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Abstract

The problem of portfolio optimization is one of the most important issues in asset manage-

ment. We here propose a new dynamic portfolio strategy based on the time-varying struc-

tures of MST networks in Chinese stock markets, where the market condition is further

considered when using the optimal portfolios for investment. A portfolio strategy comprises

two stages: First, select the portfolios by choosing central and peripheral stocks in the selec-

tion horizon using five topological parameters, namely degree, betweenness centrality, dis-

tance on degree criterion, distance on correlation criterion and distance on distance

criterion. Second, use the portfolios for investment in the investment horizon. The optimal

portfolio is chosen by comparing central and peripheral portfolios under different combina-

tions of market conditions in the selection and investment horizons. Market conditions in our

paper are identified by the ratios of the number of trading days with rising index to the total

number of trading days, or the sum of the amplitudes of the trading days with rising index to

the sum of the amplitudes of the total trading days. We find that central portfolios outperform

peripheral portfolios when the market is under a drawup condition, or when the market is sta-

ble or drawup in the selection horizon and is under a stable condition in the investment hori-

zon. We also find that peripheral portfolios gain more than central portfolios when the

market is stable in the selection horizon and is drawdown in the investment horizon. Empiri-

cal tests are carried out based on the optimal portfolio strategy. Among all possible optimal

portfolio strategies based on different parameters to select portfolios and different criteria to

identify market conditions, 65% of our optimal portfolio strategies outperform the random

strategy for the Shanghai A-Share market while the proportion is 70% for the Shenzhen A-

Share market.
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Introduction

Portfolio management is one of the hottest issues in finance. It primarily concerns with the

best combination of securities for specific profits that investors need. The fundamental theory

about portfolio optimization can be traced back to the Markowitz framework [1], which selects

the allocation of investors’ investment based on a mean-variance analysis. A great deal of work

has subsequently contributed to the study of portfolios by using a variety of alternative meth-

ods, e.g., neural networks [2–4], genetic algorithms [5, 6], simulated annealing [7], Random

Matrix Theory (RMT) filtering [8, 9], and hierarchical clustering [10–13]. Among them, hier-

archical clustering is one of the most efficient methods for the selection of a basket of stocks

for optimal portfolios. In fact, the selection of a set of stocks is a pre-requisite for the Marko-

witz theory [14, 15], since it is dedicated to the investment proportion of a limited number of

selected stocks.

By using the hierarchical clustering method, the correlations between shares are revealed by

the topological structure of the constructed stock network [16–25], and can be further applied

to portfolio optimization. A minimum spanning tree (MST) [26] description of the correla-

tions between stocks has shown that the stocks included in the minimum risk portfolio (the

optimal Markowitz portfolio) tend to lie on the outskirts of the asset network [10, 27]. By

extracting the dependency structure of financial equities using both MST and planar maxi-

mally filtered graphs (PMFG) methods, it has been found that the portfolios from a selection

of peripheral stocks have lower risk and better returns than the portfolios from a selection of

central stocks, the centrality/peripherality of which are measured by indices such as degree,

betweenness centrality, eccentricity, closeness and eigenvector centrality [11]. A K-means clus-

tering algorithm and its extension C-means clustering algorithm are applied to the classifica-

tion of stocks. The stocks selected from these classified groups are used for building portfolios,

which perform better than the benchmark index [12]. Similar works have been done in India,

Taiwan and China stock markets using the same K-means cluster analysis [13, 14]. Further-

more, clusters or communities detected from network graphs also provide useful information

for correlations among stocks [19, 22, 28, 29], which has also been used in the stock selection

of portfolios [30–32]. This type of method is analogous to the clustering algorithm for their

similarities in stock selections from clusters or communities partitioned by specific

approaches.

Evidence from recent studies suggests that the topological structures of stock networks are

evolving over time and changes markedly during financial crises [22, 28, 29, 33–38]. Therefore,

a fixed set of stocks is not a wise choice for the portfolio selection under different market con-

ditions. One possible way of solving this problem is to identify the stock clusters based on the

network graphs in different time periods (moving windows) and perform the portfolio selec-

tion from the identified clusters in each period [11]. An alternative way is to use the dynamic

conditional correlations (DCC) method to estimate time-varying correlations among stock

returns based on the Markowitz framework [39–41]. A new estimator called detrended cross-

correlation coefficients (DCCA) is also used to describe the correlations between nonlinear

dynamic series [42–45]. Other works refer to evolutionary algorithms include [14, 46].

The main motivation of this paper is to propose a new dynamic portfolio strategy based on

the time-varying structures of the financial filtered networks in the Chinese stock markets. A

moving window with size δt is used to study the variance of stock networks over time t. We

choose the MST method to filter out the network graph in each window for its validity and

simplicity, which is generated by connecting the nodes with the most important correlations.

The portfolio selection is determined by the network structure in the previous window (selec-

tion horizon), which is picked from a selection of peripheral stocks, most diverse
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corresponding to the Markowitz portfolio with minimum variance [11], and central stocks,

highly correlated and synchronous in price movements. The selected portfolios are subse-

quently used for investment in the following investment horizon.

The underlying market conditions are further considered in our dynamic portfolio strategy,

which comprises the investment strategy together with the portfolio selection. A recent study

has verified that accurate price and volatility predictions can be used as a basis for the particu-

lar trading strategy adopted for the portfolio [31]. In our study here, we presume that the opti-

mal portfolio can change under different market conditions, and portfolio investments are

implemented based on both historical price changes and price predictions in the future. For

simplicity, three market conditions: drawup and drawdown trends of the daily price and a rela-

tively stable status in between will be used in the selection and investment horizons. A variety

of selected portfolios will be compared under different combinations of market conditions in

the two horizons, and the optimal portfolio with the largest profit will be identified under each

market condition. To further testify the efficiency of our dynamic portfolio strategy, we will

carry out a training process using the first half of the sample data, and use the optimal portfolio

obtained from training to make investments using the remaining half of the sample data. As

will be shown below, our optimal portfolios outperform the benchmark stock index on

average.

Data and Methods

Our daily data include 181 × 2 stocks listed on Shanghai and Shenzhen A-Share markets,

which have the largest volumes in two major stock exchanges in mainland China, over the

period of 15 years from January 1, 2000 to December 31, 2014. To ensure the continuity and

integrity of the data, the stocks selected in our study are most actively traded stocks throughout

the sample period. For this purpose, we filter out those stocks which were once suspended

from the market for more than 46 trading days, about 1% of a total of 3,627 trading days. This

filtering process yields the sample data including 181 A-Share stocks and 643,404 and 639,607

daily records in total for the two markets respectively. The return series of a certain stock i is

computed as ri(t) = ln Pi(t) − ln Pi(t − 1), where Pi(t) is the closing price for stock i on the t-th

day. The price returns for 181 × 2 stocks are calculated, and the effects of corporate actions are

eliminated, for instance the cash dividend, the bonus share, and the rights issue.

On a certain day t, a correlation matrix is calculated by using the Pearson correlation coeffi-

cient estimator on the returns series in the window {t − δt + 1, . . ., t}, and the stock network

constructed by the MST method, see details in network construction in Methods. Ten catego-

ries of portfolios are selected respectively from a set of 10% of most peripheral and central

stocks in the MST graph, the centrality/peripherality of which are measured by five parameters

capturing network topology: degree, betweenness centrality, distance on degree criterion, dis-

tance on correlation criterion and distance on distance criterion. For more details, see portfo-

lio selection in Methods. The selected portfolios are used for investment in the following

horizon {t + 1, . . ., t + Δt}, with an equal weight for each selected stock following [47], in which

1/N portfolio strategy is proven to be more efficient than the mean-variance model. The

investment returns of chosen portfolios are calculated under nine combinations of market

conditions in the selection and investment horizons. The market conditions include drawup

(U), drawdown (D) and stable (S) status identified by trading day criterion, amplitude crite-

rion, “OR” criterion, and “AND” criterion. Please refer to the descriptions on the identification

of market conditions in Methods. Since the results obtained from the three criteria are quanti-

tatively similar, we will only present our results based on the trading day criterion here. One

then moves to t + φ. The same portfolio strategy is adopted by selecting the portfolio in the
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window (horizon) {t + φ − δt + 1, . . ., t + φ}, and then using the selected portfolio for invest-

ment in the horizon {t + φ + 1, . . ., t + φ + Δt}. The investment returns of 10 categories of

selected portfolios are calculated under nine combinations of market conditions in the two

horizons, and the optimal portfolio is obtained by evaluating their average performances for

different moving windows.

A suitable choice of δt and φ will indeed help the network capture the information of the

original data as much as possible. The larger δt is and the smaller φ is, the more stable the net-

work structure is, and the more the market information is filtered out. On the contrary, the

network structure is more volatile and unauthentic [48, 49], though the temporal fluctuations

can be easily noticed. Many studies have revealed that in order to ensure stocks to have enough

number of trading days to be statistically significant, δt should be larger than the number of

sample stocks N = 181 [50, 51]. By careful observations and precise calculations, we choose

δt = 10 months (� 200 days) and φ = 1 month(� 20 days), thus having 161 daily points to be

used for portfolio investments in total. The determination of the optimal values of the parame-

ter φ and the size of investment horizon Δt will be described in detail in network construction

and determination of investment horizon in Methods respectively.

Network construction based on MST method

Denote ri(t) and rj(t) as the logarithmic returns of stocks i and j, the Pearson correlation coeffi-

cient between their return series is given by

rði; jÞ ¼
E½rirj� � E½ri�E½rj�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðE½r2
i � � E½ri�

2
ÞðE½r2

j � � E½rj�
2
Þ

q ; ð1Þ

where E[�] denotes the mathematical expectation of the sequence over time t. Before the con-

struction of the MST graph, the correlation coefficient is converted into the distance between

stocks i and j by the following equation

dði; jÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2ð1 � rði; jÞÞ

p
; ð2Þ

The distance d(i, j) ranges from 0 to 2, and a small distance corresponds to a large correla-

tion coefficient. For the 181 sample stock datasets in the Shanghai and Shenzhen A-Share mar-

kets, a distance matrix with 181 × 181 elements is obtained for each market respectively. The

estimation of the correlation matrix has unavoidably associated with a statistical uncertainty,

due to the finite length of the return series as well as noise.

We choose the MST method to filter out the network graph in each window so as to elimi-

nate the redundancy and noise while maintaining significant links. By constructing the mini-

mum spanning tree, we effectively reduce the information space from n(n − 1)/2 correlation

coefficients to n − 1 tree edges. In other words, the amount of information is being compressed

dramatically. The procedure to build the MST network can be carried out as follows: First,

arrange the distances between all pairs of stocks in an ascending order. Second, start by match-

ing the nearest nodes. Continue matching according to the ordered list if and only if the graph

obtained after the matching is still a tree. Edges maximizing the sum of the correlations over

the connections in the tree are more likely to stay by this method. Research works such as ref-

erences [16, 17, 52–54] have used the MST model to filter networks. Given the data used in

our study, we choose Prim algorithm to build our network.

There exists a close relationship between correlation coefficient matrices and MST distance

matrices. To investigate their relationship, we calculate the Pearson linear correlation coeffi-

cients between the value of the mean, variance, skewness and kurtosis of the elements in both
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matrices. Generally speaking, the mean value of the elements in the two matrices are anti-cor-

related, and there exist similar features for skewness. Variance, together with kurtosis of the

elements in the two matrices are positively correlated. These characteristics can be expected in

view of how distances are constructed from the correlation coefficients. To confirm this, we

provide the Pearson linear correlation coefficients of these variables in Table 1. We find that

all variables of the elements in the two matrices are strongly correlated except for kurtosis,

showing that our MST network contains most of the market information. In general, with a

suitable choice of φ, the relationship between correlation coefficient matrices and MST dis-

tance matrices will be enhanced. From a series of tests, we find that φ = 1 month turns out to

be the optimal choice.

Portfolio selection based on topological parameters

Five parameters are used to measure the centrality and peripherality of nodes in portfolio

selection: (I) degree, (II) betweenness centrality, (III) distance on degree criterion, (IV) dis-

tance on correlation criterion and (V) distance on distance criterion. We here present a brief

introduction of these parameters.

(I) Degree K, the number of neighbor nodes connected to a node. The larger the K is, the

more the edges that are associated with this node.

(II) Betweenness centrality C, reflecting the contribution of a node to the connectivity of

the network. Denote V as the set of nodes in the network. For nodes i and j, C of a node k can

be calculated as

C ¼
P

i;j2V

sijðVÞ
sij

; ð3Þ

where σij is the number of shortest routes from node i to node j, σij(V) is a subsector of σij

whose routes pass through this node k.

Distance refers to the shortest length from a node to the central node of the network. Here,

three types of definitions of a central node are introduced to reduce the error caused by a sin-

gle method. Therefore three types of distances are described here.

(III) Distance on degree criterion Ddegree, a central node is the node that has the largest

degree.

(IV) Distance on correlation criterion Dcorrelation, a central node is the node with the highest

value of the sum of correlation coefficients with its neighbors;

(V) Distance on distance criterion Ddistance, a central node is the node that gives the smallest

value for the mean distance.

We use the parameters defined above to select the portfolios. Nodes with the largest 10% of

degree or betweenness centrality are chosen to be in the central portfolio, and nodes whose

degree equals to 1 or betweenness centrality equals to 0 are chosen to be in the peripheral port-

folio. Similarly, we define the nodes rank in the top 10% by distance as the stocks of the

Table 1. Relationship between correlation coefficient matrices and MST distance matrices.

mean variance skewness kurtosis

Shanghai A-Share market -0.9849 0.7971 -0.7302 0.2813

Shenzhen A-Share market -0.9847 0.8011 -0.8624 0.2584

Pearson linear correlation coefficients between four pairs of variables. The four variables include the value of mean, variance, skewness and kurtosis of

elements in correlation coefficient matrices and distance matrices for the two markets.

doi:10.1371/journal.pone.0169299.t001
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peripheral portfolios, and the bottom 10% as the stocks of the central portfolios. The difference

in the definitions results from a simple reason: In an MST network, the number of peripheral

nodes (i.e., leaf nodes of a network) whose degree equals to 1 and betweenness centrality equals

to 0, is much larger than 10% of the total nodes. We need to mention that it makes no differ-

ence to our results if we select randomly from these peripheral nodes so as to equal to the num-

ber in each portfolio.

The central portfolios and the peripheral portfolios represent two opposite sides of correla-

tion and agglomeration. Generally speaking, central stocks play a vital role in the market and

impose strong influence on other stocks, whereas the correlations between peripheral stocks

are weak and contain more noise than central stocks. We have learned in our study that the

two kinds of portfolios have their own features under different market conditions.

Determination of investment horizon

In this subsection, we will discuss the optimal choice of the length of investment horizons Δt.
In general, the length of the investment horizons cannot be too long, otherwise the topological

properties of the network will change and the selected central or peripheral portfolios will

change accordingly. On the other hand, the length of the investment horizons cannot be too

short, or the returns will be greatly influenced by market noises or exogenous events. Here, we

compare the profits gained in different time horizons, namely 1 month, 5 months, 10 months

and 15 months.

Sharpe ratio, defined as the ratio of the expected value of the excess returns to its stan-

dard deviation [55], is widely used to evaluate the performance of portfolios in practice [56,

57]. Table 2 shows Sharpe ratios of portfolios with different investment horizons, in which

there is no particular length that could maximize Sharpe ratio in all circumstances. What is

more, a one-way ANOVA is used to test the equality of excess returns gained in different

lengths of investment horizons. In Table 2, the p-values for different horizons are all insig-

nificant, which indicates that the choice of the horizon length does not affect the portfolio

returns. In order to match the length of selection horizons and investment horizons, and to

facilitate our identification of the market conditions, we choose Δt = 10 months for portfolio

investments.

Table 2. Comparison between excess returns for different lengths of investment horizons.

Shanghai A-Share market Shenzhen A-Share market

1 month 5 month 10 month 15 month p-value 1 month 5 month 10 month 15 month p-value

K peripheral -0.0113 0.0024 -0.0005 -0.0023 0.9968 -0.0084 0.0025 -0.0007 -0.0028 0.9964

central 0.0455 0.0112 0.0043 0.0002 0.9652 0.0444 0.0120 0.0061 0.0030 0.9892

C peripheral -0.0113 0.0024 -0.0005 -0.0023 0.9968 -0.0084 0.0025 -0.0007 -0.0028 0.9964

central 0.0387 0.0058 0.0016 -0.0015 0.9635 0.0281 0.0074 0.0028 0.0002 0.9915

Ddegree peripheral -0.0379 -0.0488 -0.0724 -0.1228 0.9978 -0.0281 -0.0048 -0.0054 -0.0072 0.9954

central 0.0349 0.0386 0.0446 0.0367 0.9941 0.0389 0.0155 0.0069 0.0033 0.9923

Dcorrelation peripheral -0.0317 -0.0109 -0.0079 -0.0084 0.9991 -0.0385 -0.0043 -0.0052 -0.0067 0.9911

central 0.0291 0.0061 0.0041 0.0016 0.9958 0.0450 0.0121 0.0067 0.0033 0.9912

Ddistance peripheral -0.0351 -0.0091 -0.0067 -0.0079 0.9979 -0.0356 -0.0024 -0.0048 -0.0068 0.9876

centeral 0.0195 0.0075 0.0038 0.0010 0.9984 0.0268 0.0107 0.0052 0.0020 0.9966

Sharpe ratio of portfolios for different lengths of investment horizons and ANOVA test of portfolios’ excess returns. Portfolios listed include central and

peripheral portfolios selected with respect to K, C, Ddegree, Dcorrelation and Ddistance for the Shanghai and Shenzhen A-Share markets.

doi:10.1371/journal.pone.0169299.t002
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Identification of market conditions

Market conditions, which describe the general trend of the market index over a specific hori-

zon, are measured by using four criteria: (I) trading day criterion, (II) amplitude criterion,

(III) “OR” criterion, and (IV) “AND” criterion. The market indices corresponding to the

Shanghai A-Share market and the Shenzhen A-Share market are the Shanghai A-Share Index

and the Shenzhen A-Share Index respectively.

(I) Trading day criterion. The ratio rd of the number of days with rising index to the total

number of trading days in a specific time window is given by

rd ¼
Ni
þ

Ni
; ð4Þ

where Ni
þ is the number of days in which the closing price is larger than that of the previous

day and Ni is the total number of trading days in the i-th time window. The ratio rd ranges

from 0 to 1. A large value of rd represents a drawup condition while a small value of rd repre-

sents a drawndown condition. With the thresholds θ+ and θ−, we identify a drawup condition

if rd > θ+, a drawdown condition if rd < θ−, and a stable condition if θ−� rd� θ+.

(II) Amplitude criterion. The ratio rf of the sum of the amplitudes of the trading days with

rising index to the sum of the amplitudes of the total trading days in a specific time window is

given by

rf ¼

P
t2Ti

þjPðtÞ � Pðt � 1Þj
P

t2Ti
jPðtÞ � Pðt � 1Þj

; ð5Þ

where Ti
þ is the set of days in which the closing price is larger than that of the previous day, Ti

is the set of all the trading days in the i-th time window, and P(t) is the closing price on the t-th

day. Similarly, with the thresholds θ+ and θ−, we identify a drawup condition if rf > θ+, a draw-

down condition if rf < θ−, and a stable condition if θ−� rf� θ+.

(III) “OR” criterion. We identify a drawup condition if rd > θ+ or rf > θ+, and a drawdown

condition if rd < θ− or rf < θ−. A stable condition is identified if θ−� rd� θ+ and θ−� rf� θ+.

Situations like rd > θ+ and rf < θ−, or rf > θ+ and rd < θ− do not exist for the thresholds that we

choose.

(IV) “AND” criterion. We identify a drawup condition if rd > θ+ and rf > θ+, and a draw-

down condition if rd < θ− and rf < θ−. A stable condition is identified if θ−� rd� θ+ or θ−�
rf� θ+. Situations like rd > θ+ and rf < θ−, or rf > θ+ and rd < θ− do not exist for the thresholds

that we choose.

The ratios rd and rf over time are shown in Fig 1, where each point on the curve is measured

by using the market indices in a 10-month horizon following this point. In the figure, the pat-

terns of rd and rf show some differences, which cause slight distinctions in the identification of

market conditions. In our study, we choose θ+ = 0.55, θ− = 0.45 as the thresholds. Theoretically,

other choices of thresholds will also work in our study. For a larger value of θ+ and a smaller

value of θ−, the number of samples of drawup or drawdown conditions is not statistically suffi-

cient for the lack of data. For a smaller value of θ+ and a larger value of θ−, the drawup and

drawdown conditions cannot be distinctly identified. Other suitable choices of thresholds

around θ+ = 0.55, θ− = 0.45 have also been studied and the results do not change significantly.

Market conditions identified based on the trading day criterion for the Shanghai and Shen-

zhen A-Share markets are shown in Fig 2. The upright triangle indicates a drawup horizon

from the current time to 10 months later. Similarly the inverted triangle indicates a drawdown

horizon and the cross symbol indicates a stable horizon. It appears that most of the drawup

and drawdown conditions identified in our study are proper and sustainable in both markets.
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For each time window we get three possible market conditions. We thus get nine combina-

tions of market conditions in the selection horizon and the following investment horizon:

drawup in both selection horizon and investment horizon (UU), drawup in the selection hori-

zon and stable in the investment horizon (US), drawup in the selection horizon and drawdown

in the investment horizon (UD), stable in the selection horizon and drawup in the investment

horizon (SU), stable in both selection and investment horizons (SS), stable in the selection hori-

zon and drawdown in the investment horizon (SD), drawdown in the selection horizon and

drawup in the investment horizon (DU), drawdown in the selection horizon and stable trend in

the investment horizon (DS), and drawdown in both selection and investment horizons (DD).

Results

Evolution of network structures

Practically speaking, the network structure is evolving over time and changes remarkably dur-

ing crises. Some evolutionary characteristics of the market can be found from the topological

parameters of the networks. First, the average of the correlation coefficients among all stocks

reflect the overall connections of the spanning tree, which is shown in Fig 3. To learn more

about the details of the evolution of correlation coefficients in each window, the correlation

coefficients ranging within one standard deviation of the average value are also shown in the

figure. The average of the correlation coefficients rises sharply during the periods of market

crashes in 2001 and 2008. As the market recovers, the average of the correlation coefficients

declines correspondingly. This finding is consistent with the conclusions illustrated by

Fig 1. Ratios rd and rf. Ratios rd and rf as a function of time t, together with the thresholds θ+ = 0.55 and θ− = 0.45 depicted by blue dotted lines.

doi:10.1371/journal.pone.0169299.g001
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previous research works, indicating that the connection between stocks will be enhanced in a

crisis [10, 34].

To better understand the variance of the network structure over time t, we choose two typi-

cal examples of MST networks beginning at January 1, 2000 and January 1, 2008, when stock

Fig 2. Illustration of market condition. Market conditions identified based on trading day criterion for the Shanghai and Shenzhen A-Share

markets. Market conditions include drawup (upright triangle), drawdown (inverted triangle) and stable (cross) conditions.

doi:10.1371/journal.pone.0169299.g002

Fig 3. Evolution of average correlation coefficient. Evolution of the average of the correlation coefficients in the Shanghai A-Share market (a) and

Shenzhen A-Share market (b). The average of the correlation coefficients are shown by the black solid lines in the center, and correlation coefficients ranging

within one standard deviation of the average are shown in the grey area.

doi:10.1371/journal.pone.0169299.g003
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prices are stable in the former window but volatile in the latter. Their network structures are

shown in Fig 4. We can see that the distances between stocks are much smaller, and the corre-

sponding network shrinks to a large extent during the 2008 market crisis.

Other parameters, namely degree, betweenness centrality, distance on degree criterion, dis-

tance on correlation criterion and distance on distance criterion, are more specific than the

correlation coefficient, can therefore tell us more information about the stocks and networks.

These parameters will be used for selecting portfolios in our later study.

Fig 4. Evolution of network structure. (a) MST network for the Shanghai A-Share market in the period from January 1, 2000 to October

31, 2000; (b) MST network for the Shanghai A-Share market in the period from January 1, 2008 to October 31, 2008; (c) MST network for

the Shenzhen A-Share market in the period from January 1, 2000 to October 31, 2000; (d) MST network for the Shenzhen A-Share market

in the period from January 1, 2008 to October 31, 2008. Distances between stocks are indicated by line width: A thicker line represents a

shorter distance while a thinner line represents a longer distance.

doi:10.1371/journal.pone.0169299.g004
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The parameter degree K describes the relationship between a stock and its neighbors. Many

studies have found that the degree in empirical networks follows a power-law distribution [48,

53, 58], where the distribution of K takes the form P(K) * K−α. Here, we observe a power-law

behavior for the probability density function (PDF) of K in Fig 5. A maximum likelihood esti-

mation method proposed by Newman is used to fit the distributions [59]. The exponents α =

3.6202 and 3.5597 are obtained for P(K) in the Shanghai and Shenzhen A-Share markets

respectively. Another parameter, the betweenness centrality C reflects the contribution of a

stock to the connectivity of the whole network, resembling the degree to some extent. The

PDF of C, also shown in Fig 5, shows a power-law behavior. The exponents α = 2.0562, and

2.1927 are estimated for P(C) in the Shanghai and Shenzhen A-Share markets respectively.

Results in the figure show the scale free property of MST networks in the two markets, and

also the intense connection between stocks existing in a small number of central stocks, the

volatility of which might have a great impact on its neighbors.

Distance, which is the total length from a node to the central node of the network, has three

categories according to the choice of central node in our study, namely distance on degree cri-

terion Ddegree, distance on correlation criterion Dcorrelation and distance on distance criterion

Ddistance. Their PDFs are shown in Fig 6. Although the three categories of distances differ from

each other, their distributions as well as the stocks selected by these criteria share similar

behavior. As can be seen from Fig 6, few stocks are very distant from the central node, while

most stocks are at a relatively short distance from the central node. In addition, we note that

the MST networks change over time, its central node therefore also changes.

Comparison between portfolio strategies under different market

conditions

In this subsection, we compare the returns of the central and peripheral portfolios to look for

the optimal portfolio among these portfolios. The portfolios are selected by using five parame-

ters, i.e., K, C, Ddegree, Dcorrelation and Dcorrelation in the selection horizon, and the returns of the

Fig 5. PDFs of K and C. PDF of degree K and betweenness centrality C in the Shanghai A-Share market (a) and the Shenzhen A-Share market (b). The

fitted lines with exponents estimated by a maximum likelihood estimation method proposed by Newman are for the Shanghai A-Share (black solid line) and

Shenzhen A-Share markets (red dashed line).

doi:10.1371/journal.pone.0169299.g005
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selected portfolios are calculated in the following investment horizon. The length of the invest-

ment horizon is set to be 10 months as discussed in Determination of investment horizon in

Methods. In this paper, the selection horizon lasts from January 1, 2000 to February 31, 2014,

and the investment horizon lasts from November 1, 2000 to December 31, 2014. We thus have

a total of 161 daily points to be used for portfolio investments.

We calculate the returns of the central and peripheral portfolios, and use the returns of ran-

dom portfolios as a benchmark. A random portfolio is defined as a randomly selected portfolio

containing 10% of the total stocks. We first classify the samples of returns of selected portfolios

and random portfolios into groups according to the nine combinations of market conditions

identified using thresholds θ+ = 0.55, θ− = 0.45 based on the trading day criterion. For each

combination of market conditions, we calculate the average return of each stock in the group

of selected portfolios and the average return of each stock in the group of random portfolios.

The difference between the average returns of selected portfolios and random portfolios is

defined as the excess return. Furthermore, a one-way ANOVA is used to test the equality of

the excess returns between central portfolios and peripheral portfolios under the same market

condition. Null hypothesis of the one-way ANOVA, in which the excess returns of central

portfolios and peripheral portfolios are equal, are tested at a specific significance level. If the

null hypothesis is rejected, the excess returns of the two portfolios are significantly different. If

the null hypothesis cannot be rejected, there is no significant difference between the excess

returns of the central portfolios and the peripheral portfolios.

The results of the one-way ANOVA test and the excess returns of the central and the

peripheral portfolios for the Shanghai and Shenzhen A-Share markets are listed in Tables 3

and 4 respectively. Notice that if the sample number is less than 11 under a specific combina-

tion of market conditions, we do not show the result of this combination for the lack of data.

In addition, if there is no significant difference between the excess returns of the central port-

folios and the peripheral portfolios, the results are also not shown. In Table 3, we can see from

the p-value that the excess returns between the central and peripheral portfolios of the listed

groups are all significantly different at the 10% level, and most of them are significantly differ-

ent at the 5% level. By comparing the excess returns of the central and the peripheral portfolios

under all listed combinations of market conditions, we find that the central portfolios are

Fig 6. PDF of distance. (a) PDF of distance based on degree criterion Ddegree, (b) PDF of distance based on correlation criterion Dcorrelation and (c) PDF of

distance based on distance criterion Ddistance in the Shanghai A-Share and Shenzhen A-Share markets.

doi:10.1371/journal.pone.0169299.g006
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more profitable except for two cases. More specifically, when the market is stable in the invest-

ment horizon, and whether the market is stable or drawup in the selection horizon, the excess

returns of central portfolios are significantly larger than those of peripheral portfolios. When

the market is drawdown in the selection horizon and drawup in the investment horizon, or

when the market is stable in the selection horizon and drawup in the investment horizon, the

central portfolios outperform the peripheral portfolios when using K, Ddegree, Dcorrelation and

Ddistance as parameters. Besides, when the market is stable in the selection horizon and draw-

down in the investment horizon, the peripheral portfolios gain more than the central portfo-

lios when using Ddegree and Ddistance as parameters. However, under the same market condition

and using K as the parameter, the optimal portfolio is the central portfolio with a relatively

small gap between the excess returns of the two portfolios. In Table 4 for the Shenzhen

A-Share market, we find that the results generally coincide with those for the Shanghai

A-Share market. The central portfolios outperform the peripheral portfolios under every com-

bination of market conditions when there exist significant difference between their returns.

What is more, the central portfolios selected by using K, Ddegree, Dcorrelation and Ddistance outper-

form the peripheral portfolios when the market goes through a rising trend in both selection

and investment horizons.

We here give the PDF of the returns of individual stocks in the central and peripheral port-

folios for the Shanghai and Shenzhen A-Share markets in Figs 7 and 8 respectively. Under

most market conditions, the peak of the distribution for the central portfolios in Fig 7 is on the

Table 3. Comparison between excess returns of central and peripheral portfolios for Shanghai A-Share market.

Parameter Market condition Num f-value p-value excess returns

central peripheral

K US 24 15.17 0.00** 0.04±0.01 0.00±0.00

SS 74 6.75 0.01** 0.02±0.01 0.00±0.00

SD 11 5.79 0.03** 0.02±0.02 0.00±0.00

DU 11 3.87 0.06* 0.03±0.02 0.00±0.00

Ddegree US 24 5.69 0.02** 0.02±0.01 -0.03±0.02

SU 12 4.27 0.05* 0.02±0.02 -0.04±0.02

SS 74 21.39 0.00** 0.02±0.01 -0.03±0.01

SD 11 3.57 0.07* -0.02±0.02 0.04±0.02

DU 11 53.08 0.00** 0.05±0.02 -0.08±0.02

Dcorrelation US 24 5.33 0.03** 0.02±0.01 -0.03±0.02

SU 12 4.27 0.05* 0.02±0.02 -0.04±0.02

SS 74 20.82 0.00** 0.02±0.01 -0.03±0.01

DU 11 52.77 0.00** 0.05±0.02 -0.08±0.02

Ddistance US 24 3.98 0.05* 0.01±0.01 -0.03±0.01

SU 12 4.18 0.05* 0.01±0.02 -0.03±0.02

SS 74 19.81 0.00** 0.03±0.01 -0.03±0.01

SD 11 4.36 0.05* -0.02±0.02 0.04±0.02

DU 11 56.84 0.00** 0.05±0.02 -0.08±0.02

Excess returns of central and peripheral portfolios in the Shanghai A-Share market are compared based on one-way ANOVA. Excess returns of central and

peripheral portfolios are selected with respect to five parameters, i.e., K, C, Ddegree, Dcorrelation and Dcorrelation, under different combinations of market

conditions based on trading day criterion. The listed variables include the number of samples (Num), f-value and p-value of one-way ANOVA, excess

returns of central and peripheral portfolios under each combination of market conditions. Results which are not significant or calculated with less than 11

samples are not shown. (*indicates significance at 10% level, **indicates significance at 5% level. Figures after ± indicate standard error).

doi:10.1371/journal.pone.0169299.t003
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right side of the peak for the peripheral portfolios, indicating that the returns of the central

portfolios are on the average larger than those of the peripheral portfolios. However, when

portfolios are selected with respect to Ddegree or Ddistance, the peak of the distribution for the

peripheral portfolios is on the right side of the peak for the central portfolios under market

conditions of SD. These results are consistent with the results from Table 3. We can also see

from Fig 7 that the returns of the central portfolios distribute at a relatively narrow range com-

pared with the returns of the peripheral portfolios under most market conditions, showing the

close connection among stocks in the central portfolios. Fig 8 shows the PDFs of the returns of

individual stocks for the Shenzhen A-Share market. The peak of the distribution for the central

portfolios is on the right side of the peak for the peripheral portfolios under all market condi-

tions, indicating that the returns of the central portfolios are on the average larger than those

of the peripheral portfolios. Meanwhile, all the returns of the central portfolios have narrow

distributions when compared with the returns of the peripheral portfolios, showing the diver-

sification of returns of stocks in the peripheral portfolios.

Similar tests and comparisons are carried out using the amplitude criterion, the “AND” cri-

terion and the “OR” criterion in the identification of market conditions for both markets.

Using the amplitude criterion and the “AND” criterion, the results are very similar to those

using the trading day criterion. For the “OR” criterion, we find that if the market goes through

a turnaround, falling in the selection horizon and rallying in the investment horizon, the cen-

tral portfolios are proven to be more profitable. More comprehensively, extra efforts have been

made for other values of thresholds in the identification of market conditions. Despite some

statistical distinctions, the conclusion here shows great similarities with the above, which in

turn confirm the reliability of our conclusion.

Table 4. Comparison between excess returns of central and peripheral portfolios for Shenzhen A-Share market.

Parameter Market condition Num f-value p-value excess returns

central peripheral

K UU 37 2.87 0.09* 0.02±0.01 0.00±0.00

US 32 9.75 0.00** 0.03±0.01 -0.01±0.00

SU 20 3.93 0.05* 0.03±0.01 0.00±0.00

SS 50 19.83 0.00** 0.02±0.01 -0.01±0.00

C SS 50 8.00 0.01** 0.01±0.01 -0.01±0.00

Ddegree UU 37 10.35 0.00** 0.02±0.01 -0.04±0.01

SU 20 20.66 0.00** 0.05±0.01 -0.05±0.02

SS 50 8.50 0.00** 0.02±0.01 -0.01±0.01

Dcorrelation UU 37 3.06 0.08* 0.00±0.01 -0.03±0.01

US 32 2.82 0.10* 0.03±0.01 -0.01±0.01

SU 20 20.66 0.00** 0.05±0.02 -0.05±0.02

SS 50 11.91 0.00** 0.03±0.01 -0.02±0.01

Ddistance UU 37 6.62 0.01** 0.01±0.01 -0.03±0.01

SU 20 4.76 0.04** 0.02±0.01 -0.04±0.02

SS 50 10.63 0.00** 0.02±0.01 -0.02±0.01

Excess returns of central and peripheral portfolios in the Shenzhen A-Share market are compared based on one-way ANOVA. Excess returns of central and

peripheral portfolios are selected with respect to five parameters, i.e., K, C, Ddegree, Dcorrelation and Dcorrelation, under different combinations of market

conditions based on trading day criterion. The listed variables include the number of samples (Num), f-value and p-value of one-way ANOVA, excess

returns of central and peripheral portfolios under each combination of market conditions. Results which are not significant or calculated with less than 11

samples are not shown. Figures after ± indicate standard error. (*indicates significance at 10% level, **indicates significance at 5% level. Figures

after ± indicate standard error).

doi:10.1371/journal.pone.0169299.t004
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We summarize and interpret our results in three aspects. First, if the market rises in the

investment horizon, the central portfolios should be the best choice. Specifically, if the market

has a drawup trend in both the selection and investment horizons, stocks in central portfolios

will more likely rise due to their collective movements in rising, while stocks in peripheral

portfolios may be too diversified to make profits. If the market rises in the investment horizon

after declining, stocks in central portfolios will more likely suffer losses in the selection hori-

zon, and will more likely rise in the investment horizon after hitting rock bottom. Second, if

the market is stable in the investment horizon and has just gone through a drawup or stable

trend in the selection horizon, central portfolios are preferred. Since stocks in central portfo-

lios are closely related, their prices move in similar behaviors. After the drawup or stable trend

in the selection horizon, stocks in central portfolios tend to maintain the drawup or stable

trend in the investment horizon. Returns of stocks in peripheral portfolios are too diversified

in the stable investment horizon, some negative returns of individual stocks will more likely be

in the portfolio. Finally, if the market falls after a period of stable fluctuations, the peripheral

Fig 7. PDF of individual stock returns for Shanghai A-Share Market. PDF of individual stock returns under each combination of market conditions based

on trading day criterion in the Shanghai A-Share Market are plotted. Stock portfolios are selected with respect to degree K (a), distance based on degree

criterion Ddegree (b), distance based on correlation criterion Dcorrelation (c), and distance based on distance criterion Ddistance (d).

doi:10.1371/journal.pone.0169299.g007
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portfolios are preferred to avoid risks. The diverse characteristic of the peripheral portfolios is

a good way to reduce risk and secure capital.

Empirical test of optimal portfolio strategy

We have compared the performances of the central and the peripheral portfolios under differ-

ent combinations of market conditions. We will attempt to choose the optimal portfolio strat-

egy and apply the strategy to make real investment based on an empirical test. We use the data

from 2000 to 2010 to select the optimal portfolio under each specific combination of market

conditions through a training process, and use the selected optimal strategy according to the

current market condition to make investment based on the data from 2010 to 2014. The test is

performed specifically as follows.

I. Training to find the optimal portfolio strategy. The training process is carried out by

using the methods mentioned in the last section to find the optimal portfolios under specific

market conditions. A series of MST networks in the selection horizons are constrcuted to

build central and peripheral portfolios, which are then used for investment in the following

Fig 8. PDF of individual stock returns for Shenzhen A-Share Market. PDF of individual stock returns under each combination of market conditions

based on trading day criterion in Shenzhen A-Share Market are plotted. Stock portfolios are selected with respect to degree K (a), distance based on degree

criterion Ddegree (b), distance based on correlation criterion Dcorrelation (c), and distance based on distance criterion Ddistance (d).

doi:10.1371/journal.pone.0169299.g008
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horizon. Excess returns of the central and peripheral portfolios in the investment horizons are

calculated and tested using a one-way ANOVA under each market condition. Portfolios with

significantly higher excess returns under different market conditions will comprise the optimal

portfolio strategy.

II. Applying the optimal strategy to investment. Before investment, market conditions in

the investment horizon need to be predicted. The trend of the stock market is found to be

affected by many factors such as policy [60, 61] and economic environment [62, 63]. The effect

of these factors is quite evident in the Chinese stock market [64–66], which makes it possible

to use these factors to project the market trend. Since we mainly concentrate on building port-

folios and strategies other than trend prediction, we identify the market conditions in the

investment horizon using the empirical data. In other words, our strategy performs well when

the market condition in the investment horizon has a clear trend. Based on the identified com-

bination of market conditions, the optimal portfolio of the optimal strategy chosen in step I is

selected and used for further investment. If the combination of market conditions do not

appear, investment will not be made. The length of the selection and investment horizons are

10 months, same as in the previous section.

We calculate the excess returns of our strategy, which is the difference between the average

return of the stocks in the optimal portfolio strategy and the random strategy. The random

strategy comprises random portfolios, defined as portfolios containing 10% of the total stocks

that are randomly selected, under different combinations of market conditions. Since the opti-

mal strategy changes as we use five parameters to select portfolios and four criteria to identify

market conditions, the excess returns which are shown in Table 5 differ correspondingly. It

can be seen from the table that in most cases higher profits can be obtained by our strategies

compared with the random strategy. Specifically, 65% of the returns of our strategies are larger

than those of the random strategy in the Shanghai A-Share market, and the proportion is 70%

in the Shenzhen A-Share market. Furthermore, when using K as the parameter to select central

or peripheral portfolios, returns of our strategies are always higher than those of the random

strategy but the portfolios selected by C rarely outperform the random portfolios. Since our

Table 5. Excess return of optimal portfolio strategy.

Shanghai A-Share market Shenzhen A-Share market

trading day

criterion

amplitude

criterion

“OR”

criterion

“AND”

criterion

trading day

criterion

amplitude

criterion

“OR”

criterion

“AND”

criterion

K 0.0169 0.0065 0.0072 0.0156 0.0131 0.0113 0.0190 0.0238

±0.0104 ±0.0068 ±0.0045 ±0.0102 ±0.0119 ±0.0088 ±0.0072 ±0.0076

C -0.0016 -0.0003 0.0129 -0.0033 -0.0030 -0.0135 -0.0118 -0.0049

±0.0096 ±0.0073 ±0.0072 ±0.0083 ±0.0090 ±0.0087 ±0.0117 ±0.0000

Ddegree 0.0345 0.0025 0.0072 -0.1290 0.0303 0.0381 -0.0093 0.0529

±0.0106 ±0.0176 ±0.0160 ±0.0000 ±0.0150 ±0.0102 ±0.0208 ±0.0166

Dcorrelation 0.0385 0.0025 0.0072 -0.1290 0.0632 0.0451 0.0542 0.0214

±0.0113 ±0.0176 ±0.0160 ±0.0000 ±0.0120 ±0.0132 ±0.0195 ±0.0293

Ddistance 0.0416 -0.0005 0.0045 -0.1290 0.0054 -0.0110 0.0286 0.0000

±0.0127 ±0.0153 ±0.0142 ±0.0000 ±0.0103 ±0.0098 ±0.0142 ±0.0089

Excess returns listed are gained by the optimal portfolio strategy for the Shanghai and Shenzhen A-Share markets. The optimal strategy is chosen from all

possible categories of portfolios selected with respect to five parameters, namely K, C, Ddegree, Dcorrelation and Ddistance, based on four criteria, namely

trading day criterion, amplitude criterion, “OR” criterion and “AND” criterion. Excess returns in boldface are positive which have returns larger than the

random strategy. Figures after ± indicate standard error.

doi:10.1371/journal.pone.0169299.t005

Dynamic Portfolio Strategy

PLOS ONE | DOI:10.1371/journal.pone.0169299 January 27, 2017 17 / 23



strategy based on the “AND” criterion in the Shanghai A-Share market is rarely used, the

excess returns under which are mostly negative. The most profitable strategy for the Shanghai

A-share market uses Ddistance as the parameter to select portfolios and identifies market condi-

tions based on the trading day criterion, which has an excess return of 0.0416. For the Shen-

zhen A-Share market, the most profitable strategy uses Dcorrelation as the parameter to select

portfolios and identifies market conditions based on the trading day criterion, which has an

excess return of 0.0632.

Table 6 lists the optimal portfolios of the most profitable strategy under different combina-

tions of market conditions for both markets. One can see that the central portfolios are chosen

as the optimal portfolios under market conditions of UD, SS and DU, and the peripheral port-

folios are chosen under market conditions of SD for the Shanghai A-share market. For the

Shenzhen A-Share market, the central portfolios are chosen as the optimal portfolios under

market conditions of SU and SS. The average returns of each individual stock in every invest-

ment horizon of the most profitable strategy and the random strategy are plotted in Fig 9,

where the crosses are the average returns gained by the most profitable strategy in each invest-

ment horizon and the black solid line shows the average returns gained by the random strat-

egy. In 65.85% of the investment horizons, the average returns gained by the most profitable

strategy are larger than those gained by the random strategy in the Shanghai A-Share market,

and the proportion is 91.30% in the Shenzhen A-Share market.

Table 6. Optimal portfolios of the most profitable strategy.

Market condition Shanghai A-Share market Shenzhen A-Share market

UD SS SD DU SU SS

Optimal portfolio central central peripheral central central central

Specific optimal portfolios under particular combinations of market conditions comprise the strategy which has the highest returns. The most profitable

strategy for the Shanghai A-Share market uses Ddistance to select portfolios and identifies market conditions based on trading day criterion, and the most

profitable strategy for the Shenzhen A-Share market uses Dcorrelation to select portfolios and identifies market conditions based on trading day criterion.

doi:10.1371/journal.pone.0169299.t006

Fig 9. Average return of the most profitable strategy. Average returns of the most profitable strategy (cross) and random strategy (black solid line) for the

Shanghai A-Share market (a) and the Shenzhen A-Share market (b). This strategy is described in Table 6.

doi:10.1371/journal.pone.0169299.g009
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We further find the strategy that has the largest probability of gaining more profits than the

random strategy, i.e., it outperforms the random strategy in most of investment horizons. This

strategy uses Dcorrelation as the parameter to select portfolios and identifies market conditions

based on the trading day criterion for both markets. The optimal portfolios under different

combinations of market conditions are listed in Table 7. One can see that the central portfolios

are chosen as the optimal portfolios under market conditions of UD, SS and DU for the Shang-

hai A-share market. For the Shenzhen A-Share market, this strategy is also the most profitable

strategy with the central portfolios chosen as the optimal portfolios under market conditions

of SU and SS. Similar to the above, the average returns of each individual stock in every invest-

ment horizon of this strategy and the random strategy are plotted in Fig 10. In 70% of the

investment horizons, the average returns gained by our strategy are larger than the random

strategy in the Shanghai A-Share market, and the proportion is 91.30% in the Shenzhen

A-Share market.

Discussion and conclusion

In this paper, we propose a new dynamic portfolio strategy based on the time-varying struc-

tures of MST networks for the Shanghai and Shenzhen A-Share markets. The strategy first

select central and peripheral portfolios in the selection horizon using five topological parame-

ters, and uses the selected portfolios for investment in the investment horizon. Nine

Table 7. Optimal portfolios of the strategy with the largest probability of gaining more profits.

Market condition Shanghai A-Share market Shenzhen A-Share market

UD SS DU SU SS

Optimal portfolio central central central central central

Specific optimal portfolios under particular combinations of market conditions comprise the strategy that has the largest probability of gaining more profits

than the random strategy. This strategy uses Dcorrelation as the parameter to select portfolios and identifies market conditions based on trading day criterion

for both markets.

doi:10.1371/journal.pone.0169299.t007

Fig 10. Average return of the strategy with the largest probability of gaining more profits. Average returns of the strategy (cross) that has the largest

probability of gaining more profits than the random strategy (black solid line) in the Shanghai A-Share market (a) and the Shenzhen A-Share market (b). This

strategy is described in Table 7.

doi:10.1371/journal.pone.0169299.g010
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combinations of market conditions have been considered when comparing the excess returns

of the central and the peripheral portfolios, which are identified either by the ratio of the num-

ber of trading days with rising index to the total number of trading days, or the ratio of the

sum of the amplitudes of the trading days with rising index to the sum of the amplitudes of the

total trading days. By picking out the portfolios with larger excess returns under different com-

binations of market conditions, the optimal portfolios under specific market conditions could

be found: (i) If the market is likely to have a drawup trend in the following investment horizon,

central portfolios should be the best choice, while the peripheral portfolios usually perform

worse for excessive diversification. (ii) If the market is in a relatively stable state in the invest-

ment horizon, central portfolios are preferred unless the market just went through a draw-

down trend in the selection horizon. (iii) If the market is likely to have a drawdown trend in

the investment horizon and the market is stable in the selection horizon, peripheral portfolios

should be chosen to reduce risks.

Empirical tests have also been carried out and verified the efficiency of our optimal portfo-

lio strategy. We have used the data from 2000 to 2010 to select the optimal portfolio under

each specific combination of market conditions through a training process. The selected opti-

mal strategy is selected according to the current market condition to make investment based

on the data from 2010 to 2014. By calculating the excess returns of the optimal portfolio strate-

gies, our strategies are found to outperform the random strategy in most cases. Among all pos-

sible optimal portfolio strategies based on different parameters to select portfolios and

different criteria to identify market conditions, 65% of our optimal portfolio strategies outper-

form the random strategy for the Shanghai A-Share market and 70% for the Shenzhen

A-Share market. Using degree K as the parameter to select central or peripheral portfolios,

returns of our strategies are always higher than those of the random strategy. The excess

returns of the most profitable strategies in the Shanghai and Shenzhen A-Share markets are

0.0416 and 0.0632 respectively. The strategy that has the largest probability of gaining more

profits outperforms the random strategy in 70% of the investment horizons for the Shanghai

A-Share market, and 91.30% for the Shenzhen A-Share market.

Supporting Information
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