘∗ (𝑡) with a unit limit ∑𝑊𝑘(𝑡) = 1 that could
easily be estimated by linear programming or by using some empirical
settings. In order to test the performance of our proposed model, we
need the best attainable utility 𝑈𝑘∗ ,𝑡 to calculate the largest pseudo-
regret. At the beginning of learning, as each portfolio should have an
initial weight setting for capital allocation, the 𝑊𝑘∗ (𝑡) calculated by the
data of the first MFP serves as the initial 𝑊 ∗

𝑘 (0) for each 𝑘.
In fact, the performance of different assets could be very similar over

a short period due to some common factors. For instance, two similar
listed companies may respond similarly in their stock prices when
they are influenced by the same impact. Their returns and changes of
returns, as well as their risk preference, could be the same. Therefore,
𝐷𝑇

𝑘,𝑡𝐷𝑘,𝑡 may not be invertible. In order to avoid such an ill-posed
problem, we use 𝐿2 regularization (i.e., ridge regression).

5 We have tried a few different values of 𝜂𝛼 (around the averaged value of
2). The experimental results show that the overall performance of the strategy
with different risk reference settings can achieve satisfying returns against
the benchmark index, although the averaged utility would be different. The
purpose of this study is to verify that people with different risk attitudes can
use this strategy.
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Fig. 2. The time-line alone which the proposed Contextual-Bandit Learning strategy chooses portfolio candidates.
Applying ridge regression to the given training input (𝐷𝑘,𝑡, 𝑈𝑘,𝑡),
where utility 𝑈𝑘,𝑡 are the best possible utility conditioned on corre-
sponding 𝐷𝑘,𝑡 and weighting vector 𝑊𝑘(𝑡), we can define a pseudo-
regret based loss function according to Eq. (3):

𝑙𝑜𝑠𝑠 = (𝑈𝑘,𝑡 −𝐷𝑘,𝑡𝑊𝑘(𝑡))𝑇 (𝑈𝑘,𝑡 −𝐷𝑘,𝑡𝑊𝑘(𝑡)) + 𝜆𝑊𝑘(𝑡)𝑇𝑊𝑘(𝑡) (5)

where 𝜆 is a Lagrange multiplier that gives an estimate of weighting
vector

𝑊̂𝑘(𝑡 + 1) = (𝐷𝑇
𝑘,𝑡𝐷𝑘,𝑡 + 𝐼𝑑 )−1𝐷𝑇

𝑘,𝑡𝑈𝑘,𝑡 (6)

where 𝐼𝑑 is a 𝑑−dimensional identity matrix, and 𝑈𝑘,𝑡 is an 𝑚 × 1
vector. Eq. (3) can be treated as an estimation of utility 𝑈𝑘,𝑡 of a
selected portfolio 𝑘 based on its current weighting vector 𝑊𝑘(𝑡) and
market observation 𝐷𝑘,𝑡. Therefore, the model input 𝑈𝑘,𝑡 in Eq. (6) will
contain some new information (e.g., future returns of component stocks
in portfolio 𝑘). We assume that the new information is collected for
𝑛 consecutive time steps after the point of training 𝑡, or we define 𝑛
as the minimum testing period (MTP). Intuitively, the length of the
MTP should be less than that of the MFP, 𝑛 < 𝑚, as learning should be
sufficient and use more information than testing. Therefore, the 𝑚 × 1
vector 𝑈𝑘,𝑡 will contain all of the new information with the length of
𝑛(𝑛 < 𝑚) steps (e.g., 𝐷′

𝑘,𝑡) together with some old information. For
example, if 𝐷𝑘,𝑡 is assumed to contain old information (e.g., 𝐷̃𝑘,𝑡 ∈ 𝐷𝑘,𝑡)
during a time period {𝑡−𝑚, 𝑡−𝑚+1,… , 𝑡−2, 𝑡−1}, and 𝑡 is the starting
point for testing, as well as for online learning, then 𝑈𝑘,𝑡 will contain
information during the time period {𝑡 + 𝑛 − 𝑚, 𝑡 + 𝑛 − 𝑚 + 1,… , 𝑡 + 𝑛 −
2, 𝑡 + 𝑛 − 1}.

The parameter estimation of ridge regression can be done by the
Bayesian point estimate that the posterior distribution of the coefficient
vector 𝑝(𝑊𝑘(𝑡 + 1)) should be Gaussian with mean 𝑊̂𝑘(𝑡 + 1) and
covariance (𝐷𝑇

𝑘,𝑡𝐷𝑘,𝑡 + 𝐼)−1; so does the distribution of weighted utility.

𝑝(𝑊𝑘(𝑡 + 1)) ∼ 𝑁
(

𝑊̂𝑘(𝑡 + 1), (𝐷𝑇
𝑘,𝑡𝐷𝑘,𝑡 + 𝐼𝑑 )−1

)

𝑝(𝑋𝑘(𝑡)𝑊𝑘(𝑡 + 1)) ∼ 𝑁
(

𝑋𝑘(𝑡)𝑊̂𝑘(𝑡 + 1), 𝑋𝑘(𝑡)(𝐷𝑇
𝑘,𝑡𝐷𝑘,𝑡 + 𝐼𝑑 )−1𝑋𝑇

𝑘 (𝑡)
) (7)

for any 𝛿 > 0, the inequality follows could be a UCB for the expected
payoff of portfolio 𝑘, with probability at least 1 − 𝛿,

|𝑋𝑘(𝑡)𝑊̂𝑘(𝑡 + 1) − 𝐸[𝑈𝑘,𝑡]| ≤ 𝛽
√

𝑋𝑘(𝑡)(𝐷𝑇
𝑘,𝑡𝐷𝑘,𝑡 + 𝐼𝑑 )−1𝑋𝑇

𝑘 (𝑡) (8)

where 𝛽 = 1+
√

ln(2∕𝛿)∕2 is a constant,6 which is a measure of optimism
or how tight the UCB for the expected payoff of portfolio 𝑘.

The information contained in an 𝑚 × 𝑑 input matrix 𝐷𝑘,𝑡 consists
of portfolio returns, variance, and investors’ risk preference during the
last MFP, while the 𝑛 × 𝑑 matrix 𝑋𝑘(𝑡) has the information on recent
returns, variance, and risk preference. The sample size 𝑛 could be any

6 The constant, which also refers to the Chernoff–Hoeffding Bound, is used
to bound the probability that some function of many small random variables
falls in the tail of their distributions or far from their expectations. The
usefulness of the value has been empirically proved by many applications.
6

value between 1 and 𝑚. The UCB portfolio selection strategy can be
derived as follows:

𝑘∗ = argmax
𝑘∈𝐾

(

𝑋𝑘(𝑡)𝑊̂𝑘(𝑡 + 1) + 𝛽
√

𝑋𝑘(𝑡)(𝐷𝑇
𝑘,𝑡𝐷𝑘,𝑡 + 𝐼𝑑 )−1𝑋𝑇

𝑘 (𝑡)
)

(9)

Based on information 𝑋𝑘(𝑡) collected in time 𝑡, the optimal portfolio
candidate 𝑘∗ is selected in time 𝑡 + 1. The new portfolio will then be
maintained for another 𝑛 days, during which both the stocks in the
portfolio 𝑘∗ and stocks in other portfolios 𝑘(𝑘 ≠ 𝑘∗) will generate new
returns and corresponding utilities. According to the proposed bandit
learning algorithm, the parameter 𝑊 , related upper bond values, and
optimal 𝑘∗ will also be re-estimated after each 𝑛 times. Therefore, the
algorithm is, indeed, an online learning approach (see Fig. 2).

The pseudo-code of contextual-bandit learning is illustrated as fol-
lows. The adjustable parameter 𝜂 refers to the risk attitude of a given
investor, and 𝑚, 𝑛 are two time constants. In this study, we use 𝜂 = 2,
𝑚 = 20 and 𝑛 = 15, which could generate fairly long-term good
performance. In the experiment section, the backtesting7 outcomes
using data from the Chinese A share stock market have been displayed
and analyzed.

Algorithm 1 Contextual-Bandit Learning Approach
1: Initialize:
2: 𝑊̂𝑘 ← 𝑊 ∗

𝑘 for each portfolio 𝑘 {For the first 𝑚 periods}
3: 𝑘∗ = argmax

𝑘∈𝐾
𝐷𝑘(𝑡)𝑊𝑘(𝑡)

4: Main Loop:
5: while termination condition is not satisfied
6: for each 𝑘 ∈ 𝐾
7: 𝐷𝑘,𝑡 = 𝑟𝑘(𝑡) − 𝜂𝜐𝑘(𝑡) {𝜂 depends on investor}
8: 𝑋𝑘(𝑡) ←

∑𝑡+𝑛
𝑖=𝑡 𝑟𝑘(𝑖) − 𝜂𝜐𝑘(𝑖)

9: 𝑈𝑘,𝑡 ← 𝑋𝑘(𝑡)
⋃

𝐷̃𝑘,𝑡 {𝐷̃ is last 𝑛-out-of-𝑚 previous 𝐷}
10: 𝑊̂𝑘(𝑡 + 1) = (𝐷𝑇

𝑘,𝑡𝐷𝑘,𝑡 + 𝐼𝑑 )−1𝐷𝑇
𝑘,𝑡𝑈𝑘,𝑡 {Update each candidate}

11: end for
12: 𝑘∗ = argmax

𝑘∈𝐾

(

𝑋𝑘(𝑡)𝑊̂𝑘(𝑡 + 1) + 𝛽
√

𝑋𝑘(𝑡)(𝐷𝑇
𝑘,𝑡𝐷𝑘,𝑡 + 𝐼𝑑 )−1𝑋𝑇

𝑘 (𝑡)
)

13: Record portfolio performance by candidate 𝑘∗

14: 𝑡 = 𝑡 + 1
15: end while

3.3. Two-stage process

The model starts with a tree-based algorithm that is used to form a
number of candidate portfolios based on various economic indicators
and the market performance of individual stocks. The second stage
of the model is to dynamically select a series of portfolios after each
pre-fixed time interval based on LinUCB online searching. We update
the pool of candidate portfolios each season (i.e., every three months)
since the stocks we intend to invest in ought to have strong funda-
mentals. Every three months, their financial statements also provide

7 The standard technique for determining how well a strategy or model
would have performed ex-post is backtesting. Through the use of previous data,
backtesting determines whether a trading technique is viable. If backtesting is
successful, traders and analysts might feel confident using it in the future.
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the most recent value for economic indexes. The most up-to-date value
of economic indicators from their financial statements is also available
every three months. In the second stage, the LinUCB learning approach
is executed after every minimum testing period (MTP). The length of
the MTP, as well as a few other parameters, will be valued on a trial-
and-error basis and in terms of some empirical prior knowledge. The
explanation in further detail can be found in Section 4’s examination
of our trials.

4. Data and experiments

4.1. Data and features

The economic prognosis of a particular industry, historical trade
data on the assets, as well as thoroughly researched financial indicators
in literature, are important aspects or features that contribute to the
effectiveness of investments. These theoretically important features
should be used in conjunction with the decision tree8 to find high-
performing stocks. Consistent with the literature, the features listed in
Table 1 are included in our study.

These indicators are useful in measuring companies’ short-term
development and the trend of their stock prices. We investigate re-
search reports produced by the top six securities in China: Guotai
Junan Securities (www.gtja.com), Bohai Securities (www.ewww.com.
cn), Soochow Securities (www.dwjq.com.cn), China Merchants Secu-
rities (www.newone.com.cn), Northeast Securities (www.nesc.cn), and
Huatai Securities (www.htsc.com.cn). Among the seven influential indi-
cators quoted in Table 1, four are financial quality indicators (quantity
relative ratio, dividend yield ratio, net profit growth rate, and equity
multiplier), and the other three are volume and price indicators (price
earning ratio, net assets per share, turnover rate).

In the stock market, the most important indicator for investors is
the stock return information, which is closely related to the follow-up
market trend of the stock to a large extent. Volatility is another concern
as it describes the risk of keeping expected returns. Therefore, we use
the utility attributes defined in 𝐸(𝑟𝑘(𝑡))− 𝜂𝛶𝑘(𝑡) as the label attribute of
the sample set. Since the values of the daily return and its volatility over
a given period are continuous, and the label attribute must be a discrete
value, we need to discretize the utility attribute. We define the returns
attribute by 𝑟𝑘(𝑡) = log(𝑃𝑘(𝑡)∕𝑃𝑘(𝑡−1)), where 𝑃𝑘(𝑡) represents the closing
price of stock 𝑘 in period 𝑡. 𝐸(.) and 𝛶𝑘(𝑡) represent the average return
and its standard deviation over 3 months. Since the value of the daily
return is bounded in the Chinese stock market (i.e. the intraday trading
of a given stock would be suspended for the rest of the day if its return
reaches 10% or -10%.), the average return and standard deviation are
also bounded. We, therefore, may rank the values of the utility of each
stock in an ascending order and divide them into ten separate folders
(i.e., 1, 2,… , 10) for their label attributes.

We build the portfolio and use a 15-day (MTP) adjustment scheme
to update the weight online while backtesting. In the trial period from
2013 to 2020, the historical data will be backtested. We compare the
model’s performance with that of other benchmark portfolios in order
to determine whether the model developed in this research is efficient
and capable of mitigating the risk of market rotation . First, the CSI
300 index, which aims to reflect the overall performance of the China
A-share market and consists of the 300 largest and most liquid stocks in
terms of market capitalization.9 Second, a historically optimal portfolio
that performed the best in terms of returns and volatility during the
previous MFP.

8 The decision tree can also be used to determine how these important
eatures relate to stock performance. This will be used in subsequent research
ecause it is outside the purview of the current study.

9 Since the index is composed according to the general performance of each
onstituent stock, we treat the value of the index as the value of the portfolio.
7

4.2. Modeling and results

According to the research design proposed by our algorithm, stocks
in the candidates’ pool are grouped/clustered (into several portfolios)
by CART bagging. The chosen portfolios that satisfy the following
criteria are kept. First, all of the stocks in the portfolio share a high
degree of similarity in terms of both descriptive and label character-
istics (e.g., level of utility). Second, each portfolio ought to be a
winning combination when looking at past performance. That is, the
stock portfolio with a bad track record should be pruned during the
learning process. The maintained portfolio ought to have a low Gini
index value, indicating that the majority of its stocks have similarly and
consistently achieved profitable results . Third there is a predetermined
amount of stock overlap/dislocation between portfolios.10 This reduces
some transaction costs and the slippage effect and gives the portfolios a
certain amount of stickiness. The CSI 300’s component stocks are used
to create the stock samples. The WIND database and statistics from the
literature are used to determine the descriptive characteristics of each
stock sample.

During the learning process, we use a dislocation/overlap ratio
parameter 𝜉 = 0.02 and the maximum depth of each CART = 5. One
f the trained CARTs is shown in Fig. 3. From these trained CARTs, we
ould find several portfolios with a lower Gini index value and a leading
abel larger than 5, which means that the majority of constituent stocks
n the portfolio are outperforming (than the market average) stocks
ccording to their recent utility.

Fig. 4 displays one of the outputs from a CART tree. Eight portfolios,
ach of which has a qualified Gini index and utility, were created by
ight leaf nodes and are included in the output. The histograms in Fig. 4
how how the labels for each of the eight portfolios’ stocks are spread
ut. The labels range from 1 to 10. If one label in a distribution has
higher proportion than all of the other labels in the distribution, we

an always identify the leading label (i.e., the mode of labels). In a
istribution or histogram with two leading labels, we randomly select
ne. In Fig. 4, the 𝑦-axis displays the number of stocks for each label,
nd the 𝑥-axis displays the labels’ values, which range from 1 (the
owest percentile of utility) to 10 (the greatest percentile of utility).
or instance, in Fig. 4, the portfolio D contains 16 stocks that have
een labeled by 7 different values, and the stocks being labeled 7 have
larger amount/proportion than the other four (i.e., 1, 5, 6, 8, 9,

0). Therefore, we label portfolio D with 7. Likewise, in Fig. 4, we
an label portfolio A with value of 7, portfolio B with 4, portfolio C
ith 8, portfolio E with 10, portfolio F with 8, portfolio G with 2 and
ortfolio with by 5. All candidate portfolios can, thus, be classified by
leading label. Meanwhile, because the constituent stocks will have

imilar values in the descriptive attributes defined in Table 1, as they
ave been classified into one leaf node of a CART, we believe these
tocks should perform similarly as they have similar fundamentals.

Portfolio candidates for contextual bandit searching are then consid-
red as the portfolios chosen by the ensemble CART. Fig. 5 illustrates
he backtesting findings for the data from 2013 to 2020, which have
een contrasted with the performance of the CSI 300 index. The setting
f the risk-aversion parameter 𝜂𝛼 will not significantly impact on the
esults of backtesting, though a lower value (less risk-tolerant) will
esult in less excess performance against the CSI 300, on average.
he literature suggests the value of the Chernoff–Hoeffding Bound 𝛽,
nd the MTP is based on trial-and-error, as a large MTP will be less
ensitive to market change, while a small MTP might incur unnecessary
ransaction costs by frequent trading.

There are different ratios/statistics/measures that investors use to
easure the performance of their investments. We use three of the most
opular measures : the Sharpe Ratio, the information ratio, and the
aximum drawdown.

10 The same stocks might exist in different portfolios.

http://www.gtja.com
http://www.ewww.com.cn
http://www.ewww.com.cn
http://www.ewww.com.cn
http://www.dwjq.com.cn
http://www.newone.com.cn
http://www.nesc.cn
http://www.htsc.com.cn
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Fig. 3. The structure of a learned tree by CART algorithm: Each terminal leaf represents a portfolio; the digit on the left shows the leading label, and the number on the right is
the Gini index (the darkness is proportional to the value of Gini index); The leading label and Gini index together show the quality of the portfolio.

Fig. 4. Histogram of stock labels of eight portfolios. X-axis: value of labels ranked by percentile of utility (range from 1 to 10); Y-axis: number of stocks for each label.
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Fig. 5. Returns of the strategy selected portfolio, CSI300 index returns, and the returns of the best-performing portfolio of the last term in different years: The difference
in performance between the strategy return and the last-term optimal returns represents the effectiveness of the bandit learning, which does make a better choice than the
best-performing portfolio in the last term.
By using these three popular tests along with the return, shown in
Table 2 and Fig. 5, we measure the performance of the benchmark,
the proposed model, and the so-called last-term optimal return (i.e., At
every decision time, instead of using LinUCB, we select the portfolio
that achieves the highest utility in the last minimum form period.).

It can be seen that, on average, the proposed model can outperform
the market average in the long run. From 2013 to 2014, we find that
the net value of the learned portfolio could be as high as 1.461, and
the income results show a state of continuous raising with a few small-
scale fluctuations. Before June 2013, performance of the model was a
bit weaker than that of the CSI 300 index. Thereafter, the learned model
gradually started to show persistently better net income than the CSI
300 showed. From 2015 to 2016, the backtesting results show that the
proposed model kept excessive returns compared to the CSI 300. From
June 2015, due to the recession in the Chinese capital market, market
returns showed a dramatic decline, while the proposed model resisted
the risk of market turbulence. From 2017 to 2018, the backtesting
results showed that the highest net value achieved by the algorithm
was close to 40% — much better than the index markets’ returns. The
results from 2018 to 2019 showed that after the A-share market fell
from the end of 2018 to the beginning of 2019, the indexes lost nearly
1∕3 of their past values, causing investors to suffer significant losses.
Although the algorithm proposed in this paper had some drawdowns,
its total loss was much less than that of its benchmark. During the
whole backtesting period, the adaptive bandit algorithm completes the
portfolio formation and weighting, as well as the classic exploration and
exploitation dilemmas. The algorithm achieves a good balance between
profit and risk.

According to the overall backtesting evaluation, the cumulative
yield of the selected portfolios can reach 2.630, with a 37.5% annual
yield. The detailed results shown in Table 2 indicate that the proposed
algorithm can not only achieve better returns but also provide effective
risk control. The balanced combination by the algorithm can ensure
excellent cumulative returns over various market periods.

We recorded the chosen portfolio and the corresponding weights
in each learning period. The histograms of the portfolio returns and
the highest possible returns are shown in Fig. 6. The blue column
indicates the actual returns on the portfolio picked by each learning
period of the algorithm, while the orange column shows the highest
potential portfolio return after each selection. It is clear that the chosen
portfolio initially underperformed (compared to the best-possible port-
folio, which is the greatest attainable portfolio). This poor performance
9

Table 2
The performance of the strategy selected portfolios against other benchmarks.

Ann.
Return

Max.
DD.(%)

Sharpe
Ratio(%)

Info.
Ratio(%)

2013–2014

Portfolio 0.731 17.84 2.256 2.442
Last Opt. 0.420 21.09 1.451 1.117
CSI300 0.180 22.28 0.912 –

2015

Portfolio 0.261 46.37 0.719 0.891
Last Opt. 0.177 49.05 0.549 0.598
CSI300 0.079 41.27 0.333 –

2016

Portfolio 0.052 18.77 0.245 1.148
Last Opt. −0.093 25.78 −0.378 0.099
CSI300 −0.093 18.08 −0.528 –

2017

Portfolio 0.421 6.35 2.535 1.659
Last Opt. 0.279 1.85 1.495 0.555
CSI300 0.208 6.61 1.872 –

2018

Portfolio −0.211 26.62 −0.923 0.687
Last Opt. −0.326 37.69 −1.649 −0.357
CSI300 −0.280 32.98 −1.694 –

2019

Portfolio 0.646 20.42 2.052 1.159
Last Opt. 0.418 11.34 1.551 −0.078
CSI300 0.445 11.50 1.986 –

*Portfolio means the return of strategy selected portfolios by the proposed bandit
learning. Last Opt. refers to the last-term optimal return, which is the return of the
portfolio with the best performance (i.e., utility) in the last term. CSI300 is the CSI300
index return.

results from how the reinforcement learning algorithm is designed. We
can anticipate higher performance as the algorithm progresses to a later
phase.

5. Conclusions and future works

This paper proposes a portfolio selection model based on an en-
semble learning algorithm and a reinforcement learning algorithm.
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Fig. 6. Returns of the strategy returns and the maximum achievable portfolio returns in different years.
The efficiency of the proposed two stage model is evaluated using
actual historical Chinese A-share stock market data. The following is
a summary of the model’s benefits and contributions .

Previous research on portfolio management is used to adopt a
risk-averse utility, which presupposes that utility should be negatively
impacted by return uncertainty. We believe that individuals can profit
from exploring a small number of stocks with increased uncertainty
regarding bandit learning. The algorithm keeps a sizable portion of
investors’ utility using the conventional definition of risk aversion
while keeping a tiny portion of investors’ utility using the risk-seeking
definition.

The proposed pairing of two machine learning techniques can sig-
nificantly outperform the market average, and this kind of risk-taking
is effective in a variety of market scenarios. Besides, using nonlin-
ear mapping or transfer in many applications of a machine learning
algorithm on stock analysis may inevitably lead to a distortion of
the original factors’ or features’ meaning. Such changes might have
favorable outcomes in terms of average performance over the course
of a particular testing period. Institutional investors, however, typically
favor a model that can be understood. This study creates a pool of
potential portfolio candidates using a decision tree and bandit selec-
tion. These arrangements made sure the final choice was completely
interpretable.

Since portfolio management based on bandit learning is relatively
new, there is still a lot to explore in the future. For example, we
should take into account investor comments, adjustments to the can-
didate portfolio pool, the length of the minimum forming and testing
periods, among others. The two stages might interact more. Thus how
well bandit learning performs should have an impact on how best to
identify a portfolio. For instance, the candidate pool should be modified
by adding more candidate (lucky) portfolios if one candidate (lucky)
portfolio has been chosen through bandit learning quite frequently.
More work is needed to make the model more dynamic and adaptable
to the fluctuating market environment. The model should be further
developed to account for the fluctuating risk preferences of various
investors.
10
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