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Abstract

Ever since the inception of Markowitz’s modern portfolio theory, static portfolio optimization techniques were gradually
phased out by dynamic portfolio management due to the growth of popularity in automated trading. In view of the intensive
computational needs, it is common to use machine learning approaches on Sharpe ratio maximization for implementing
dynamic portfolio optimization. In the literature, return-based approaches which directly used security prices or returns to
control portfolio weights were often used. Inspired by the arbitrage pricing theory (APT), some other efforts concentrate on
indirect modelling using hidden factors. On the other hand, with regard to the proper risk measure in the Sharpe ratio, downside
risk was considered a better substitute for variance. In this paper, we investigate how the Gaussian temporal factor analysis
(TFA) technique can be used for portfolio optimization. Since TFA is based on the classical APT model and has the benefit of
removing rotation indeterminacy via temporal modelling, using TFA for portfolio management allows portfolio weights to be
indirectly controlled by several hidden factors. Moreover, we extend the approach to some other variants tailored for investors
according to their investment objectives and degree of risk tolerance.
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction

Portfolio management has evolved as a core deci-
sion-making activity for investors and practitioners in
the financial market nowadays. Prior to the inception
of Markowitz’s modern portfolio theory [11], theoret-
ical research on investments has concentrated on
modelling expected returns [2].

During the early stage of its development, portfolio
optimization was often constrained by its static im-
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plementation. Unlike dynamic portfolio optimization
by which the optimal portfolio weights were tracked
over time based on updated market information, the
weights determined using static optimization tech-
niques could not adapt to market changes within the
investment horizon.

Despite dynamic portfolio optimization being pow-
erful, it turned out to be a problem that required
intensive computation. Recall that the most natural
technique for solving dynamic portfolio optimization
problems was stochastic dynamic programming.
However, this approach was often compromised by
several factors such as the curse of dimensionality
when too many state variables were involved [7]. In
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general, practical considerations such as taxes and
transactions costs also increased the number of state
variables in the objective function.

In fact, this problem could be better solved via
some popular machine learning approaches [3,12,13,
21] which required the optimal parameters to be adapt-
ively learned over time, and consequently, we have
the term adaptive portfolio management. Among the
various methodologies suggested, the most popular
one is based on maximizing the well-known Sharpe
ratio [17]. In implementation, trading could be based
on training a trading system on labelled data [12] or
directly maximizing the expected profit via the so-
called adaptive supervised learning decision networks
[8,21]. In this paper, these approaches were generally
referred to as return-based portfolio management be-
cause they either explicitly treated the weights as con-
stants or depend directly on the security price or returns.

Inspired by the arbitrage pricing theory (APT) in
finance, which assumes that the cross-sectional
expected returns of securities is linearly related to &
hidden economic factors, typical statistical techniques
such as principal component analysis (PCA), inde-
pendent component analysis (ICA) [1,22] and maxi-
mum likelihood factor analysis [10] have been used.
However, should we adopt either PCA or ICA for
estimating the hidden factors, we have to compromise
on the terms of zero noise. Likewise, we have to make
a compromise on rotation indeterminacy if we use
conventional factor analytic techniques.

In fact, many researchers also realized that variance
was not appropriate for quantifying risk in the Sharpe
ratio because it counted positive returns as risk. For
instance, Fishburn used the lower partial moment
(LPM) [5] of returns called downside risk to replace
the traditional variance measure. Moreover, similar
ideas were adopted for implementing portfolios opti-
mization [8,9].

In this paper, we aim to investigate using the
technique temporal factor analysis (TFA) [18] for
portfolio optimization. Since TFA is based on the
classical APT model and has the benefit of removing
rotation indeterminacy via temporal modelling, using
TFA for portfolio management allows portfolio
weights to be indirectly controlled by several hidden
factors. Moreover, we can extend the approach to
some other variants tailored for investors according to
their risk and return objectives.

The rest of the paper is organized in the following
way. Sections 2 and 3 briefly review the APT and the
Gaussian TFA models, respectively. Section 4 illus-
trates how the APT-based adaptive portfolio manage-
ment can be effected with algorithms proposed in this
paper. Three variants of the APT-based Sharpe ratio
maximization technique are studied in Section 5.
Section 6 concludes the paper.

2. Review on arbitrage pricing theory

The APT begins with the assumption that the n X 1
vector of asset returns, R,, is generated by a linear
stochastic process with & factors [14—16]:

Ri=R+Af, +e¢ (1)

where f; is the £ X 1 vector of realizations of &
common factors, 4 is the n X k matrix of factor
weights or loadings and e, is an n X 1 vector of
asset-specific risks. It is assumed that f; and e, have
zero expected values so that R is the n X 1 vector of
mean returns. The model addresses how expected
returns behave in a market with no arbitrage oppor-
tunities and predicts that an asset’s expected return is
linearly related to the factor loadings or

R=Ry+4p (2)

where R, is an n X 1 vector of constants representing
the risk-free return, and p is kX1 vector of risk
premiums. Similar to the derivation of CAPM, Eq.
(2) is based on the rationale that unsystematic risk is
diversifiable and therefore should have a zero price in
the market with no arbitrage opportunities.

3. Overview of temporal factor analysis

Suppose the relationship between a state y,=R* and
an observation x,cR? is described by the first-order
state-space equations as follows [18,19]:

=By +é&, (3)
x,:Ayt+et, t:l,27...7N (4)

where ¢ and e, are mutually independent zero-

mean white noises with E(g;g;) = 2.0, E(e,-ejT )=2:04,
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E(s,—ejT )=0, X, and X, are diagonal matrices and J; is
the Kronecker delta function:

1, ifi=y,
Oy = - (5)
0, otherwise

We call ¢, the driving noise upon the fact that it
drives the source process over time. Similarly, e; is
called measurement noise because it happens to be
there during measurement. The above model is gen-
erally referred to as the TFA model.

In the context of APT analysis, Eq. (1) can be ob-
tained from Eq. (4) by substituting (R, — R) for x, and
f; for y,. The only difference between the APT model
and the TFA model is the added Eq. (3) for modelling
temporal relation of each factor. The added equation
represents the factor series y={y,}/_ in a multichan-
nel autoregressive process, driven by an i.i.d. noise
series {&} T_| that are independent of both y, _ | and e,.
Specifically, it is assumed that ¢, is Gaussian distrib-
uted. Moreover, TFA is defined such that the k& sources
vy y¥ in this state-space model are statisti-
cally independent. The objective of TFA is to estimate
the sequence of y,’s with unknown model parameters
O={4,B,%,,2,} through available observations.

3.1. A learning algorithm

In implementation, an adaptive algorithm has been
suggested. At each time unit, factor loadings are esti-
mated by cross-sectional regression, and factor scores
are estimated by maximum likelihood learning. Xu
proposed an algorithm in Ref. [19] as shown below.

Step 1: Fix 4, B, X, and X, estimate the hidden
factors y, by
P IS ) NS X B ),
&§=yi— By 1,
e;=x;— Ay
Step 2: Fix y,, update 4, B, 2, and 2, by the
gradient ascent approach as follows:
B =B+ nodiaglewy 1],
AHEW:AOId+7’Io€1ytT,
=1 — )X + odiaglee ],
21 = )X+ nodiaglere; .

where 7, denotes the learning rate.

3.2. TFA driven by ARCH(p) process

In the finance literature, effects of autoregressive
conditional heteroscedasticity (ARCH) were consid-
ered in modelling unobserved components [6] as well
as hidden factors [4]. In fact, the TFA model can be
directly extended so as to explicitly consider the
presence of ARCH effect. For example, we may just
assume that each factor series has ARCH(p) effect.
Mathematically, we have

=4, P N,

GF _ (P LN GRLGP
v =ai + Zarf) &
=1

To accommodate for the learning of ARCH effect,

updating of X, at time 7 can be alternatively done via
updating af” and {a'”}?_ | as shown below:

. , ()
a(() Jmew __ a(() Jold | nag

RO
x ; —1 (6)
2 2
a’’ + Z a‘<[j>28t(l>‘c
=1
(/) ()
glnew — (old . na: &~

&l
X : 5 — -1 (7)
a¥ +Za£j> Sz@z
=1
lp(l)2 0 0
. 0o Y@ 0
0
kZ
0 0 lﬁ()
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4. Gaussian TFA for adaptive portfolio
management

When the APT-based Gaussian TFA model is
adopted for portfolio management, portfolio weights
adjustment can be made under the control of indepen-
dent hidden factors that affect the portfolio. In the
sequel, we illustrate how this can be achieved under
the following four scenarios:

Transaction Short sale

cost permission
Scenario I no no
Scenario 1I yes no
Scenario 11T no yes
Scenario TV yes yes

4.1. Scenario I: No transaction cost and short sale
not permitted

The assumptions underlying this scenario are no
transaction cost and short sale not permitted. Conse-
quently, we consider the return of a typical portfolio
which is given by Ref. [19]

Ri=(1—o)r +o Zﬂf-f)xﬁf),
=

o >0,

subject to

SA =1
J=1

where 7/ denotes the risk-free rate of return, x,
denotes returns of risky securities, «, the proportion
of total capital to be invested in risky securities and
B the proportion of o, to be invested in the jth
risky asset.

Instead of focussing on the mean variance efficient
frontier, we seek to optimize the portfolio Sharpe

ratio (S,) [8] with S, = M(R7)/+/V(Rr) given by
Ref. [19]. In other words, the objective function to
maximize is:

max S, = M(Ry)
V. V(Rr)
o = exp({;),
Ct = g(yl‘a w)a
subject to 0 0 m )
ﬂtj = ft'] / ftr s 9
exp( ) ;exp( ) 9)
ét :f(,yta ¢)

where M(Ry) = L3°1_| R, is the conditional expected
return and V(Ry) = %ZZTZI[Rt — M(R7)) is a mea-
sure of risk or volatility, { y,}f’: 1 is the time series of
independent hidden factors that drives the observed
return series {x,}—1, g(y,¥) and f(y,¢) are some
nonlinear functions that map y;, to, respectively, {, and
&, which, in turn, adjusts the portfolio weights o, and
B, respectively.

Maximizing the portfolio Sharpe ratio in effect
balances the trade-off between maximizing the
expected return and at the same time minimizing the
risk. In implementation, we can simply use the gradi-
ent ascent approach. The time series {y,}’~, can be
estimated via the Gaussian TFA algorithm in Ref.
[19]. Although the functions g(y,¥) and f(y,¢) are
not known a priori, it may be approximated via the
adaptive extended normalized radial basis function
(ENRBF) algorithm in Ref. [20].

Like radial basis function (RBF) network, ENRBF
is one of the popular models adopted for function
approximation. The general form of RBF is

k
fi@) =Y wioll — ) 5 v — ) (10)
=1
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ENRBEF is an improved modification of RBF by
replacing w; with a linear vector functlon W x+c;and
dividing the term @([x — H,]TZ [x — ,u,]) over the
aggregate of all terms to arrive at

where W; is a parameter matrix.

Basically, each WJ»Tx-S-cj represents a local linear
segment. The ENRBF network approximates a glob-
ally nonlinear function by joining all piecewise linear
segments weighted by probability. The set of param-
eters to be estimated is O={w;, 2, W, ¢, j—1

Specifically, g(y,) and f{ y,,d)) can be modelled
by the ENRBF shown below.

k

g()’m Z W Vi +Cp :up72pak) (12)
k A ~

01 0) Z (W) v+ &) oy, 2p, k) (13)

where

o1t 5 k) = kexp(—O-S(yt—up) o))

S exp(-0.50n — 1), (v~ 1)
r=1

The set of parameters in Egs. (12) and (13) to be
estimated is © where O = YU, y={u,,%, Wp,cp} p=1
and ¢o={[,,2, cp}p, 1 In general, for each 00,
updating takes place adaptively in the following

form:

ey — 901d + nOVHSp (14)

where 1o is the learning step size, VS, denotes the
gradient with respect to 0 in the ascent direction of
Sp. Typically, the adaptive algorithm shown in Table
1 can be adopted for implementation.

4.2. Simulation

4.2.1. Data considerations

All simulations in this paper are based on the
past average fixed deposit interest rate, stock and
index data of Hong Kong. Daily closing prices of
the 1-week bank average interest rate, 3 major
stock indices as well as 86 actively trading stocks
covering the period from January 1, 1998 to
December 31, 1999 are used. The number of
trading days throughout this period is 522. The
three major stock indices are, respectively, Hang
Seng Index (HSI), Hang Seng China-Affiliated
Corporations Index (HSCCI) and Hang Seng China
Enterprises Index (HSCEI). Of the 86 equities, 30
of them are HSI constituents, 32 are HSCCI con-
stituents and the remaining 24 are HSCEI constit-
uents. The index data are directly used for adaptive
portfolio management while the stock prices are
used by Gaussian TFA for recovering independent
hidden factors y,.

4.2.2. Methodology

We consider the task of managing a portfolio
which consists of four securities, the average fixed
deposit interest rate and the three major stock
indices in Hong Kong. The fixed deposit interest
rate is used as the proxy for the risk-free rate of
return 7. The first 400 samples are used for training
and the last 121 samples for testing. In the test
phase, we first make prediction on y, and x, with
v, = By,_; and X, = 4Ay,. Moreover, learning is
carried out in an adaptive fashion such that the
actual value of x, at time ¢ is used to extract y, and
modify the parameters once it is known (i.e., once
the current time ¢ is passed into ¢+ 1). The APT-
based algorithm in Table 1 is adopted that uses
hidden independent factors extracted by TFA for
controlling portfolio weights. We refer to this ap-
proach APT-based portfolio management. Both TFA
algorithms with or without ARCH effect consider-
ation could be used for this purpose. For simplicity,
in the following experiments, we only adopt the one
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Table 1

An adaptive algorithm for implementation of the APT-based portfolio management

Updating rules for the parameter set i/

152 = 190V ¢ Sp) Pt X, KT (b, o,
PN = Z 4 (V£ S0t k)T (1 Z s
W™ = WM+ (¥ ¢ Spyr@(itp, Ep.k)
c;ew = Cpld +n( V¢ p)¢(ﬂp=2pak)

WosCo k) (e — 1)
W psCpo K1, 2 )

Updating rules for the parameter set (;5

5 = A3+ AV &S (57— )Py 2 R) 1% ) WgrCp.gok)
= Z"”Jrn(V S IK(flps p)cp(up,fp,k)x(up, o s qik)
Wncw W°ld+n(W 2 pyﬂp(#p, 2,k)

é,?e,w ,‘i‘,d iV £280) p(fp, 25

where 1 and fjare learning rates,

M(R7)=1/TX{- \R,, V(R7)=VTZ]_\[R,— M(R7)]*

T
{V(RT) — M(Rr) (RT - Z Ry —

>>ﬂ 3 exp(¢0)al)
r=1

Ve Sp = m -/ exp({r),
T/ [V (Rr)P > exp(el)
r=1
|:V(RT) — M(Ry) (Rr - Z )]exp {r)x (Z exp(&r’) — exp(é?’)) exp(&)
V:(”Sp = = ’

_ Y P
o1y, Zpo k) = kexp( 0.50r — )" 2, (r — 1ty)) ’

> exp(=0.5(r — 1) 2 (o7 — 1)

2
T\/[V(Ry) <§ jexp@;’)))
r=1

K Z0) =2y ' (vr— 1)y — ) 2y ' = 0.5diag [, ' (vr— wp)(vr— ) 25 ',

k
Wlyr +¢p) Z Tyr + )

o, 2 k)

r=1
T(Hp7‘):p7Wp7cp7k) = ’

k
ZeXP =0.50r — 1) 27 vr — 1))

k

(WpT:qu + Cqu) - Z(W]Z__ryT + cl‘)(p(:urs erk)

r=1
( s Zps Wpgs Cpgr k) = P

> exp(=0.5(vr — p1,)"

2 e = u)

4 denotes the pth column of the gth matrix, diag[M] denotes a diagonal matrix that takes the diagonal part of a matrix M, {7=g(yznY) as
deﬁned in Eq. (6) and &% is the jth output of f(y5¢) as defined in Eq. (7).

without ARCH consideration. For each y, under test,
we can adaptively get {,=g(y,¥) and &=y, dba
and then the portfolio weights o, =exp ({,) and ,B

= exp(eV)/ S exp(&Y). Finally, returns can be
computed via Eq. (8). For the sake of comparison,
we also implement a traditional approach that di-
rectly uses stock returns x; instead of hidden factors

v, [8]. We refer to this approach return-based
portfolio management.

4.2.3. Results

Fig. 1 shows the returns of individual securities
that make up the portfolio during the test phase, with
relevant risk-return statistics given in Table 2. Graph-
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Fig. 1. Returns of individual securities in the portfolio.

ical comparison of profit gain between the two
approaches using test data is shown in Fig. 2. Daily
risk-return statistics of the portfolios are given in
Table 3.

4.3. Scenario II: has transaction cost but short sale
not permitted

Scenario II differs from Scenario I in taking into
account the effect of transaction cost. Since any

Table 2
Daily risk-return statistics of constituents of portfolios

Component name Mean return Risk

(%) (%)

Average interest 0.0148 0.00
rate

HSI 0.18 1.48

HSCCI 0.03 2.51

HSCEI —0.20 2.55

20 1

- =+ Return-based
— APT-based

Profit Gain (%)

5 . . . . . . )
0 20 40 60 80 100 120 140

Number of Trading Days

Fig. 2. Comparative profit gain of APT-based and return-based
portfolios for Scenario I.



492 K.-C. Chiu, L. Xu / Decision Support Systems 37 (2004) 485-500

Table 3

Daily risk-return statistics of the portfolio for Scenario I
Return-based APT-based Change in
portfolio portfolio Sharpe

ratio AS;,

Mean return 0.06% 0.14% -

Risk 0.48% 0.81% -

Sharpe ratio 0.1250 0.1728 1 38.24%

change on S leads to a transaction that incurs a cost
on return ¢, given by

m
¢ = —ottZrCH?E]) —
=1
=y el -
=1

where 7, is a constant denoting the rate of transac-
tion cost. Consequently, we consider the portfolio
return adjusted for transaction cost given by Ref.
[19] .,
= (1 — Ott)l”f + Ot Z[ﬂ,(/)x,(/)
j=1
— A1),

o >0,

(]21 |Py)/Py21

BO (1 420 (15)

_rclﬁy)

<p,=1,

m .
S =1
j=1

The APT-based algorithm in Table 1 could still be
adopted in this case, except that the two terms VS,
and VS, become, respectively,

subject to (16)

|:V(RT) — M(Rr) <RT - M(Rr) —
VS =

-~ CXP(E(;)—l)

> exp(ef)
r=1

1+ | = |exp(cr),

1
T

x [ — rsign (exp(ef)) — exp(ef )]

x [Z exp(¢f) - exp<f¥>>] exp(¢7)

4.3.1. Simulation

For the purpose of simulation, we fix the rate
of transaction cost at r.=0.1%. Graphical compar-
ison of profit gain between the two approaches
using test data is shown in Fig. 3, while daily

risk-return statistics of the portfolios are given in
Table 4.

4.4. Scenario III: no transaction cost but short sale is
permitted

Scenario III differs from Scenario I in that
short sale is now permitted. By removing the

20

- =+ Return-based
— APT-based

10 |

Profit Gain (%)
o

0 20 40 60 80 100 120 140
Number of Trading Days

Fig. 3. Comparative profit gain of APT-based and return-based
portfolios for Scenario II.
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Table 4

Risk-return statistics of the portfolio for Scenario 11
Return-based APT-based Change in
portfolio portfolio Sharpe ratio

AS,

Mean return 0.04% 0.12% -

Risk 0.42% 0.73% -

Sharpe ratio 0.0952 0.1644 1 72.69%

nonnegative constraints on o, and f; in Eq. (8),
we get

Ri=(1-o)r' + othﬂ,(i)xy)
i1

—re | B = B (1)
subject to Zﬁy) =1 (17)
=

and the new objective function

max Sy, = 7M(RT)

V.9 V(RT)
o = é,t :g(ytvw)v

subject to  gY) — V) Zm: &n. . (18)
ft :f()/n ¢>

In implementation, the algorithm in Table 1 could
be adopted, except the two terms V. S, and V¢ S,
become, respectively,

T
V(Rr) ~ M(Rr) (RT — M(Re)~ D (R - M(R,»)]

VQTSP - 3 =
T\/[V(Rr)]
m =(/) (/) (/) =(J i
X gnf T —7e mgT — ,fT’] (1+x<T/)) —r/
— (r r (1)
j=1 Z éT) Z ég-) Z &l
r=1 r=1 r=1
T
[V(Rr)— M(R )(RT—M(RT)—%Z(R,—M(R[))ﬂer(’) (Z 34 ’(’]>
VS, = - -

4.4.1. Simulation

For the purpose of simulation, short selling is not
applicable to the return-based approach. Graphical
comparison of profit gain between the two approac-
hes using test data is shown in Fig. 4, while daily
risk-return statistics of the portfolios are given in
Table 5.

4.5. Scenario IV: has transaction cost and short sale
is permitted

Scenario IV differs from Scenario I in that the
effects of both transaction cost and short sale on
portfolio selection have to be treated appropriately.
As a result, we have

m

Ry =(1- cx,)reroc,Z[ﬁE")xy) —re| Y

Jj=1
—B2 11+ ),
subject to Zﬂy) =1 (19)
=1

Here, we have the objective function the same as
Eq. (18). The APT-based algorithm in Table 1 could

30 1

=+ Return-based
— APT-based

25

- n
o o

Profit Gain (%)

0 20 40 60 80 100 120 140
Number of Trading Days

Fig. 4. Comparative profit gain of APT-based and return-based
portfolios for Scenario III.
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Table 5

Risk-return statistics of the portfolio for Scenario IIT
Return-based APT-based Change in
portfolio portfolio Sharpe ratio

AS,

Mean return 0.06% 0.19% -

Risk 0.48% 0.92% -

Sharpe ratio 0.1250 0.2065 165.20%

still be adopted in this case, except that the two terms
V¢,Sp and V1S, become, respectively,

VS, = [V(RT) — M(Ry) (RT — M(Ry)

{r

4.5.1. Simulation

In simulation, we fix the rate of transaction cost at
r.=0.1%, and short selling is not applicable to the
return-based approach. Graphical comparison of profit
gain between the two approaches using test data is
shown in Fig. 5, while daily risk-return statistics of the
portfolios are given in Table 6.

4.6. Performance evaluation

To summarize the experimental results of the above
four scenarios, we have noted the following two
phenomena. First, the APT-based portfolio in general
performs better than the return-based portfolio if the
scope of comparison is limited to within each scenar-
io, as evidenced by higher S, attained in Tables 3—-6.
It should be noted that higher §, may arise as a
consequence of one of the following situations: (i)
higher expected return, lower overall volatility; (ii)
higher expected return, same overall volatility; (iii)
same expected return, lower overall volatility; (iv)
both expected return increase or decrease, with
expected return increases (decreases) at a faster (low-
er) rate than overall volatility. Second, if we compare
the performance of APT-based portfolios across all the
four scenarios, especially the portfolio Sharpe ratio of
scenario III against 1 (T 19.50%) and scenario 1V
against II (T 10.58%), we may conclude that perfor-
mance may be further improved whenever short sale
is permitted.

The first phenomenon reveals the fact that indepen-
dent hidden factors may be more effective in control-
ling portfolio weights. Possible rationales include
dimensionality reduction, as there are usually only a
few hidden factors for a large number of securities.
What seems to be a more important revelation is that
the classical APT [16] model is still helpful here.

25

- =+ Return-based
— APT-based

20

Profit Gain (%)
> o

o

0 20 40 60 80 100 120 140
Number of Trading Days

Fig. 5. Comparative profit gain of APT-based and return-based
portfolios for Scenario IV.
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Table 6

Risk-return statistics of the portfolio for Scenario IV
Return-based APT-based Change in
portfolio portfolio Sharpe ratio

AS,

Mean return 0.04% 0.16% -

Risk 0.42% 0.88% -

Sharpe ratio 0.0952 0.1818 190.97%

Although short selling is expensive for individual
investors and not generally permissible for most
institutional investors [2] in many markets, relevant
experimental results reveal the hypothetical potential
benefit such facility might add to the portfolio
returns. The benefit mainly arises from the exploi-
tation of downside trend in market price in addition
to upward movement. This, in turn, reduces the
chance that the fund is left idle due to declining
stock prices for most stocks, which is more or less a
phenomenon when the general market atmosphere is
gloomy.

5. APT-based portfolio management by modified
portfolio Sharpe ratio

In this section, we consider three variants of the
portfolio Sharpe ratio. Specifically, we consider port-
folio expected downside risk V7 which is represented
by

r :%Ziiﬁt b /(; /0 x5 p

t=1 i=1 j=I 00
(xlg)rxt ) d‘x(/

m

O UL
=1 i=1 j=1

(20)

where f8; and x; denote the portfolio weight and return
of the ith risky security, respectively, and D{? is a
constant.

In addition to considering the downside risk, the
so-called portfolio expected upside volatility V7 can
be defined similarly as

Soan [ [y
i 0 0

SR o)

where f8; and x; denote the portfolio weight and return
of the ith risky security, respectively, and U is a
constant.

5.1. Modified Sharpe ratio with minimum downside
risk and maximum upside volatility

Given that portfolio variance can be broken down
into portfolio downside risk and upside volatility, it is
desirable to consider the maximization of the upside
volatility and minimization of the downside risk at the
same time in calculating the optimal portfolio. In other
words, we can consider maximization of the following
improved Sharpe ratio S},

R Vi
max Sp = M(Rr) + V7 T)j_ L
v.d Ve
o = exp({y),
(= g(yta lp)a
subject to (22)

= ool | 3ewtd)
ft :f(ytv )




496

In implementation, the algorithm in Table 1 could
be adopted, except the two terms V. S, and VS,
become, respectively,

Z exp(¢& i exp(¢

xT —erexp fr )exp(lr)
V., 8= !

3003 ewlcl el !

=1 =1 j=1

5.1.1. Simulation

We implement the modified Sharpe ratio simula-
tion using the same set of data described before and
the APT-based approach in Scenario I as benchmark
for comparison. Graphical comparison of profit gain
between the two approaches using test data is shown
in Fig. 6, while daily risk-return statistics of the
portfolios are given in Table 7.

)
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Fig. 6. Comparative profit gain under original and modified Sharpe
ratio.

5.2. Risk minimization with control of expected return

Some conservative investors are more concerned
about risk than return. Therefore, a more appropriate
investment strategy may be to minimize risk while
controlling the expected return. Particularly, this can
be achieved by setting the expected return in Eq.
(30) to be a constant specified by the investor, and
the optimization essentially becomes a minimization
of downside risk and a maximization of upside
volatility.

.
=
o = exp({y),
L=gbny),
subject to ¢ Y — exp(e) / zm:exp(gﬁ N, (23)
& =10 9), -
M(Ry) =r

To solve the above optimization problem with
equality constraints, we adopt the augmented La-
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Table 7
Daily Risk-return statistics of portfolio under original and modified
Sharpe ratio

Original Sharpe Modified Sharpe

ratio ratio
Mean return 0.14% 0.24%
Risk 0.81% 1.13%
Upside volatility - 0.43%
Downside risk - 0.35%
Sharpe ratio S, 0.1728 1.9143

grangian method. Specifically, for the equality con-
strained problem,

maximize f(x) with respect to x
(24)
subject to  (x) =0,

the augmented Lagrangian function can be written as

1

L(x,2) = f (x) — 4h(x) — EC[h(X)]Z (25)

where /4 is the Lagrange multiplier, ¢ is the penalty
parameter. Then, a sequence of minimizations of the
form

maximize L., (x, ;) with respect to x
(26)
subject to xeR”

is performed, where {c;} is a sequence of positive
penalty parameters sequence satisfying

0<c < Cl+1 Yk
(27)

Cp — o0 as k — oo

The multiplier sequence {/} is generated by the
iteration

/lk+1 = A + Ckh()AC) (28)

where X is the solution of Eq. (26).

Here, the augmented Lagrangian is given by

r+%ZZZﬂY’ﬁWU§ 7
i Jj=

=1 =

L=

T m
0 > BBD

1= 1 j=1

1(1 SR - ) —%(%Z&—r) (29)

t=1

m

In implementation, the algorithm in Table 1
could be adopted, except the two terms V. S, and
VS, are replaced by V. L and V0L, respective-
ly, where

m

@) > exp(&f) )y
VgTL = C‘XpT T e r:lm
> exp(&)
r=1
X (A+c(M(Rr) =)
T m m
Vel = > ZZexp(é?)exp(é?)D(’”
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exp(¢y)Uf
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(r)
S exp(el)
r=1
T m
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exp()Dy
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5.2.1. Simulation

We simulate the modified Sharpe ratio with
control of expected return approach and use the
modified Sharpe ratio approach in the previous
subsection as benchmark. The predetermined ex-
pected return used for the simulation is »= 0.15%.
Graphical comparison of profit gain between the
two approaches using test data is shown in Fig. 7,
while daily risk-return statistics of the portfolios are
given in Table 8.

5.3. Return maximization with control of expected
downside risk

Some aggressive investors are more concerned
about return than risk. Therefore, a strategy that

35
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Fig. 7. Comparative profit gain of portfolio with control of expected
return.

Table 8
Risk-return statistics of portfolio with control of expected return
Modified Modified Sharpe
Sharpe ratio ratio with control
of expected return

Mean return 0.24% 0.17%
Risk 1.13% 0.79%
Upside volatility 0.43% 0.30%
Downside risk 0.35% 0.23%
Sharpe ratio S, 1.9143 2.0435

may better serve them is to maximize the expected
return while controlling the expected downside risk.
In particular, this can be achieved by setting the
expected downside risk in Eq. (30) to be a constant
specified by the investor, and the optimization es-
sentially becomes a maximization of expected return
and upside volatility.

M(Rr) + Vi

max Sy =
, y

o = exp((y),

{=g0ny),

G CRYD S CONINCY
GsOd).

subject to

Ve =v

Here, the augmented Lagrangian is given by
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2
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In implementation, the algorithm in Table 1
could be adopted, except the two terms V.S, and
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VS, are replaced by V. L and V:L, respective-
ly, where

oxp(ty) | 2 PETT
Vol = Tv - rZIm I
> exp(el)
r=1
exp({r)Tv Y exp(ef g + ) exp(ef) UF
V.l = r=1 - =1
! TvZexp(f(T"))
r=1
S exp(e?)Dy
i

m ()+C(V7j 7‘}))
Ty exp(&))

(Z exp(&y)) — eXp(é(Tj))> exp(&)
« r=1 5
{zexp@;”)]
r=1

5.3.1. Simulation

We simulate the modified Sharpe ratio with control
of expected downside risk approach and use the
modified Sharpe ratio approach in the previous sub-
section as benchmark. The predetermined expected
downside risk used for the simulation is v=0.20%.
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Fig. 8. Comparative profit gain of portfolio with control of expected
downside risk.

Table 9
Risk-return statistics of portfolio with control of expected downside
risk

Modified
Sharpe ratio

Modified Sharpe
ratio with control
of downside risk

Mean return 0.24% 0.15%
Risk 1.13% 0.71%
Upside volatility 0.43% 0.23%
Downside risk 0.35% 0.19%
Sharpe ratio S, 1.9143 0.2000

Graphical comparison of profit gain between the two
approaches using test data is shown in Fig. 8, while
daily risk-return statistics of the portfolios are given
in Table 9.

5.4. Performance evaluation

The investment strategy with control of expected
return is well suited for risk-averse investors. By
comparing the statistics shown in Table 8 with that
of Table 7, we can see that not only is the expected
return under control, but also is risk lowered. As a
result, S, remains more or less constant. This obser-
vation agrees with the tenet in finance that risk and
return go hand in hand with each other. Similar
reasoning could also be extended to include the case
of aggressive profit-seeking investors by comparing
the statistics shown in Table 9 with that of Table 7.

6. Conclusion

In this paper, we introduce how to utilize the APT-
based Gaussian TFA model for adaptive portfolio
management. Since TFA is based on the classical
APT model and has the benefit of removing rotation
indeterminacy via temporal modelling, using TFA for
portfolio management would allow portfolio weights
to be indirectly controlled by several hidden factors.
Moreover, the approach is extended to tailor for
investors according to their risk and return objectives.
Simulation results reveal that APT-based portfolio
management in general excels return-based portfolio
management and portfolio returns may be somehow
enhanced by short selling, especially when the general
market climate is not that favorable.
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