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Abstract

Target risk funds are one of the fund of fund products which attempts to control the risk by man-
aging the amount invested in debt and equity, to meet the demands of long-term investment plans
of pension funds or individuals. This paper focus on the construction of target risk portfolios and
exploring possible improvement methods. It first illustrates the advantage of risk based approach.
Then it discusses risk diversification concept and shows the possible association between diversi-
fying risk and improving return. Based on that, it explores the patterns of different concentration
indices, and finds the best asset allocation distribution to construct a target risk FoF, in Chinese

markets, involving the choices of different risk measures and lengths of sample data .
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Chapter 1

Introduction

For a long-term investment strategy, some investors may have some requirements to control the
portfolio risk under an expected risk level. One type of fund product satisfyving target risk require-
ment is called Target Risk Fund (TRE'). This thesis is to explore some approaches for improving

the portfolio performance of TRFs.

Markowitz Mean-Variance optimization is the most-known and the earliest theory for portfolio
optimization, while it has some disadvantages which presents itself from being applied in the
industries. Though it maximizes the ez-ante expected return of a portfolio under a predetermined

volatility level, it does not perform desirably regarding of a ez-post performance measurement.

To find other approaches for improving portfolio performance, risk-based approach is to be focused
on this project. First, risk budgeting model aims to find a portfolio which realizes a pre-assigned
risk budgeting structure of the assets, which exhibits some superior aspects to mean-variance
model. In particular, it has a steady weight allocation structure in the long run. The most widely
used budget is the equal risk contribution. Second, in the view of risk diversification level, equal
risk contribution (ERC) model can be regarded as the most risk-diversified model. Hence, based
on the risk diversification concept of ERC model, alternative methods for diversifying risk are
attempted. Regarding of three measurements for risk concentration, optimization problems are

applied to minimize the risk concentration (or maximize risk diversification).

Under each of the target risks, portfolios are measured by several popular metrics such as annualized
returns, annualized volatility, turnover,ete. In addition, portfolio risks can be measured in different
ways, including volatility, VaR and ES. Apart from that, data of different window sizes is used for
risk parameter estimation. Historical data in Chinese market are used to illustrate the performance
under some different scenarios. Since the risk contribution portfolio is the most widely nsed and has
great practical applications, it is widely used as a benchmark portfolio. The other three approaches

for maximum diversification are explored and compared with ERC portfolios.

In particular, an improvement approach can be found by using the market data in Chinese markets.
Portfolios with the best performance under different target risks are applied to invest in ETEF
fund products which are associated with the underlying indices. Through this way, based on risk
diversification concepts, an alternative method to risk parity is applied and a fund of fund (FolF)

product for particular target risk can be constructed for practical investment purposes.

Chapter 2 provides theoretical background and mathematical methods for the dissertation. Chap-

ter 3 illustrates the procedure to explore target risk strategies step by step. Chapter 4 presents the




results and some analysis. Chapter 5 provides
Chapter 6 shows the conclusion of the thesis

investigation.

a basic idea for applying the method into practive.

and Chapter 7 shows some discussion and further




Chapter 2

Background

2.1 Asset Allocation Strategy

In asset management practice, asset allocation strategy varies according to the time horizon of
the allocation (or investment plans of investors). Generally, accoring to Roncalli [1], there exists
three horizons: market timing (MT), tactical asset allocation (TAA) and strategic asset allocation

(SAA).

e Market timing refers to a very short-term investment horizon, typically from 1 day to 1
month. For example, a daily strategy consisting in playing the mean-reverting property of

stock returns, or a delta hedging strategy of a vanilla option.

e Tactical asset allocation is a short to medium term investment horizon, typically from 3
months to 3 years. These investment decisions are related to business cycles and mediun-

term market sentiments.

e Strategic asset allocation is a long-term investment horizon, usually ranging from 3 years to
50 years. Whereas TAA assumes that the risk premium of assets is time-varying, SAA is

based on the stationary steady-state of the economy.

To manage wealth in a medium or long time horizons and to meet the demands of long-term
investment plans of pension funds or individuals, the ways to allocate asset strategically will be
the focus in this dissertation. Instead of arbitraging in high frequency trading or earning amount
of money under great risk in market timing strategy, a portfolio with a relatively low volatility and

low trading frequency is to be explored.

As one of SAA funds, target risk funds (TRFs) are one of the latest fund of fund (FoF') prod-
ucts which attempts to control the risk by managing the amount invested in debt and equity [2].
TRFs are frequently nsed in retirement plans and has an increasing use as an option in 401(k)
plans in United States. In 2016, Elton, Gruber and de Souza [2] summarizes that in asset man-
agement industries, the compositions of categories of assets include equities, bonds, commodities
and real state. The percentage of holdings for each categories varies in three classifications of
TRFs: aggressive, moderate and conservative, which are based on different risk levels of portfolios

strategies.

Inspired by TRFs, asset allocation strategies for different risk settings are attempted to be explored

in Chinese markets.




2.2 Modern Portfolio Theory

To allocate weights of available assets in portfolio selection process, 'expected returns — variance
of returns’ rule (or mean-variance theory) was firstly proposed by Markowitz [3], which specifies

a rule that the investor should diversify the risky assets and maximize expected returns.
To formulate the idea, the mathematical expression of (daily) simple return is introduced. [4].

Sp — S

Hg =
Si1

Consider a universe of n assets, let = (xy,..., ,,) be the vector of weights in the portfolio. Denote
R = (Ry,...,R,) as the vector of asset returns where R; is the return of asset i. The return of

the portfolio is equal to
R(z) =Y ;R
i=1

Let p = E[R] and ¥ = E[(R — p)(R — p)7] be the vector of expected returns and the covariance

matrix of asset returns. The expected return of the portfolio is:
plzr) = E[R(z)] = lE[.l.‘TR] =aTy
The variance of the portfolio is
a’(r) = B

We can then formulate the investor’s financial problems as follows ( [1]):

1. Maximizing the expected return of the portfolio under a volatility constraint:

max pfz) we. olz) <o*

2. Or minimizing the volatility of the portfolio under a return constraint:

min o(z) we. p(zr) = p*

The idea can be rewritten as follows:
r* = arg minr’ Bx
we. Te =1 (2.2.1)

plr) = p

Given a predetermined expected return of the portfolio, the solution =* of 2.2.1 gives the weights
which minimize the portfolio variance. Since 2.2.1 is a standard quadratic programming (QP)
problem, available tools can be found to solve it easily (see A.1). Given different expected return
levels p*, corresponding =* and portfolio volatility ¢* can be found. The curve of p* and o* is
called efficient frontier. Figure 2.1 shows an efficient frontier curve of three assets, under the

quadratic programming 2.2.1.

To obtain portfolio weights in 2.2.1, estimation of expected return u(z) and covariance matrix
3 of asset universe is required. In reality, estimation error of the parameters often outweights

the diversification benefits of mean-variance optimization rendering an ex ante efficient portfolio

10
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Figure 2.1: Efficient frontier sample of 2.2.1

rather an inefficient ex post portfolio [5]. In addition, Scherer |6] shows that mean variance picks
up risk based pricing anomalies. And investment decision based on MV portfolio is hard to make
in absence of the persistence of the anomalies. Roncalli [1] also demonstrates that MV strategies
are relatively sensitive to input parameters. A practical example of rolling-sample based mean
ariance strategy is also illustrated in 4.1. It can be seen that parameter estimation is rather
significant in mean variance portfolio. In a long-term investment, the low frequency trading and
uncertainty of the possible anomalies in financial markets require a steady portfolio strategy, while

the potential great change of asset allocation weights is not desirable.

2.3 Risk-Budgeting Approach

Risk-based asset allocation methodologies are of central importance since the introduction of the
Basle Committee’s Capital Accord in 1988. |7] Risk management is erucial in investment activities,
since it can help to reduce costs of external financing and reduce variability. [4] To illustrate risk-
budgeting portfolio, the concepts of three risk measures are to be introduced below. Firstly, the
loss of the portfolio is L(x) = —R(xz), where R(x) is the return of the portfolio.

e Volatility of the loss

The volatility of the loss is the portfolio’s volatility, which is given by

e Value-at-risk

11




The wvalue-at-risk at confidence level « is the a-quantile of the loss distribution, which is

given by

VaR, (z) = nl{l: Pr{L(z) <1} = a}

e Expected shortfall

Let ov € (0,1). The ES of loss L at confidence level o is given by

1 1
ES.(L) f (L) du

:l—n-

To decompose the risk of the portfolio, two theorems are introduced as follows.

Theorem 2.3.1. Linearly Homogeneous. [ is (positively) linearly homogeneous iff f(ir) =
Af(z) for all A >0 and x >> 0.

Theorem 2.3.2. Euler’s First Theorem. If [ is linearly homogeneous and once continuously
differentiable, then its first order partial derivative functions, f;(z) fori=1,2,..., N, are homoge-

neous of degree zero and
N

f@ =Y

=

r; fi(x)

_

Since volatility, VaR and ES are linearly homogeneous, and are once continuously differentiable
in general cases, which are focused in this project, they can be decomposed iuto the form in

theorem 2.3.2, that is, let R(x) be the risk of the portfolio with weights (z1,...,z5),

According to Roncalli [1], the risk contribution for the i-th asset of a risk measure can always be

defined as:
_ dR(x)

i

RC; ==

dx;

Hence, we can have the following equation:

In Chinese markets, shorting is not allowed in bonds and equities, we generally prefer to obtain a
long-only portfolio, indicating that all weights (zq,...,2y) are positive. Let b; be the risk budget

of the i-th asset, a proper risk budgeting portfolio is delined as follows:

RCi(z) = b;R(x)

b, =0

z; >0 (2.3.1)
Ex\‘zl b =1

E(\‘:l r =1

Since it is difficult to be find an analytical solution, the non-linear system 2.3.1 is transformed

12




into an optimization problem:

r* = arg min Zi\;l(arif}ﬁ‘h’.(f{;lr] — b RC(x))?
we. 1T =1
(2.3.2)
0<r=<1

The Risk Parity (also called Equal Risk Contribution) portfolio is characterized by the requirements

of having equal total risk contribution from each asset:

b, = b.};,vi‘j,j‘

Cesarone, Scozzari and Tardella [8] points out the conditions of the uniqueness of a Risk Parity
Portfolio. In particular, for risk measure volatility, a unique solution of 2.3.2 exists. The theorem

is present as follows:

Theorem 2.3.3. For a continuously differentiable risk measure p: R} — R, we have that (a) if
p is positive and positively homogeneous of degree 7 > 0, then there exists a Risk Parity portfolio.

(b) if p is convex, then there erist at most one Risk Parity portfolio.

2.4 Target Risk Strategy

Though ERC strategy brings great performances, which is explained in previous section and will
be shown in 4.1, it fails to satisfy an expected portfolio risk. A target risk strategy is constructed
based on risk budgeting approach. The main concept is to maximize the risk diversification of
a portfolio under a pre-setting risk. In risk parity portfolio, the risk is assigned equally to each
asset. Based on risk budgeting model, to construct a target risk portfolio, we set a constant target
risk level RC*. Let (x1,...,zx) be the weights of N assets of a portfolio, RC(x) be the portfolio
risk. In a risk budgeting programming 2.3.1, a constraint RC'(x) = RC* is imposed. [n reality, to
achieve a better return, many risk parity funds target a volatility greater than 8% by leveraging
the portfolio, indicating that the sum of weights is possibly greater than 1 [1]. Generally, the

long-only target risk strategy can be formulated as follows.

a* =  arg min Z;ZL[;I.‘(-('L‘HC'(;T) — b, RC*)?
n.c. =0 (2.4.1)
RC(z) = RC*

If risk measurement is volatility, 2.4.1 becomes a convex optimization programming, since objective
function and its constraints can be regarded as convex function. According to [9), a convex

optimization problem is one of the form:

minimize folz)
subject to  fi(z) <0,i=1,.., M (2.4.2)
a:-r;r =b,i=1,..,p

Convex optimization problem can be solved efficiently and easily by available tools. In this disser-

tation, optimize of package SciPy in Python is used for these optimization problems. A.2 proves
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that 2.4.1 is a convex optimization problem.

In risk budgeting portfolio, the expected risk diversification is already obtained, according to
b;. And the realized diversification can be measured in the following three ways. Denote the risk
contribution of i-th asset as ;. Let 7 € R suchthat 177 = 1. 7 is then a probability distribution.
The probability distribution «* is perfectly concentrated if there exists one observation iy such
that ‘JT?I—I and m" = 0if i # iy. On the opposite, the probability distribution 7~ such that 77 = 1/n

for all i = 1, ..., n has no concentration.

¢ Herfindahl index
The Herfindahl index is defined as follows:
H(r) = Z o’
i=1
This index takes the value 1 for a probability distribution 7% and 1/n for a distribution with
uniform probabilities.
¢ Gini index
The Gini index for a discrete probability distribution  is

23 ime, n+l

G(m) = =t
nzx':]_ Tin n
with {7, ..., Ty | the ascending ordered statistics of {;, ..., 7, }. This index takes the value

2-1 for a probability distribution 7% and 0 for a distribution with uniform probabilities.

¢ Shannon entropy

The Shannon entropy is defined as follows,

I(m) = — i mlnm;

i=1

The diversity index corresponds to the statistic I*(w) = —exp(I(w)). This index has
I'(r7) = —nand I'*(nt) = -1

For a risk parity optimization portfolio, the expected risk contribution for each asset is equal,
that is, RC; = %RC* for i = 1,..., N, indicating that concentration indices are expected to be
the lowest, for all of the three measurements. Hence, from a view of risk diversification, a risk
parity approach can be regarded as aiming to obtain a portfolio which is well diversified. However,
an expected risk diversification may not be obtained. Especially in Chinese markets, leveraged
portfolio is not applicable in long-term asset investment. If an additional constraint 17z < 1 is
imposed to the programming problem, a diversification result may not be more difficult to obtain.
When a relatively high target risk is imposed without a leverage constraint, a leveraged strategy
outcome may be obtained. Risk budgeting portfolio is obtained by minimizing sum of squares of
the difference between pre-assigned risk budgets and realized risk contribution. Based on the risk
diversification concept of risk budgeting portfolio, alternative measurement for diversifying risks
are applied. In order to find a maximum diversification portfolio, apart from using least squares

objective function in 2.4.1, objective functions of concentration indices can also be considered.

14




Let C(x) represents the concentration indices (Herfindahl index, Gini index and Shannon index)
or least squares of difference between realized risk contribution and equal risk budgets (ERC)
of a N—asset portfolio (zq,...,ry) with risk contribution RCY,..., RCy. Cf(x) is chosen to be

2

Clz) = 22N, RC2 Clz) = %%::]’% ~ NI oy C(x) = —exp(— Y2, RCInRC,) or C =

Z;T‘;l(.xiax,ﬂ(,'(.z;) — % RC*)?. The mazimum diversification risk target problem can be formulated

as follows:

r* = arg min C(z)
we 1Tz <1
=10
RC(z) = RC*

(2.4.3)

Herfindahl index and Gini index can be proved to be convex, while the convexity of Shannon
index cannot be determined.The convexity of Gini index is already proved by [10]. The proofs of
convexity of Herfindahl index and Shannon index are shown in A.3. A technical explanation for
Shannon index is missing in this dissertation and further investigation can be conducted on this
part. The optimization problems are solved in Python and we basically obtain local optimization

results using Seily.

The sum of weights is not constrained to be strictly equal to 1, indicating that the portfolio is not
to invest all the money into risky assets, which is in accordance with the practical use for target

risk portfolio for a long-term investment.

Parameter estimation for volatility risk measure is obtained by calculating covariance matrix once
each strategy. For VaR and ES, parameter estimation is largely based on the sample, and the asset
returns are used for each iteration (shown in 2.5). If a strictly equality is imposed to target risk,
available solutions are limited, especially, if a small sample is used for parameter estimation. A
modification is the target risk which is relaxed to a small range. Denote Error as the percentage

of target risk we allow, optimization problem 2.4.3 is modified as follows:

% = arg min C(z)
we. 17z <1
=10
|[RC(x) — RC*| < Error x RC*

(2.4.4)

That is, the realized risk contribution of the portfolio is in the range [(1 — Error)RC*, (1 +
Error)RC*|. In VaR or ES settings, this constraint is affline. Optimization problem 2.4.4 is a

convex optimization problem.

2.5 Parameter Estimation

For a volatility risk measure, the covariance matrix is computed based on sample estimation

using daily returns on a rolling window, which can be formulated as follows,

|

. 1
Tij = T t l(Ri: — ) (Rje — pyj)

15




where p; indicates the sample mean return of the i—th asset, p; = %Z?zlh’ig The vector of

marginal volatilities is:

do(x) L, re v —1r0wm or
=—(z' Xr 2¥r) = ———
dx 2 (& )™ (22) ViTsz

asset is then:

T

The risk contribution of the it

(Xx)
VaTYx

For VaR and ES, the risk contribution of i—th asset with confidence level a is given by [11]

ROV (zi) = x4

RCY™R(2;) = —mE[Ri|R(x) = =V aRa(z)]

RCES () = —,B[R;|R(x) < —VaR, (7))

historial simulation is used for estimation. Suppose RV (z) < R (z) < ... < R () indicate
the sorted outcomes of portfolio returns in a T'—length estimation rolling window, the estimation
of VaR and ES can be formulated as follows [12]:

RCYB(2) = VaRa(z) = =R (2)

[T
. 1 .
RCES(x) = ESu(2) = ——= Y _ R"(x)
[aT] &=

where || is floor function which gives the greatest integer which is less or equal than the input

number x The risk contribution of i—th asset using VaR and ES is estimated as follows,

‘
, 1 .
RCYVeR(z,) = g SRV

k=1
RC‘ES(J") —— 1 Lij RU‘J
loT] =

where S indicates the number of asset return lying on the 5-th quantile, which can be inferred that

S = 1 most of the time.

2.6 Performance Measurement of Portfolio

To compare the performances of different strategies, for each portlolio to be constructed, the
analysis of portfolio performance relies on a 'rolling-sample’ approach. Inspired by DeMiguel
[13] and De BONDT [14], given a T—month-long dataset of asset returns, an estimation window of
length P is chosen. Starting from t = P +1, the data in the previous P months is used to estimate
the parameters needed to implement a particular strategy, to determine the weights of the portfolio.
Then we use the weights to calculate the return in the next ()—month-long period. Then the weights
of the strategy is recalculated at £ = P+ (). The weights for implementing strategies are calculated
each ) months. The number of outcomes of this rolling-window approach is [%j where | x|
is floor function which gives the greatest integer which is less or equal than the input number z.
Given the time series of out-of-sample returns generated by each portfolio strategy, the out-of-

sample volatility, Sharpe ratio, mazimum drawdown and turnover are computed as performance
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measurement.

To evaluate a strategy regarding of both risk premium and volatility, measurement Ex Post
Sharpe Ratio is introduced as follows. [15] Let R, be the return on the asset in period t, R, the
return on the benchmark portfolio or security in period f, D; the differential return in period #:
D; = Ry — Rp;. Let D, op be the sample mean and sample deviation of D; over the period. The
ex post, or historical Sharpe Ratio (5},) is:

D
oD

Sp =

Sharpe Ratio can be nsed for either measuring the performance of one portfolio compared to its
benchmark, or the ratio of risk preminm of one asset compared to its volatility, if Rp, is risk-free

rate.

Another measurement maximum drawdown measures the maximum decline percentage from a
historical peak. Suppose M(7) = maz ¢ X () is the maximum return between time 0 and time

t, maximum drawdown can be formulated as follows:

M(r)— X (1)
MiT)

]

MDD(T) = maz,c |

To evaluate the amount of trading required to implement each portfolio, regarding of rebalancing
costs, turnover is introduced to measure the average sum of the absolute value of the trades across
the N available assets, and M = [T(;JPJ times of position tradings, which can be formulated as

follows [13]:

M N

- 1 ) ]
Turnover = i Z Z[lu'_]__f+]_ — i 4+ ),

t=1 j=1

in which airj; is the portfolio weight in asset j at time t, 1it; 4+ is the portfolioc weight before

rebalancing at £ + 1, and ¢4 is the desired portfolio weight at time f + 1, after rebalancing.
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Chapter 3

Experiment

3.1 Data

CSI represents China Securities Index Company Limited, which is a leading index provider in
China [16]. It publishes several indices about equities, bonds and commodities, which are nsed
in this dissertation. Naenhua represents Nanhua Futures Company Limited. It publishes indices
of commodities which are widely used in China [17]. SWS represents SWS Research Company

Limited, which provides a wide range of indices in Asian market [18].

SSE Composite Inder or SSE Inder represents all the stocks in Shanghai Stock Exchange, which

reflects the trends of the Chinese market.

CS1I 300 Inder selects 300 stocks which have the most market capitalization and liquidity in

Shanghai Stock Exchange and Shenzhen Stock Exchange.

CS1 Aggregate Bond Inder selects treasury bonds, governmental bonds, corporate bonds and fi-
nancial bonds, which have a rating greater than BBB and a time to maturity longer than 1 year
in Shenzhen Exchange, Shanghai Exchange and the inter-bank market. It reflects trends of the

whole bond market.

CS1 Corporate Bond Index selects credit bonds which have a rating greater than BBB and a time
to maturity longer than 1 year in Shenzhen Exchange, Shanghai Exchange and the inter-bank

market.

Nanhua Commodities Index selects the future contracts of various types including agricultural
products, metal etc. which have great liquidity, and the most close delivery date in Dalian Com-
modity Exchange, Zhengzhou Commodity Exchange and Shanghai Futures Exchange. It reflects

trends of the commodity market in China.
Nanhua Precious Metal Index selects the future contracts of silver and gold in Dalian Commodity

Exchange, Zhengzhou Commodity Exchange and Shanghai Futures Exchange. It reflects trends of

the price of precious metal in China.

Ezchange-traded Fund (ETY) refers to an investment fund that tracks a market index and that is
itself traded in the same way as a stock [19]. In Chinese market, ETFs includng SSE Index ETF,
CSI 300 Indez ETF, Gold Index ETF ete, and have a similar performance to the corresponding

indices. One great benefit of ETF is that it providing intraday liquidity for investors.

Listed Open-Ended Fund (LOL") refers to the mutual funds that can be listed and traded on the
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Figure 3.1: Anuual rate of governmental bond ranging from 13/06/2016 to 23/04,/2021. Maturities
= 1 year, 3 years, 5 years and 10 years.

stock exchange, which adding liquidity of exchange trading.

The risk-free rate is chosen based on the Chinese 10-year treasury bond. Figure 3.1 shows the rate
of governmental bonds in Chinese markets. Yield to maturity of 10-year treasury fluctuates from
2.50% to 4.00% and does not show a particular pattern. In this dissertation, the risk-free rate is

chosen to be the mean of 10-year treasury bond rate, 0.03267.

3.2 Backtesting Methodology

3.2.1 Experiment Set Up

To backtest a portfolio, a portfolio with 1 unit net asset value is initialized and calculate a cu-
mulative asset value for each asset. For the t—th trading, calculate the i—th asset value before
reweighting V] - and the asset value after reweighting Vi, then the i-th asset value becomes

Vie — |Vije — Vi~ | x TransactionCost.

3.2.2 Parameters

The transaction cost of Cash is set to be 0. The risk-free rate of Cash is 0.0128% per day (3.267%

per annual). The transaction cost of risky asset is set to be 0.4%.
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3.3 A Comparison of Mean Variance Portfolio and Risk
Based Portfolio

To illustrate the performance of mean variance portfolio and risk budgeting portfolio, and justify
the reason for using risk based portfolio in the following exploration. Historical data of CSI 300
Index, CS51 Aggregate Bond, CSI Corporate Bond and Nanhua Commodity Inder ranging from
04/01/2017 to 28/06/2021 is nsed.

Portfolio settings of sample-based mean-variance and risk budgeting strategies are as follows:

e 1. Risk bugdeting portfolio: Under optimization programming setting 2.3.1, assign risk
budgeting 0.4, 0.1, 0.2, 0.3 to CSI 300 Index, CS5I Aggregate Bond, CSI Corporate Bond and

Nanhua Commodity Index respectively.

¢ 2. Mean-Variance portfolio: Under setting 2.2.1, use the variance of the above risk-budgeting

portfolio as target variance, maximize the expected return.

For risk budgeting portfolio, volatility of the last 6 months is used to measure risk. For mean
variance portfolio, cumulative return of previous 6 months is used for expected return. That is,
we set P = 6 in the rolling-based approach. Position is adjusted every 6 months and strategy

performance is measured every 6 months (@) = 6).

3.4 Maximum Diversification (MD) Portfolio Optimization

3.4.1 Asset Selection

Generally, equities and commodities have high risk premium and low correlation, indicating that
these two assets can diversity risk and have potential high return within a portfolio. Bonds have
a negative relationship with equities and commodities. Though bonds have a relatively small risk
premium, they play an important role to hedge risk of equities and commodities in asset allocation

of a portfolio strategy.

Historical data of SSE Index, CSI 300 Index, Small CAP Index, CSI Aggregate Bond, CSI Treasury
Bond, CSI Corporate Bond, Nanhua Commodity Index and Nanhua Precious Metal Index ranging
from 04/01/2017 to 29/06,/2021 are selected as asset universe. Table 3.1 shows the covariance
matrix of the eight indices. As expected, equities have a high volatility (variance), and assets
within equity category highly are correlated with each other. Bonds are negatively correlated with
equities and have a small volatility, hence they will be assign a high weight when steady volatility
and low risk are required in a long-term strategy. Besides, commodities have a relatively high
volatility. One point worth noticing is that the correlation of Nanhua Precious Metal Index is not
closely correlated with Nanhua Commodity Inder. Since commodities are not correlated closely
with other assets, they also are expected to be included in the portfolio for diversifying risk. Sharpe
ratios of the eight assets are shown in Table 3.3. €SI 300 Index has the highest Sharpe ratio among
equities (0.47 v.s. 0.088, -0.14). Corporate Bond Index has the highest Sharpe ratio among bonds
(1.64 v.s. 0.23, 0.87). Sharpe ratio of Nanhua Commodity Indez is higher than Nanhua Precious
Metal Index (0.48 v.s. 0.10). Indices are chosen from each of the asset categories and the top three

indices with the highest Sharpe ratios are selected for a three-asset portfolio construction.
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SSE  CSI300  Small CAP Aggre. Bond  Trea. Bond  Corp. Bond  Commodity  Precious Metal

SSE 207.07 32301 33882 -3.05 630 -187 09.02
CSI 300 3T6.84 #TAD -4.19 G600 -2.01 103.47 3
Small CAP 34740 510.93 -3.96 B -L67 107.93 42.92
Aggre. Bond -4.19 -3.006 130 1.71 0.82 -L76G 218
Trea. Bond -6.6G0 .43 171 2.63 0.586 -3.46
Carp. Bond -2.01 -1L6T 0.82 0.586 0.81 -0.43
Commaodity 09.02 103.47 10793 -1.76 -3.46 -0.47 216.18 64.31
Precions Metal 3550 3838 4202 218 3.3 123 G4.32 27483

Table 3.1: Covariance matrix (annunalized) of SSE Indez, CSI 300 Index, Small CAP Index, CSI
Aggregate Bond, CSI Treasury Bond, CS1 Corporate Bond, Nanhua Commaodity Inder and Nanhua
Precious Metal Index ranging from 04,/01/2017 to 29/06,/2021.

SSE  CSIa00  Small CAP Aggre. Bond  Trea. Bond Corp. Bond  Commodity  Precious Metal

SSE 1.00 088 0,86 -0.20 -0.23 -01z 034 011
CSI 300 .88 1.00 1185 014 -0.21 -0z 034 011
Small CAP 0.86 .85 1.00 015 -0.18 -0.08 0.28 0.09
Aggre. Bond -0.20 -0.19 -0.15 100 0.93 050 -0.10 0.12
Trea. Bond -0.23 -0.21 .18 0493 Lon 0.59 -0.15 0.12
Corp. Bond -0.12 -0.12 -0.08 0.80 0.59 100 0003 0.08
Commaodity 034 034 0.28 -0.10 -0.15 -0.03 1.00 0,36
Precious Metal 0.11 011 0.09 0.1z 0.1z 008 0,36 100

Table 3.2: Correlation matrix of SSE Index, CSI 300 Inder, Small CAP Index, CSI Aggregate
Bond, CSI Treasury Bond, CSI Corporate Bond, Nanhua Commodity Index and Nanhua Precious
Metal Index ranging from 04,/01/2017 to 29/06,/2021.

SSE CSI 300 Small CAP Agpre. Bond  Trea. Bond Corp. Bond  Commodity  Precious Metal

0.088 0.47 -0.14 0.87 0.23 1.64 0.48 0.10

Table 3.3: Sharpe ratio of SSE Index, CSI 300 Index, Small CAP Index, CSI Aggregate Bond,
CSI Treasury Bond, CSI Corporate Bond, Nanhua Commodity Index and Nanhua Precious Metal
Indez ranging from 04/01/2017 to 29,/06,/2021.

3.4.2 Portfolio Risk Diversification Strategy

Since leveraged portfolio is not applicable in Chinese markets, a task to assign risk budgets to
diversify the portfolio is quite challenging. Illustrations of the performances of portfolios with and
without leverage constraints are made first. Also, objective functions of equal risk contribution
(ERC) and concentration minimization (maximum diversification) are compared under the same
target risk. In addition, we adding more assets to test the improvement. And risk measures are

changed for comparison.

Table 3.4 shows all the strategies in this part.
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Number Setting

strategy A ERC + Vol + No leverage (Benchmark)
strategy B ERC + Val + Leverage
strategy C Shannon 4+ Vol + No leverage
strategy D Henfindahl + Vol + No leverage
strategy E GINI + Vol + No leverage
strategy F ERC + VaR + No leverage
strategy G Shannon + VaR + No leverage
strategy H Henfindahl + VaR + No leverage
strategy I GINI + VaR + No leverage
strategy J ERC + ES + No leverage
strategy K Shannon + ES + No leverage
strategy L Henfindahl + ES + No leverage
strategy M GINI + ES + No leverage

Table 3.4: Strategy settings in MD strategy optimization

Three- Asset Portfolio

CSI 300 Indez, C5I Corporate Bond and Nanhua Commodity Index represent asset category eg-
uities, bonds and commodities respectively. In particular, futures are risky assets and have a low
risk preminm. It is set to be less than or equal to 20% of the total wealth. The weight of each
risky asset should be greater than 2%. Volatility is used as risk measure. The period length of
data used for risk estimation is 1 month, 6 months and 12 months (P = 1,3,6,12) and trading is

made every month () = 1). The portfolio settings are designed as follows:

e Strategy A = ERC + Vol + No leverage: Target risks 3%, 6%, 9%, 15% are assigned
3,5, & to CSI 300 Index, CSI Corporate Bond and Nanhua Commodity Index respectively.
The sum of the weights should be less than or equal than 100%.

e Strategy B = ERC + Vol + Leverage: Target risks 3%, 6%, 9%, 15% are assigned
3. 5. % to CSI 300 Index, CSI Corporate Bond and Nanhua Commodity Index respectively.

No constraint is imposed to the sum of the weights.

¢ Strategy C/D/E = Shannon/Herfindahl/Gini + Vol 4+ No leverage: Under a target
risk 3%, 6%, 9%, 15%, find out strategies with minimum Herfindahl index, Gini index and
Shannon index of risk contributions respectively. The sum of the weights is less than or equal
100%.

Then, risk measure is changed for portfolio construction. According to the results in the above
portfolio, average value of VaRy g5 and ESg g5 for portfolios under the same risk (unconstrained
ERC portfolio is excluded) are caleulated. Since the estimation of VaR and ES largely depend on
the sample size of data, P = 1 (less than 30 trading days) seems to be too small for estimation.

Table 3.5 shows the corresponding value of volatility, VaRg g5 and ESj 5.

The portfolio settings are as follows.

e Strategy F/G/H/I = ERC/Shannon/Herfindahl/Gini + VaR + No leverage:
Using VaRggs as risk measurement, target risks 0.31, 0.64, 0.95 and 1.50 are assigned to
conservative, moderate, aggressive and very aggressive portfolios respectively. Minimization

concentration problems involving target risk error 2.4.4 is used with Error = 0.05. Rolling
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Target Vol (%)  VaRgos (%)  ESpaes(%)

3 0.31 0.54
G 0.64 103
9 0.95 1.51
15 1.50 234

Table 3.5: VaRygs and ESp g5 estimation for different target risk settings

window is 6 months (P = 6). The weight of Nanhua Commodity Index should be less than

or equal to 20%. The weight of each risky asset should be greater than 2%.

e Strategy J/K/L/M = ERC/Shannon/Herfindahl/Gini + ES + No leverage: Using
ESpos as risk measure, target risks 0.54, 1.03, 1.51 and 2.34 are assigned to moderate,

aggressive and very aggressive portfolios respectively. Other settings are the same as VaRy 5.

Four-Asset Portfolio

To improve the performance of target risk portfolios, four-asset portfolio is attempted. Based on

asset correlation (see Table 3.2), Nanhua Precious Metal Index is chosen for a risk diversification.

Though Nanhua Commodities Index is the same asset category as Nanhua Precious Metal Index

and it already reflects trends of commodities including precious metal, it has a low correlation with

other assets, which may improve the diversification of the portfolio. A maximum weight 10% is

imposed to this index. In previous section, P = 6 and P = 1 presents a steady portfolio and a

high-return portfolio respectively, hence P = 1,6 is set in this section.

The portfolio setting is as follows,

e Strategy A = ERC + Vol + No leverage: Under target risks 3%, 6%, 9%, 15%, risk
budgets 1,1, 1, + are assigned to CSI 300 Index, CSI Corporate Bond, Nanhua Commodity
Index and Nanhua Precious Metal Index respectively. The weight of each risky asset should
be greater than 2%. The weight of Nanhua Commodity Inder and Nanhua Precious Metal
Index should be less than 20% and 10%. The sum of the weights should be less than or equal

to 100%.

¢ Strategy C/D/E = Shannon/Herfindahl/Gini 4+ Vol 4+ No leverage: Under a target
risk 3%, 6%, 9%, 15%, find out strategies with minimum Herfindahl index, Gini index and
Shannon index of risk contributions respectively. Weight of each risky asset should be greater
than 2%. The weight of Nanhua Commodity Index and Nanhua Precious Metal Indez should
be less than 20% and 10%. The sum of the weights is less than or equal to 100%.
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Chapter 4

Results And Analysis

4.1 Comparison between MV Portfolio and RB Portfolio

The weight distribution can be shown directly from Figure 4.1 and Figure 4.2. Weight distribution
of MV portfolio has a great change each time, while weights of RB portfolio change slightly, under
the condition that, the two portfolios have the same expected risk (volatility), indicating a stable
property of risk-budgeting approach. A possible lower rebalancing costs of risk budgeting strategy

makes it more reasonable and applicable in tactical and strategic asset allocation portfolios.

BN Cs1 300 Index
I CSl Aggregate Bond

Risk bugdeting portfolio weight
B CS| Corporate Bond
B Nanhua commodity |ndex

1.04
0.8+4
0.6
0.4+
- I l
0.0-

g g i
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B P o e @M S

Figure 4.1: Weight Allocation of Risk-budgeting Portfolio
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Figure 4.2: Weight Allocation of Mean-variance Portfolio

== RB portfolio
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Figure 4.3: Backtesting outcomes of RB and MV strategies. Transaction cost = 0.4%

The two strategies are backtested with a 0.4% transaction cost for each trading. Figure 4.3 shows
the time series of the two strategies ranging from 03/07/2017 to 28/06/2021. Two strategies have
similar outcomes, while risk budgeting portfolio gives a higher return after 07/2020. Table 4.1

shows the p

portfolios have the same volatility, risk-budgeting portfolio performs better than mean-variance
portfolio. In particular, RB strategy has a much lower turnover (12.99 % v.s. 114.43%). The
illustration of these two strategies shows that, to construct a long-term, steady-risk portfolio,
risk-budgeting strategy has great advantages, compared with mean-variance strategy. Especially,

it eliminates the sensitivity of the sample based estimation of mean-variance strategy. A steady

T T T T T T T T T
201707 2018-01 2018-07  2019-01  2019-07  2020-01  2020-07  2021-01  2021-07

erformance measurement of the two strategies. Under the condition that these two

weight allocation during a long period is more reasonable in TAA and SAA strategies.
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Return p.a. (%)  Volatility p.a. (%) SR MDD (%) Turnover (%)

RB strategy 5.80 1.50  1.72 0.98 12.99
MV stratey 4.89 1.61 1.04 1.66 114.43

Table 4.1: Out-of-sample performance of RB strategy and MV strategy

4.2 Maximum Diversification Portfolio Optimization

4.2.1 Three-Asset Portfolio

For P =1,3,6,12, average weight allocation of assets, average value of concentration indices and

out-of-sample performance measurement are presented respectively. (see B)

Comparison of ERC between leverage and no leverage, P=1, Q=1

To illustrate the general patterns of target risk portfolios with leverage and no leverage, outcomes
of constrained ERC (no leverage) and unconstrained ERC (leverage) are presented, using 1-month-
length estimation window. Table 4.2 shows the average weights of portfolios over time. The results
show that we need to invest more in risky assets as we set a higher risk target. The allocation
distribution which spares a proportion of cash is applicable to practical investment, since investors
are not going to invest all into risky assets and conservative investors are willing to hold more cash
than aggressive investors. For portfolios with P = 1, a target risk 6%, 9%, 15%, 3%, 23% and 50%

leverage ratio are required if leverage is allowed.

The realized diversification results are shown in Table 4.3. To achieve equal risk contribution, the
Herfindahl index, Gini index and Shannon index of the portfolio is expected to be (.33, 0.00, -3.00
respectively. The lower the concentration value is, the more diversified the portfolio will be. It can
be seen that if leverage is allowed, portfolio achieves a better diversification, regardless of in-sample
and out-of-sample. Under each target risk, leveraged portfolio has a lower concentration values
(better risk diversification) and better out-of-sample performance, which may have a implication
that @ more risk diversified portfolio may bring a better return. Table 4.4 shows the out-of-sample
performance. Transaction cost is set to 0.4%. The table shows that target risk strategy is able to
constrain the volatility to the target level, and the monthly turnover rate is relatively low, which
are of practical meaning for target risk strategy. If leverage is allowed, for a conservative (3%)
or a moderate (6%) target risk, constrained ERC and unconstrained ERC seems to have similar
performances, apart from that unconstrained ERC has a higher turnover rate. For a high target
risk (9% or 15%), unconstrained ERC achieves a better performance, regarding of return, Sharpe
ratio and maximum drawdown, though the turnover rate is relatively high. A implication may be
that if there is no leverage constraint, achieved risk contribution of a portfolio is more close to the
expected level, which leads to a more desirable performance, in terms of return and Sharpe ratio,

especially when an aggressive target risk is set.
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Target  CSI 300 Index  CSI Aggregate Bond  Gold Index  Cash
Cons. ERC 3% 12.0 47.0 13.0 29.0
Uncons. ERC 3% 11.0 62.0 13.0 13.0
Cons. ERC 6% 27.0 28.0 19.0 25.0
Uncons. ERC 6% 27.0 57.0 19.0 -3.0
Cons. ERC 9% 44.0 16.0 20.0 20.0
Uncons. ERC 9% 46.0 57.0 20,0 -23.0
Cons. ERC 15% 69.0 6.0 17.0 8.0
Uncons. ERC  15% 71.0 56.0 23.0 -50.0

Table 4.2: Average weights of risk parity strategies ranging from 04,/01,/2017 to 28/08,/2021. P

1 month. @ = 1 month.

Target  Shannon Index (-3.00)  Herfindahl Index (0.33)  Gini Index (0.00)

In Out In Out In Out

Cons. ERC 3% -2.22 -207 048 0.54 031 0.40
Uncons. ERC 3% -2.31 -2.15  0.46 0.53  0.29 0.39
Cons. ERC 6% -1.87 -1.83  0.59 0.60 043 0.45
Uncons. ERC 6% -1.96 -1.89  0.57 0.59 042 0.45
Cons. ERC 9% 165 -164 068 069 051 052
Uncons. ERC 9% -1.72 -1.67  0.67 0.69  0.50 0.52
Cons. ERC 15% -1.42 -1.41 0.80 0.81 0.57 0.58
Uncons. ERC  15% -1.50 -1.49  0O.77 0.79  0.56 0.57

Table 4.3: Average value of concentration indices from 04/01/2017 to 28/06,/2021. In: in-sample

value. Out: out-of-sample value. Expected value of Herfindahl Index, Gini Index, Shannnon Index

is 0.33, 0.00, -3.00 respectively. P

1 month. ¢ = 1 month.

Target  Return p.a. (%)  Volatility p.a.(%) SR MDD (%) Turnover (%)
Cons. ERC 3% .30 3.78  0.81 4.49 38.38
Uncons. ERC 3% 6.42 3.98  0.81 4.08 47.19
Cons. ERC 6% 9.04 6.80  0.85 10.04 36.00
Uncons. ERC 6% 9.09 6.99  0.84 8.80 50.63
Cons. ERC 9% 11.74 10.09  0.85 17.44 30.68
Uncons. ERC 9% 12.27 10.29  0.88 16.12 54.83
Cons. ERC 15% 15.42 15.10 0.81 30.05 33.40
Uncons. ERC  15% 17.95 15.63  0.94 27.97 64.04

Table 4.4: Out of sample performance measurement. P = 1 month.

cost = 2%.

Comparison of ERC and MD, P=12, Q=1

) = 1 month. Transaction

For portfolios with P = 12 months (see B.1, B.2, B.3), unconstrained ERC portolios always

outperforms the other four portfolios. As target risks increases, annualized return increases from

6% to 8%, Sharpe ratio decreases from 1.09 to 0.30, maximum drawdown increases from 4% to
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32%. The monthly turnover rate remains a relatively low level (less than 10%). In particular, for a
conservative (3%) and a moderate risk target (6%), Herfindahl strategy improves the performance
compared with ERC, regarding of return (6.87% v.s. 6.16%, 7.23% v.s. 6.96%), Sharpe raio (1.09
v.s. 0.87, 0.60 v.s. 0.56). Under aggressive risks (9% and 15%), Herfindahl and Gini strategy do

not have outstanding results. Shannon strategy seems to perform poorly for each scenario.

Comparison of ERC and MD, P=6, Q=1

For portfolios with /7 = 6 months (see B.4, B.5, B.6), similarly, unconstrained ERC always
outperforms the other four. Annualized return ranging from 7% to 11% and Sharpe ratio decreases
from 1.11 to 0.51. The monthly turnover rate fluctnates from 8% to 17%. To be specific, Herfindahl
portfolio performs better than ERC portfolio under target risk 3%, 6%, and 9%, regarding of return,
Sharpe ratio and turnover. For target risk 15%, Herfindahl performs the same as ERC portfolio,
with a slightly lower turnover. Shannen strategy performs the worst under 3%, 6% and 9% and

has a normal performance under 15%.

Comparison of ERC and MD, P=3, Q=1

Using P = 3 rolling window (see B.7, B.8, B.9), compared with the previous two window lengths,
annualized return has a greater increment (from 6% to 14%). Shape ratios are more stable, from
0.89 to 0.71. However, the monthly turnover rate are higher, fluctuating from 19% to 27%. For
a conservative strategy, Gini end Herfindahl can improve the performance compared with ERC
portfolio slightly. For the other targets, the four portfolios perform similarly. Still, Shannon

strategy performs the worst under each risk target.

Comparison of ERC and MD, P=1, Q=1

The results with 2 = 1 month are shown in B.10, B.11, B.12. Portfolio return increases from
6.73% to 17.27 %, which is an great improvement compared with previous results and the Sharpe
ratios are higher, ranging from 0.80 to 0.92. Portfolios with 7 = 1 have the highest turnover (from
31% to 39%). In particular, Shannon strategy no long performs badly compared with the previous
outcomes. It brings a highest return for 6%, 9% and 15% and performs best for a very aggressive
target (15%), achieving an annualized return 17.27% and Sharpe ratio 0.90. Herfindahl strategy
is the best for 3%, regarding of return (6.76% v.s. 6.30%), Sharpe ratio (0.92 v.s. 0.81).

Comparison of Different Window Lengths, P=1, 3, 6, 12

Figure 4.4, Figure 4.5, Figure 4.6 and Figure 4.7 show backtesting results of portfolios under each
of the target risks and each of the estimation window lengths. The same y-axis range is set to make
the figures more comparable. Since Gini strategy performs rather similarly to Herfindahl strategy
but slightly worse than Herfindahl, it is not presented in the figures to make the performances of
other portfolios shown more clearly. A shorter window estimate seems to bring a more desirable
return, though as mentioned before, it brings a higher turnover. In particular, for a conservative
target risk, Herfindahl strategy outperforms other strategies for every estimation rolling window.
Its dominant performance is more obvious for a longer estimation rolling window. As target
risk increases, the advantage of Herfindahl strategy disappears and it performs similarly to ERC

strategy, which implies a stable property of Herfindahl Strategy. In contrast to Herfindahl strategy,
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Shannon strategy exhibits an unstable property. For a low target risk and short estimation period,
Shannon strategy shows a poor performance than other strategies. However, for a high target risk
and short estimation period, Shannon strategy outperforms other strategies greatly. In particular,

backtesting results with > = 1 show a great performance of Shannon strategy (Figure 4.7.
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1.6
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2.0
—— Cons. ERC Target: 15%
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1.6
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Figure 4.4: Backtesting outcomes of target risk portfolios from 05/01/2018 to 28/06/2021. P = 12
months. ¢ = 1 month.
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Figure 4.5: Backtesting outcomes of target risk portfolios from 03/07/2018 to 28/06,/2021. P =6

months. ¢ = 1 month.
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Figure 4.6: Backtesting outcomes of target risk portfolios from 05/04/2018 to 28,/06,/2021. P =3
months. ¢ = 1 month.
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Figure 4.7: Backtesting outcomes of target risk portfolios from 03/02/2018 to 28/06,/2021. P =1
months. ¢ = 1 month.

Portfolios with P = 12 perform the worst, regarding of return, Sharpe ratio, maximum drawdown,
but they bring a relatively low turnover (less than 10%). Portfolios with PP = 1 performs the
best, regarding the highest annualized return and a relatively high Sharpe ratio, however, the
monthly turnover rate is greater than 30%. Based on a practical point of view, if a conservative
or a moderate target risk is set, portfolios with P = 6 are more applicable, with a relatively high

return, Sharpe ratio and low monthly turnover rate (less than 15%). If an ageressive target risk
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Risk Return pa(%) Volatility pa (%) SR MDD (%) Turnover (%) VaR(0.05) ES(0.05)

Volatility .50 346 095 5.21 15.05 0.20 0.50
Conservative VaRy as 714 370 1.04 3.75 73.22 0.32 0.52
ESpes 683 455 0.79 7.09 58.83 0.30 0.67
Volatility .15 664 0.74 0.78 13,73 0.64 1.00
Moderate VaRy as 10.10 TAG 002 11.40 56.02 0.66 113
ESo.as 062 BA5 076 12.32 14,12 0.79 L7
Volatility 080 005 066 17.20 0.95 1.52
Aggressive VaRu.05 1012 1127 061 18.64 1.00 173
ESpgs 10.24 1199 059 21.92 1.14 1.84
Volatility 10.82 1542 040 20.50 1.52 2.38
Very Aggressive  VaRg.os 1037 1572 045 27.85 1.54 2.44
ESpgs 1185 1693 051 30.56 1.66 2.58

Table 4.5: Out of sample performance of ERC portfolios under different risk measures

is set, portfolios with P = 1 are more applicable, since it has a high return, high Sharpe ratio but

as well as high monthly turnover.

Comparison of different risk measures, P=6, Q=1

The out-of-sample results are shown in Table B.13 and Table B.14. First, to see the differences
between different risk measures, a comparison of ERC portfolios is made, under the same sample
length (P = 6). The results are shown in Table 4.5. Out-of-sample results show that realized
VaRpos of VaR portfolios are close to the target setting, but ES portfolios fail to constrain the
ESy.05 and the realized ESg g5 is larger than target. Though VaR brings an improvement in return
for a low risk target, the turnover rate is rather high (greater than 50%). ES portfolios seem not

to bring obvious improvements, except under a very aggressive target.

Secondly, according to Table B.13, concentration minimization portfolios does not bring any im-
provement. Besides, VaR portfolios bring a rather high monthly turnover rate, ranging from 25%
to T3% (mostly greater than 40%). Shannon strategy shows the unstable property since it fails
to control risk under a conservative target and performs poorly in other scenarios. According to
Table B.14, Gini and Herfindahl strategy perform similar to ERC. Shannon strategy improves the
performance for a high target risk. ES portfolios also bring a relatively high turnover rate, ranging
from 59% to 14%.

Summary

In summary, to obtain a better diversification and higher return, leverage is always a possible
method. However, under a leverage constraint, the improvement for target risk portfolios is not
easy to achieve. Generally, Herfindahl strategy has o steady property, and has performance which
is of the same level or slighter greater level compared with ERC strategy, regarding of annualized
return and monthly turnover rate. Specifically, under a conservative target risk, Herfindahl is able
to bring great improvements. However, under other risk targets, the improvement is not obvious.
Gini strateqy has the similar properties to Herfindahl but performs worse than it. Shannon strategy
brings portfolios which has unsteady performances, but has some patterns and is able to bring a
desirable return for particular scenarios. Specifically, it improves the performance greatly compared

with ERC strategy if a short estimation window is used and an aggressive target is to be achieved.

In addition, a long estimation-rolling window (P = 12) performs poorly, except that it brings a
rather low monthly turnover rate. One-month rolling-window seems to be desirable while it brings

a more than 30% monthly turnover rate. When investment strategy is applied in practice, a trade-
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off should be made between turnover rate and annualized return towards to the selection of length
of data.

Regarding of different risk measures, VaR ERC portfolio can improve annualized return and Sharpe
ratio for risk 3% and 6%, but it has a high monthly turnover rate (73% and 56%). For ES risk
measures, though ES portfolios fail to control out-of-sample risk, Shannon ES strategy does improve
return and Sharpe ratio compared to ERC portfolio, under 6%, 9% and 15%, which can be regarded
as an improvement method when a long length of estimation window is applied (P = 6). In the
following application, ES strategy is not applied since volatility strategy with P = 1 has a more

desirable performance for a high target risk.

Target P Return p.a. (%) Volatility p.a.(%) SR MDD (%) Turnover (%)

Cons. ERC 3% G 6.50 3.46  0.95 5.21 15.05
Herfindahl 3% G 7.10 351 L11 5.48 12.08
Cons. ERC 3% 1 6.30 3.78 081 4.49 38.38
Herfindahl 3% 1 6.76 3.87 092 4.60 38.6G5
Cons. ERC 6% G 8.15 6.64  0.74 9.78 13.73
Herfindahl 6% G 8.60 6.67  0.81 9.78 11.74
Cons. ERC 6% 1 9.04 G.89 (.85 10.04 36.00
Herfindahl 6% 1 9.12 6.95 (.85 9.93 35.90
Cons. ERC 9% 6 9.80 9.95 .66 17.20 12.75
Herfindahl 9% G 9.92 9.93  0.68 16.96 9.98
Cons. ERC 9% 1 11.74 10.09  0.85 17.44 30.68
Shannon 9% 1 12.49 11.12  0.83 16.50 31.99
Cons. ERC 15% G 10.82 15,42 0.49 20.59 8.90
Herfindahl 15% 6 10.82 1541 0.49 29.59 8.38
Cons. ERC 15% 1 15.42 15.10 0.81 30.05 33.40
Shannon 15% 1 17.27 15.68  0.90 28.11 34.62

Table 4.6: Out of sample performance measurement of target risk portfolios. P = 1, 6 months. )

= 1 month.

Table 4.6 summarizes the outcomes of three-asset portfolios and backtesting results. Under the
same volatility level and rather close maximum drawdown of different rolling-window lengths, a
trade-off is made between return and turnover rate. The best strategy alternative to ERC strategy
is marked bold in Table 4.6. For a low target risk (3% and 6%), Herfinhadl strategy is the choice.
Regarding of turnover rate, a longer estimation window is chosen (P = 6). For a high target risk

(9% and 15%) with P = 1, Shaunon strategy has an outstanding performance.

4.2.2 Four-Asset Portfolio

Comparison of ERC and MD, P = 6,1

Figure 4.8 and Figure 4.9 show the backtesting results. The patterns are rather similar to thos
in Section 4.2.1. Shannon strategy has a poor performance for P = 6, especially for a low target
risk, but has a dominant advantage for I° = 1, especially for high target risks. Gini and Herfindahl

strategy give a steady performance, and bring a high return for a low target risk.
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Figure 4.8:
28/06/2021.

Backtesting outcomes of target risk four-asset portfolios from 03/07/2018 to
P =1 months. @ = 1 month.
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Figure 4.9: Backtesting outcomes of target risk four-asset portfolios from 04/02/2018 to
28/06/2021. P = 6 months. () = 1 month.

Comparison of Three-Asset Portfolio and Four-Asset Portfolio

If a comparison is made between three-asset portfolios and four-asset portfolios, it can be seen that
adding a diversified asset seems not to improve the performance, and gives a worse ont-of-sample
backtesting results, though the most uncorrelated asset is chosen. Results are shown in Table 4.7.
One exception is that, Shannon four-asset strategy gives a better result than three-asset strategy.
Though an improvement can be achieved by applying concentration minimization strategy, the

performance of the portfolios closely depends on the selection of the asset universe.




Target  No. Assets  Return p.a(%) Volatility p.a.(%) SR MDD (%) Turnover (%)
ERC 3% 3 .50 d.460 0,95 5.21 15.05
Herfindahl 3% 3 7.10 3.51 1.11 548 12.08
Constrained 3% 4 5.86 3.42 0 0.57 G6.18 16.39
Gini 3% 4 6.09 3.41 0.84 6.20 12.00
ERC 6% 3 ®15 G6.64  0.74 a7 13.73
Herfindahl 3% 4 H.60 6.67 0.81 9.78 11.74
Constrained 6% 4 T.72 6.73 (.67 11.07 15.00
Gini 6% 4 T.52 G.65 (.65 11.07 10.89
ERC 9% 3 11.74 10.09  0.85 17.44 J0.68
Shannon 9% 3 12.49 11.12 0.83 16.50 J1.99
Constrained 9% 4 10.98 9.76  0.80 17.80 32.39
Shannon 9% 4 11.70 10.40  0.82 16.60 30.02
ERC 16% 3 15.42 15.10 (.81 S0.05 33,40
Shannon 15% 3 15.68  0.90 2811 34.62
Constrained 15% 4 14.67 15.10  0.76 G018 J9.68
Shannon 15% 4 18.10 15,37 0.97 27.47 46.18

Table 4.7: Comparisons of three-asset portfolios and four-asset portfolios




Chapter 5

Application in Portfolio

Optimization

5.1 ETF Construction

Tthree-asset portfolios in Table 4.6 is used to construct FoF product. In addition, four-asset
portfolios in Table 4.7 are also applied to Fol” construction. In Chinese mutual fund markets, there
are index fund products which not only track index but also make improvement based on index
(Enhanced Index Fund, EIF), especially equity index, which generally have a better results than
ETFs, according to their historical performances. For this part, ETFs are applied for illustration,

and a better result may be possbly achieved if EIF is used.

For equities, two CSI 300 Index ETFs which have the highest Sharpe ratio before 01/01/2017 are
chosen (ticker = 159919, 110020} and equal 1/2 weight are assigned. For bonds, there is no CS1
Corporate Bond ETF in market that was established before 01/01/2017 and is being running at
the cwrrent time. Hence, eight mmtual LOF products of corporate bonds, which has an asset size
greater than 300 million CNY (approximately 33 million GBP) are chosen. They have a rather
low correlation (less than 0.2) and a 1/8 weight is assigned to each of the fund product. For
commodities, one Commodity Index ETE and one gold ETF are used. (ticker = 510170, 159934).

For illustration, a 3% ERC product has an average weight as shown in 5.1.

Asset Category Asset Weight(%)  Fund Product Ticker Product Weight(%)

o 159919 0.0
Equity 10.0 110020 50
161115 9.0

161119 9.0

160618 9.0

161716 0.0

Bond w0 161216 55
164210 9.0

164509 9.0

164703 5.0

Commodity 13.0 510170 13.0
Cash 34.0 NA NA

Table 5.1: Average asset weights in 3% ERC FoF construction
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Target Strategy Return p.a.(%)  Volatility p.a.(%) SR MDD (%) Turnover (%)

ERC 6.11 6.16 047 6.35 1.99
Clonservative ERC - 6 mons G.500 6.33  0.52 6.01 15.28
Herfindahl - 6 mons 7.42 G698 0.60 8.45 12.35
Moderate ERC - 6 mons 9.03 948 0.61 15.03 13 .88
Herfindahl - 6 mons 10.03 9.67  0.70 15.11 11.91
Apgressive ERC - 1 mons 12.77 12.64  0.76 23.23 30.61
Shannon - 1 mons 13.62 13.56 0.77 23.42 31.72
Very Aggresive ERC - 1 mons 15.44 lfi.:‘-lﬁ 0.72 .iZL)f) 353..26
Shannon - 1 mons 17.19 17.38  0.80 32.33 34.30

Table 5.2: Out-of-sample performance of three-asset Fol?
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Figure 5.1: Backtesting results of three-asset Fol'.

5.2 ETF Performance

ERC without target risk constraint, which is of the form in 2.3.1 is the most widely used strategy.
Though it cannot control portfolio risk, it is can be regarded as a benchmark and the performances
of target risk strategies can be compared wit it. The out-of-sample performance are shown in B.17.
Thongh the portfolios can control the volatility level when indices data is used, it brings a higher
volatility level in practical products. In particular, realized volatility of conservative portfolio is
greater than 6% and that of moderate portfolio is greater than 9%. It seems that more strategy
should be investigation for risk control. The desirable point is that concentration portfolios do
improve the return and give higher Sharpe ratios. Backtesting results for each target risk are

shown in Figure B.1.

Figure 5.1 and Figure 5.2 shows the Fol” strategies under each of the target risk. Fol's for satisfying
different risk targets can be constructed. Compared with a naive ERC portfolio, 6%, 9% and 15%
FoFs are more volatile, and more sensitive to the market, but they can achieve a higher return,

which are able to satisly expectations of investors.

Hence, risk-based approach is a feasible method for Fol' construction. Second, through mini-
mization concentration approaches, it is possible to obtain a better product than ERC approach.
Through this way, a basic but applicable and relatively desirable FoF product ean be constructed

according to different risk expectations.
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Figure 5.2: Backtesting results of four-asset FoF.
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Chapter 6

Conclusion

In this thesis, a construction of target risk fund and the improvement on it are explored.

First, by comparing mean variance strategy and risk budgeting strategy, we find the several de-
sirable properties of risk budgeting strategy: a steady weight allocation over time and a great
performance comparable with mean variance portfolio in long-term investment, which justifies the

following research based on risk-allocation approaches.

Second, based on investors’ requirement for constant risk control in investment, we use a strategy
in which a target risk constraint is imposed. It solves two problems in realistic: firstly, it realizes a
portfolio with a steady risk level as expected over time; second, it gives a proper weight allocation

to cash.

Third, from the point of view that higher risk diversification is associated with a better yield, four
different objective functions (ERC and concentration index) to minimize risk diversification level
are applied. The results show that the choice of objective functions should be related to target risk
level and window length of sample data. Herfindahl and Gini strategies show a steady property, and
bring 3% and 6% portfolios with desirable results. Shannon strategy shows an unstable property.
It brings a great return to 9% and 15% portfolios, if just a few latest sample data (approximately
22 trading days in this dissertation) is used for risk estimation. By applying concentration indices
as objective functions, improvement can be obtained if we use as ERC a benchmark portfolio.

Their general patterns can be used for further investment in different assets.

Fourth, to illustrate that using indices for asset allocation is applicable in practical investiment,
ETF and LOF products which tracks indices or reflect the performance of indices are used to
construct target risk FoF. Since the results are as expected, we regard it as a feasible way for index

FoF construction.
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Chapter 7

Discussion

According to section 4.2.2, the choice of assets plays an importance role. It is closely associated
with the performance of strategy. Selecting it mannally may not be able to get a desirable result.
[8] proposed the Optimization + Risk Parity diversification strategy, which solves the problem
between the selection of asset universe and maximum expected return. This can be formulated as

follows,

" = arg maxp(z)
. Bolx)
s

Ti < Yi
ye0,1"

ac R

= i

(7.0.1)

?f:l,..._.n.

where p(x) is utility function which aims to maximize an expected return, among all the solutions
for satisfying risk parity. Inspired by this optimization problem, I was attempting to modify this

for concentration minimization, which can be formulated as follows,

¥ = arg minC ()

u.c. Yoo, Ri(zy;) = RCY
T <Y (7.0.2)
ye0, 1"

It needs an efficient algorithm and I fail to realize it. Further investigation may be possible

conducted based on that.

In addition, when FoF is constructed based on practical product, FoF fails to control the risk well
and the realized volatility is higher than expected. That may be due to that ETFs fails to track
indices closely as well as the price volatility in the secondary market. Hence, possibly adjustment
can be made to risky assets for practical investment. Beside, further investigation can involve the
construction of more asset categories including ABS and overseas assets to see if risk diversification

can be improved and better returns can be gained.




Appendix A

Technical Proofs

A.1 Standard Quadratic Programming

According to [20], a general quadratic programming is defined as follows,

¥ = arg minfa.‘TG‘a.‘ +zTe

u.c. alz=bice (A1)

i
rr.t-T.ir =bhiiel

where (7 is a symmetrix n % n matrix, € and I are finite sets of indices, and ¢, z, and a;, i € e J I,
are vectors in ",

Especially, we set ¢ = 0. For ¢ € €, there is one constraint that a; = 1, b; = 1, a;, and for i € I,
let a; = (g1, ..., ty) which is the expected return of N assets, and b; = p*, which is the minimum
return we want to achieve. The optimization problem is then of the same form of 2.2.1. If G is
positive semidefinite, it is an conver QP. Since & is assigned to be the covariance matrix of asset

returns, which is positive semidefinite, hence 2.2.1 is an conver QP.

A.2 Target risk approach in convex optimization problem

form
If volatility is used for measuring risk, and let target risk be ¢*, variance-covariance matrix be
3, 2.4.1 can be reformulated as follows:
. N (Tx); :
ot = argmind ;| (@, — bio*)?
n.c. x>0 (A.2.1)
VaTSe =o*

The objective function is equivalent to minimize the following formula
N

D (@i(Na); — bio*?)?

i=1
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It can be written in matrix notation:
||z (Sx) — o*?bl[3

According to [9], every norm on R" is convex. And since ¥ is positive semidefinite matrix, 7 Xz

is convex. Hence, the target programming pr()hlcm can be rewritten as

r* = arg min||z- (Xx) — o*?b|[3
n.c. x>0 (A.2.2)
2T Yy = o*?
which is a convex optimization programming as the form of 2.4.2.

A.3 Convexity of Herfindahl Index and Shannon Index

Herfindahl index is expressed as follows,

H(n) = i?rf
i=1

The convexity of fi(m) = w7 is easily obtained by taking the second order derivative, that is,
fi (mi) = 2, which is greater than 0. According to 9], the weighted sum of convex functions is

convex. Hence, H =31, fi(m:) is convex.

The Shannon entropy is defined as follows,

Iim)=— Z?rx-{mrx-
i=1
The diversity index corresponds to the statistic
I*(m) = exp(I(7))

. Similarly, the concavity of f;(w;) = —w;lnw; can be obtained by taking the second order derivative.
Since _f:(?fg) = —1 < 0, fi(n;) is concave, and the sum of concave function is concave. g(x) =
—exp(x) is a concave and non-increasing function. According to (9], since I{7) is convex, only if
g is concave and non-decreasing, g(I(m)) is concave. Neither the concavity of Shannon Index nor

the convexity of it can be determined.
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Appendix B

Full Results

B.1 Three-Asset

B.1.1 Volatility

Target  CSI 300 Index  CSI Aggregate Bond Gold Index  Cash

Cons. ERC 3% 9.0 34.0 13.0 44.0
Uncons. ERC 3% 9.0 44.0 13.0 34.0
Shannon 3% 10.0 66.0 13.0 11.0
Herfindahl 3% 9.0 54.0 13.0 24.0
Gini 3% 9.0 54.0 13.0 24.0
Cons. ERC 6% 21.0 24.0 20.0 34.0
Uncons. ERC 6% 21.0 44.0 20.0 15.0
Shannon 6% 22.0 33.0 21.0 24.0
Herfindahl 6% 21.0 29.0 20.0 30.0
Gini 6% 21.0 26.0 20.0 33.0
Cons. ERC 9% 37.0 16.0 20.0 27.0
Uncons. ERC 9% 37.0 44.0 20.0 -1.0
Shannon 9% 36.0 18.0 20.0 26.0
Herfindahl 9% 37.0 15.0 20.0 28.0
Gini 9% 37.0 16.0 20.0 27.0
Cons. ERC 15% 65.0 2.0 18.0 15.0
Uncons. ERC 15% 66.0 35.0 2000 -21.0
Shannon 15% 63.0 4.0 19.0 14.0
Herfindahl 15% 65.0 2.0 18.0 15.0
Gini 15% 65.0 2.0 18.0 15.0

Table B.1: Average weights (%) of target risk portfolios from 02/01/2018 to 28/06,/2021. P = 12

months. 2 = 1 month.
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Target  Shannon Index (-3.00)  Herfindahl Index (0.33)  Gini Index (0.00)

In Out In Out In Out
Cons. ERC 3% -2.03 -1.97  0.53 0.55 040 0.42
Uncons. ERC 3% -2.07 -2.00 0.52 0.55 039 0.41
Shannon 3% -2.02 -2.00  0.57 0.58  0.42 0.43
Herfindahl 3% -2.08 -2.04 0.53 0.56 0.39 0.42
Gini 3% -2.08 -2.04  0.53 0.56 039 0.42
Cons. ERC 6% -1.82 -1.82  0.61 0.61 047 047
Uncons. ERC 6% -1.87 -1.85  0.60 0.61 046 047
Shannon 6% -1.82 -1.83  0.61 0.61 0.47 0.47
Herfindahl 6% -1.83 -1.82  0.61 0.61 047 0.47
Gini 6% -1.82 -1.83 0.61 0.61 0.47 047
Cons. ERC 9% -1.61 -1.61  0.70 0.71 053 0.53
Uncons, ERC 9% -1.67 -1.65  0.70 0.71 053 0.53
Shannon 9% -1.58 -1.60 0.71 0.71 0.53 0.53
Herfindahl 9% -1.61 -1.61 0.70 0.71 053 0.53
Gini 9% -1.61 -1.61 0.70 0.71 0.53 0.53
Cons. ERC 15% -1.37 -1.36 0.82 0.83  0.60 0.60
Uncons. ERC  15% -1.42 -1.40  0.82 0.82 059 0.60
Shannon 15% -1.36 -1.38  0.81 0.82  0.59 0.59
Herfindahl 15% -1.37 -1.36 0.82 0.83  0.60 0.60
Gini 15% -1.37 -1.36 0.82 0.83 0.60 0.60

Table B.2: Average value of concentration indices of target risk portfolios from 04/01/2017 to
28/06,/2021. In: in-sample value. Out: out-of-sample value. Expected value of Herfindahl Index,
Gini Index, Shannnon Index is 0.33, 0.00, -3.00 respectively. PP = 12 months. () = 1 month.
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Target  Return p.a. (%)  Volatility p.a. (%) SR MDD (%) Turnover (%)

Cons. ERC 3% G.16 J.38  0.87 4.72 7.11
Uncons. ERC 3% 6.70 341 1.02 4.72 8,52
Shannon 3% 4.77 4,92 0.32 10.33 1R.64
Herfindahl 3% 6.87 3.35  1.09 3.81 5.29
Gini 3% 6.80 3.29  1.09 3.64 5.74
Cons. ERC 6% 6.96 6.70  0.56 10.13 6.63
Uncons. ERC 6% 8.05 6.68  0.72 8.39 9.42
Shannon 6% 6.68 7.57  0.46 13.15 13.07
Herfindahl 6% 7.23 6.71  0.60 10.13 6.66
Gini 6% 7.06 6.76  0.57 10.13 9.48
Cons. ERC 9% 7.09 10,15 0.38 20.02 6.96
Uncons. ERC 9% 8.67 10,08 0.54 16.44 10.62
Shannon 9% 6.78 10,25 0.35 20.02 14.03
Herfindahl 9% 7.05 10,17 0.38 20.02 6.98
Gini 9% 7.09 10,15 0.38 20.02 6.96
Cons. ERC 15% 8.06 16.35  0.30 32.25 5.38
Uncons. ERC 15% 9.67 16.71  0.39 30.31 21.14
Shannon 15% 7.47 15.90  0.27 32.22 9.59
Herfindahl 15% 8.06 16.34  0.30 32,22 4.99
Gini 15% 8.06 16.34  0.30 32.22 4.99

Table B.3: Out of sample performance measurement of target risk portfolios from 02,/01,/2018 to
28/06/2021. P = 12 months. ) = 1 month.
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Target  CSI 300 Index  CSI Aggregate Bond Gold Index  Cash

Cons. ERC 3% 10.0 44.0 13.0 34.0
Uncons. ERC 3% 10.0 57.0 13.0 21.0
Shannon 3% 11.0 67.0 13.0 9.0
Herfindahl 3% 10.0 58.0 13.0 19.0
Gini 3% 10.0 58.0 13.0 19.0
Cons. ERC 6% 23.0 29.0 20.0 28.0
Uncons. ERC 6% 23.0 53.0 20.0 4.0
Shannon 6% 24.0 37.0 21.0 18.0
Herfindahl 6% 23.0 34.0 20.0 23.0
Gini 6% 23.0 32.0 20.0 25.0
Cons. ERC 9% 41.0 15.0 20.0 24.0
Uncons. ERC 9% 40.0 47.0 20.0 -7.0
Shannon 9% 41.0 17.0 21.0 22.0
Herfindahl 9% 41.0 18.0 20.0 22.0
Gini 9% 40.0 16.0 20.0 24.0
Cons. ERC 15% 64.0 3.0 20.0 13.0
Uncons. ERC 15% 69.0 42.0 22.0 -33.0
Shannon 15% 62.0 5.0 21.0 12.0
Herfindahl 15% 64.0 2.0 20.0 14.0
Gini 15% 64.0 2.0 20.0 14.0

Table B.4: Average weights (%) of target risk portfolios from 03/07/2017 to 28/06/2021. P =6
months. ¢ = 1 month.
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Target  Shannon Index (-3.00)  Herfindahl Index (0.33)  Gini Index (0.00)

In Out In Out In Out

Cons. ERC 3%  -2.10 -2.03  0.51 0.53 037 0.40
Uncons. ERC 3%  -2.16 -2.09  0.50 0.52 035 0.38
Shannon 3%  -2.05 -2.01 0.57 040 0.41
Herfindahl 3%  -215 -2.08 0.51 0.53 0.37 0.39
Gini 3% -2.16 -210  0.51 0.53 037 0.39
Cons. ERC 6%  -1.87 -1.83  0.59 0.60 045 047
Uncons. ERC 6%  -1.93 -1.86 0.58 0.60 0.44 0.46
Shannon 6%  -1.87 -1.85 0.59 0.60 045 0.47
Herfindahl 6%  -1.87 -1.84 0.59 0.60 045 0.47
Gini 6% -1.8T7 -1.84 0.59 0.60 0.45 0.46
Cons. ERC 9%  -1.63 -1.61  0.70 0.70  0.53 0.53
Uncons. ERC 9%  -1.69 -1.66  0.69 0.70 052 0.52
Shannon 9%  -1.62 -1.62  0.70 0.70  0.52 0.52
Herfindahl 9%  -1.64 -1.62  0.69 0.70 052 0.52
Gini 9%  -1.64 -1.63 0.69 0.69 0.52 0.52
Cons. ERC 15%  -1.44 -1.43 0.79 0.79 057 0.58
Uncons. ERC 15%  -1.48 -1.45  0.78 0.79 057 0.58
Shannon 15%  -1.45 -146 077 0.78  0.56 0.57
Herfindahl 15%  -1.44 -1.43  0.79 0.79 057 0.58
Gini 15% -1.44 -1.43 0.79 0.79 0.57 0.58

Table B.5: Average value of concentration indices of target risk portfolios from 04/01/2017 to

28/06/2021. In: in-sample value. Out: out-of-sample value. Expected value of Herfindahl Index,

Gini Index, Shannnon Index is 0.33, 0.00, -3.00 respectively. P = 6 months. ) = 1 month.
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Target  Return p.a. (%)  Volatility p.a. (%) SR MDD (%) Turnover (%)

Cons. ERC 3% 6.50 0.95 5.21 15.05
Uncons. ERC 3% 6.85 1.02 5.19 18.66
Shannon 3% 5.55 0.47 11.20 14.99
Herfindahl 3% 7.10 1.11 5.48 12.08
(ini 3% 6.580 1.02 5.38 15.55
Cons. ERC 6% #.15 0.74 9.78 13.73
Uncons. ERC 6% B3.66 (.52 9.78 20.16
Shannon 6% 8.00 0.66 14.57 16.48
Herfindahl 6% #.60 0.81 9.78 11.74
Gini 6% #8.50 0.79 9.78 9.20
Cons. ERC 9% 9.580 0.66 17.20 12.75
Uncons. ERC 9% 10.66 0.75 14.60 19.68
Shannon 9% 9.36 0.61 17.20 17.14
Herfindahl 9% 9.92 0.68 16.96 09.98
Gini 9% 9.583 0.66 17.11 9.85
Cons. ERC 15% 10.82 0.49 29.549 5.90
Uncons. ERC 15% 13.20 0.62 27.20 24.91
Shannon 15% 10.73 0.51 29.52 14.78
Herfindahl 15% 10.82 0.49 29.549 .38
(ini 15% 10.82 0.49 29.549 .38

Table B.6: Out of sample performance measurement of target risk portfolios from 03/07,/2017 to
28/06/2021. P = 6 months. () = 1 month.
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Target  CSI 300 Index  CSI Aggregate Bond Gold Index  Cash
Cons. ERC 3% 10.0 45.0 13.0 32.0
Uncons. ERC 3% 10.0 60.0 13.0 17.0
Shannon 3% 12.0 58.0 14.0 16.0
Herfindahl 3% 11.0 50.0 13.0 27.0
Gini 3% 11.0 53.0 13.0 24.0
Cons. ERC 6% 25.0 29.0 19.0 27.0
Uncons. ERC 6% 24.0 56.0 19.0 0.0
Shannon 6% 26.0 35.0 21.0 18.0
Herfindahl 6% 25.0 32.0 20.0 23.0
Gini 6% 25.0 31.0 20.0 24.0
Cons. ERC 9% 43.0 16.0 20.0 21.0
Uncons. ERC 9% 43.0 56.0 20.0  -19.0
Shannon 9% 43.0 19.0 21.0 17.0
Herfindahl 9% 43.0 17.0 20.0 20.0
Gini 9% 43.0 16.0 20.0 21.0
Cons. ERC 15% 66.0 5.0 19.0 10.0
Uncons. ERC  15% 71.0 56.0 22.0 -48.0
Shannon 15% 65.0 7.0 19.0 8.0
Herfindahl 15% 66.0 5.0 19.0 10.0
Gini 15% 66.0 5.0 19.0 10.0

Table B.T: Average weights (%) of target risk portfolios from 05/04/2017 to 28/06/2021. P =3

month. @ = 1 month.




Target  Shannon Index (-3.00)  Herfindahl Index (0.33)  Gini Index (0.00)

In Out In Out In Out

Cons. ERC 3% -2.15 -2.06  0.50 0.53 036 0.40
Uncons. ERC 3% -2.24 -213 048 0.52 033 0.39
Shannon 3% -2.19 -2.08  0.50 0.54  0.36 0.40
Herfindahl 3% =217 -2.07 0.50 0.53 0.35 0.40
Gini 3% -2.18 -210  0.49 0.53 035 0.39
Cons. ERC 6% -1.86 -1.83  0.59 0.61 045 047
Uncons. ERC 6% -1.94 -1.89 0.58 0.60 043 0.46
Shannon 6% -1.86 -1.83  0.60 0.61 045 0.47
Herfindahl 6% -1.87 -1.83  0.59 0.61 045 0.47
Gini 6% -1.87 -1.82 0.59 0.61 0.45 0.47
Cons. ERC 9% -1.65 -1.63  0.69 0.70 0.52 0.53
Uncons, ERC 9% -1.69 -1.67  0.69 0.70 052 0.53
Shannon 9% -1.64 -1.64  0.69 0.70  0.52 0.52
Herfindahl 9% -1.65 -1.63  0.69 0.70 052 0.53
Gini 9% -1.64 -1.63 0.69 0.70 0.52 0.53
Cons. ERC 15% -1.44 -1.43 0.79 0.79 057 0.57
Uncons. ERC  15% -1.50 -1.48 0.78 0.79 057 0.58
Shannon 15% -1.43 -1.45  0.78 0.78  0.57 0.57
Herfindahl 15% -1.43 -1.43  0.79 0.79 057 0.57
Gini 15% -1.43 -1.43 0.79 0.79 0.57 0.57

Table B.8: Average value of concentration indices of target risk portfolios from 04/01/2017 to

28/06/2021. In: in-sample value. Out: out-of-sample. Expected value of Herfindahl Index, Gini

Index, Shannnon Index is 0.33, 0.00, -3.00 respectively. P = 3 month. ) = 1 month.
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Target Return p.a. (%)  Volatility p.a.(%) SR MDD (%) Turnover (%)
Cons. ERC 3% 5.95 .43 .80 4.18 23.24
Uncons. ERC 3% 6.11 3.51 0.83 3.50 2N, 82
Shannon 3% 5.24 4.96 041 11.75 21.50
Herfindahl 3% 6.17 .44 (0LB6 4.39 20,70
Gini 3% 6.27 342 (.89 4.31 20,67
Cons. ERC 6% 8.22 6.61 0.76 9.31 22.22
Uncons. ERC 6% 8.50 6.61 0.80 8.24 34.34
Shannon 6% 8.18 757 0.66 14.85 26.67
Herfindahl 6% &8.33 6.61 0.77 9.57 20.34
Gini 6% #8.35 6.62  0.7T8 9.45 22.51
Cons. ERC 9% 10.85 9.99  0.7T6 15.92 20.46
Uncons. ERC 9% 11.13 9.95  0.79 13.51 37.03
Shannon 9% 10.535 10,39 0.71 17.78 24.28
Herfindahl 9% 10.890 10.00 077 15.92 20,51
Gini 9% 10.83 9.98 (.76 16.16 2048
Cons. ERC 15% 14.47 15.48 0.73 29.53 20.84
Uncons. ERC 15% 14.85 15.81 0.74 26.22 40,38
Shannon 15% 13.82 15.32  0.69 29.45 21.60
Herfindahl 15% 14.22 15.47 0.71 29.45 18.97
Gini 15% 14.22 1547  0.T1 29.48 18.75

Table B.9: Out of sample performance measurement of target risk portfolios from 05/04,/2017 to
28/06/2021. P = 3 month. () = 1 month.




Target  CSI 300 Index  CSI Aggregate Bond Gold Index  Cash

Cons. ERC 3% 12.0 47.0 13.0 29.0
Uncons. ERC 3% 11.0 62.0 13.0 13.0
Shannon 3% 14.0 58.0 15.0 12.0
Herfindahl 3% 12.0 56.0 13.0 19.0
Gini 3% 12.0 51.0 13.0 24.0
Cons. ERC 6% 27.0 28.0 19.0 25.0
Uncons. ERC 6% 27.0 57.0 19.0 -3.0
Shannon 6% 29.0 36.0 21.0 14.0
Herfindahl 6% 28.0 30.0 19.0 23.0
Gini 6% 28.0 30.0 19.0 23.0
Cons. ERC 9% 44.0 16.0 20.0 20.0
Uncons. ERC 9% 46.0 57.0 20,0 -23.0
Shannon 9% 45.0 21.0 22.0 12.0
Herfindahl 9% 44.0 16.0 20.0 20.0
Gini 9% 44.0 15.0 20.0 20.0
Cons. ERC 15% 69.0 6.0 17.0 8.0
Uncons. ERC  15% 71.0 56.0 23.0 -50.0
Shannon 15% 67.0 9.0 18.0 6.0
Herfindahl 15% 69.0 6.0 17.0 8.0
Gini 15% 69.0 6.0 17.0 8.0

Table B.10: Average weights (%) of target risk portfolios from 03/02/2017 to 28/06/2021. P =1
month. @ = 1 month.
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Target Return p.a. (%) Volatility p.a.(%) SR MDD (%) Tumover (%)
Cons. ERC 3% 6.30 3.78 081 4.49 38.38
Uncons. ERC 3% 6.42 3.98  0.81 4.08 47.19
Shannon 3% 6.93 4.30 0.87 6.48 31.94
Herfindahl 3% 6.76 3.87 092 4.60 38.65
Gini 3% 6.52 384 0.86 4.57 39.36
Cons. ERC 6% 9.04 6.89  0.85 10.04 36.00
Uncons. ERC 6% 9.09 6.99  0.84 8.80 50.63
Shannon 6% 9.89 T.83  0.85 11.08 39.27
Herfindahl 6% 9.12 6.95 0.85 9.93 35.90
Gini 6% 9.15 6.93  0.86 9.93 35.98
Cons. ERC 9% 11.74 10.09  0.85 17.44 30.68
Uncons. ERC 9% 12.27 10.29  0.88 16.12 54.83
Shannon 9% 12.49 11.12  0.83 16.50 31.99
Herfindahl 9% 11.68 10.10  0.84 17.44 30.56
Gini 9% 11.73 10,09  0.84 17.47 30.63
Cons. ERC 15% 15.42 15.10 0.81 30.05 33.40
Uncons. ERC 15% 17.95 15.63  0.94 27.97 64.04
Shannon 15% 17.27 15.68  0.90 28.11 34.62
Herfindahl 15% 15.62 15,16 0.82 30.05 32.30
Gini 15% 15.62 15,16 0.82 30.05 32.30

Table B.12: Out of sample performance measurement of target risk portfolios from 03,/02/2017 to
28/06,/2021. P = 1 month. ( = 1 month.

Target  Shannon Index (-3.00)  Herfindahl Index (0.33)  Gini Index (0.00)

In Out In Out In Out

Cons. ERC % -2.22 -2.07  0.48 0.54 031 0.40
Uncons. ERC 3% -2.31 -2.15 0.46 0.53 0.29 0.39
Shannon 3% -2.26 -212  0.48 0.53 032 0.39
Herfindahl 3% -2.24 -2.13  0.48 0.53  0.30 0.39
Gini 3% -2.24 -2.11 0.48 0.53  0.30 0.40
Cons. ERC 6% -1.87 -1.83  0.59 0.60 043 0.45
Uncons. ERC 6% -1.96 -1.89 0.57 0.59 0.42 0.45
Shannon 6% -1.86 -1.84  0.59 0.60 0.44 0.46
Herfindahl 6% -1.87 -1.84  0.59 0.60 0.43 0.45
Gini 6% -1.87 -1.84  0.59 0.60 0.43 0.45
Cons. ERC 9% -1.65 -1.64 0.68 0.69 0.51 0.52
Uncons. ERC 9% -1.72 -1.67 0.67 0.69 0.50 0.52
Shannon 9% -1.64 -1.65  0.68 0.68  0.51 0.52
Herfindahl 9% -1.65 -1.64 0.68 0.69 0.51 0.52
Gini 9% -1.65 -1.64 0.68 0.69 051 0.52
Cons. ERC 15% -1.42 -1.41 0.80 0.81 0.57 0.58
Uncons. ERC 15% -1.50 -1.49  0.77 0.79  0.56 0.57
Shannon 15% -1.39 -1.43  0.79 0.79  0.57 0.57
Herfindahl 15% -1.40 -1.40  0.80 0.81 0.58 0.58
Gini 15% -1.40 -1.40  0.80 0.81 0.58 0.58

Table B.11: Average value

of concentration indices of target risk portfolios from 04,/01,/2017 to

28/06,/2021. In: in-sample value. Out: ont-of-sample. Expected value of Herfindahl Index, Gini
Index, Shannnon Index is 0.33, 0.00, -3.00 respectively. P = 1 month. 2 = 1 month.




B.1.2 Using VaR and ES as Risk Measure

Target(%) Return p.a.(%)  Volatility p.a.(%) SR MDD (%) Turnover (%)

ERC 0.31 7.14 379 1.04 3.75 73.22
Shannon 0.31 7.80 6.89  0.67 B.70 47.31
Herfindahl 0.31 6.99 530 071 7.45 58.07
Gini 0.31 7.16 4.68  0.84 6.57 66.99
ERC 0.64 10.10 746 0.92 11.40 56.02
Shannon 0.64 7.08 810 0.48 12.07 36.65
Herfindahl 0.64 9.50 803 0.78 11.88 50.34
Gini 0.64 9.40 810 0.76 11.88 59.82
ERC 0.95 10.12 11.27  0.61 18.64 42.33
Shannon 0.95 6.08 10.55  0.36 17.66 43.00
Herfindahl 0.95 10.10 11.60  0.59 20.08 48.24
Gini 0.95 B.BT 1147  0.49 20.39 48.38
ERC 1.5 10.37 1572 0.45 27.85 24,86
Shannon 1.5 7.16 1523  0.26 28.14 38.56
Herfindahl 1.5 10.91 1595  0.48 28.08 29.24
Gini 1.5 10.53 16.03  0.46 29.07 24.61

Table B.13: Out of sample performance of target risk portfolios using VaRg.gs from 04,/07/2017 to
28/06/2021. P =6. Q =1

Target  Return p.a.(%)  Volatility p.a.(%) SR MDD (%) Turnover (%)

ERC 0.54 6.83 4.55  0.79 7.09 58.83
Shannon 0.54 9.84 £.29  0.80 10.56 36.74
Herfindahl 0.54 7.03 4.75  0.80 7.40 57.71
Gini 0.54 7.02 4.75  0.80 7.43 58.81
ERC 1.03 9.62 8.45 0.76 12.32 44.12
Shannon 1.03 11.92 9.28  0.94 12.21 3857
Herfindahl 1.03 9.80 846 0.78 12.32 44.51
Gini 1.03 9.74 846  0.77 12.64 44.83
ERC 1.51 10.24 11.99  0.59 21.92 31.32
Shannon 1.51 11.77 10.56  0.81 16.49 30.16
Herfindahl 1.51 10.37 11.98  0.60 21.92 31.78
Gini 1.51 10.36 11.98  0.60 21.92 31.83
ERC 2.34 11.85 16.93 0.51 30.56 14.09
Shannon 2.34 12.03 12.58  0.70 18.96 17.92
Herfindahl 2.34 11.85 16.93 0.51 30.56 14.09
(Gini 2.34 11.85 16.93  0.51 30.56 14.00

Table B.14: Out of sample performance of target risk portfolios using ESq o5 from 04,/07,/2017 to
28/06/2021. P =6. Q = 1
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B.2 Four-Asset

Target  Return p.a.(%)  Volatility p.a.(%) SR MDD (%) Turnover (%)
ERC 3% 5.44 3.94  0.56 6.08 42.27
Shannon 3% 5.81 4.03  0.64 6.32 46.59
Herfindahl 3% 5.76 3.81  0.67 6.09 34.17
Gini 3% 6.31 3.72  0.83 4.42 41.77
ERC 6% #.50 6.74 0.78 10.97 40.32
Shannon 6% 9.04 7.30  0.80 10.56 40.58
Herfindahl 6% 8.37 6.81  0.76 10.97 40.36
Gini 6% 8.36 6.80  0.76 10.97 40.33
ERC 9% 10.98 9.76  0.80 17.80 32.39
Shannon 9% 11.70 10.40  0.82 16.60 35.52
Herfindahl 9% 10.85 9.87  0.77 17.80 32.85
Gini 9% 10.77 9.89 0.76 17.80 32.36
ERC 15% 14.67 15.10  0.76 30.18 39.68
Shannon 15% 18.10 15.37 097 27.47 46.18
Herfindahl 15% 15.18 14.96  0.80 30018 36.58
Gini 15% 15.23 14.96  0.80 30.18 36.31

Table B.15: Out of sample performance measurement of four-asset target risk portfoliio from
03/02/2017 to 28/06/2021. P = 1 month. Q = 1 month.

Target  Return p.a.(%)  Volatility p.a.(%) SR MDD (%) Turnover (%)
ERC 3% 5.86 342 077 6.18 16.39
Shannon 3% 5.40 5.00 0.44 12.83 21.63
Herfindahl 3% 6.00 3.37  0.83 6.20 8.62
Gini 3% 6.09 341 0.84 6.20 12.00
ERC 6% 7.72 6.73  0.67 11.07 15.00
Shannon 6% 6.85 7.24  0.50 15.75 15.25
Herfindahl 6% 7.56 6.64  0.66 11.07 13.02
Gini 6% 7.52 6.65  0.65 11.07 10.89
ERC 9% 9.36 10.07  0.61 18.08 14.49
Shannon 9% 877 10.08  0.55 18.08 15.76
Herfindahl 9% 9.52 10.03  0.63 17.97 11.55
Gini 9% 9.46 10.03  0.62 17.80 12.81
ERC 15% 11.68 15.51 0.55 29.91 10.91
Shannon 15% 10.96 14.90  0.52 29.90 15.24
Herfindahl 15% 11.50 15.49  0.53 29.92 9.57
Gini 15% 11.71 15.42  0.55 209.92 9.74

Table B.16: Out of sample performance measurement of four-asset target risk portfoliio from
04/07/2017 to 28/06/2021. P = 6 month. @ = 1 month.
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Figure B.1: Backtesting results of three-asset Fol’

Fund of fund products

Return p.a(%)  Volatility p.a. (%) SR MDD (%)} Tumover (%)

ERC - 6 mons 6.30 6.33  0.52 6.01 15.28
Herfindahl - 6 mons T.42 6958 0.60 8.45 12.35
ERC - 6 mons 9.03 948 061 15.03 13.88
Herfindahl - 6 mons 10.03 9.67  0.70 15.11 11.91
ERC - 1 mons 12.77 12.64 (.76 23.23 30.61
Shannon - 1 mons 13.62 13.56  0.77 23.42 31.72
ERC - 1 mons 15.44 16.98  0.72 32.96 33.26
Shannon - 1 mons 17.19 17.38 (.80 32.33 34.30

Table B.17: Out of sample performance of three-asset Fol!




Return p.a. (%) Volatility p.a.(%) SR MDD (%) Turnover (%)
ERC - 6 mons .53 6.15 0.43 7.56 36.17
Gini - 6 mons 6.03 6.31  0.45 T.76 23.15
ERC - 6 mons 9.02  0.55 15.18 38.28
Gini - 6 mons 9.21 (.50 15.06 26.40
ERC - 1 mons 11.95 (.76 22,97 32.31
Shannon - 1 mons 12.05 (.74 32.78
ERC - 1 mons 16.60 (.67 39.61
Shannon - 1 mons 16.44 (.69 36.45

Table B.18: Out of sample performance of four-asset Fol
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