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Abstract When analyzing the relative performance of mutual funds, current data
envelopment analysis (DEA) models with diversification only consider risks and
returns over the entire investment process, which ignore the performance change
in consecutive periods. This paper introduces a novel multi-period network DEA
approach with diversification and the directional distance function. The new ap-
proach decomposes the overall efficiency of a mutual fund in the whole investment
interval into efficiencies at individual periods. At each period, mutual funds con-
sume exogenous inputs and intermediate products produced from the preceding
period to produce exogenous outputs and intermediate products for the next period
to use. Efficiency decomposition reveals the time at which the inefficiency happens.
The new model can provide expected inputs, outputs and intermediate variables
at individual periods, which are helpful for fund managers to take effective ways
to improve the fund performance. Under the assumption of discrete return dis-
tributions and a proper choice of inputs, outputs and intermediate variables, the
proposed models can be transformed into linear programs. The applicability and
reasonability of the proposed method are demonstrated by applying it to assess
the relative performance of 40 open-ended funds in Chinese security markets.
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1 Introduction

Due to its academic and practical importance, mutual fund performance e-
valuation has been an important topic in financial management. Recently, data
envelopment analysis (DEA) has been adopted for assessing the performance of
mutual funds. DEA is a non-parametric approach for measuring the relative per-
formance of homogeneous decision making units (DMUs) (Charnes et al. 1978).
When applied to the fund performance evaluation, the DEA technique has the
following advantages. Firstly, as a non-parametric analysis technique, DEA does
not rely on any theoretical model as the measurement benchmark. Instead, DEA
measures how well a fund performs with respect to efficient funds within the refer-
ence category. Secondly, DEA reveals the reason for the inefficiency of a fund and
shows how to restore the fund to its optimum level of efficiency. Finally, different
from other performance measures, the DEA approach can incorporate multiple
factors that are associated with the fund performance.

In the earlier studies, the linear programming (LP) DEA models are directly
applied to evaluate the performance of mutual funds. Typical examples include
studies which consider factors such as standard deviation, transaction costs and
expected return (Basso and Funari 2001; Chen and Lin 2006; Lin and Chen 2008;
Murthi et al. 1997), standard semideviation, β-coefficient and the percentage of
non-dominated subperiods (Basso and Funari 2001, 2005; Chen and Lin 2006),
traditional performance indices, i.e., the Sharpe index, the Treynor index and the
Jensen’s α (Basso and Funari 2005; Lin and Chen 2008), lower and upper mean
semi-skewness and semi-variance (Gregoriou et al. 2005), the percentage of periods
with negative returns, skewness (Wilkens and Zhu, 2001), returns over different
lengths of time periods (McMullen and Strong 1998), and the ethical score (Basso
and Funari 2003). Table 1 gives a summary of these LP DEA approaches. All these
approaches fail to take into account the effect of portfolio diversification. They use
the linear combination of the risk measures of individual funds’ returns to replace
the risk measure of the benchmark returns, which are a linear combination of the
funds’ returns, and thus overestimate the efficiency of funds.

Recently, some DEA-like models considering the effect of portfolio diversifica-
tion have been proposed in the literature. Table 2 presents a summary of typical
DEA models with diversification. Based on the mean-variance (MV) approach,
Morey and Morey (1999) propose two quadratic programming DEA models from
a multi-period perspective. The difference between the two models is: one is aimed
at augmenting the expected return with no increase in the variance, the other
is aimed at contracting the variance with no decrease in the expected return.
Although these two models are non-linear, their feasible regions are convex and
the objective functions are linear, it is thus easy to obtain their global optimiza-
tion solutions. Briec and Kerstens (2009) propose another multi-period MV model
based on the directional distance function (DDF) DEA model (Chambers et al.
1998). Different from the method in Morey and Morey (1999), the approach in
Briec and Kerstens (2009) simultaneously attempts to reduce variance and to in-
crease expected return over all time periods along the direction of a given vector.
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Table 1 Summary of LP DEA models

Research Inputs Outputs

Murthi et al. (1997)
standard-deviation, expense ratio,
turnover, loads

expected return

McMullen and Strong (1998)
standard-deviation, minimum
initial investment,
expense ratio, sales charge

1,3 and 5 year
expected returns

Choi and Murthi (2001)
standard-deviation, expense
ratio, turnover, loads

expected returns

Basso and Funari (2001)

standard deviation,
standard semideviation,
β-coefficient, subscription
and redemption costs

expected return,
the percentage of
non-dominated subperiods

Basso and Funari (2003)

standard-deviation,
standard semideviation,
β-coefficient, subscription
and redemption costs

expected return,
ethical score

Basso and Funari (2005)

standard-deviation,
standard semideviation,
β-coefficient, subscription
and redemption costs

expected return, the percentage of
non-dominated subperiods,
Sharpe index, Treynor index,
Jensen’s α

Wilkens and Zhu, (2001)
standard-deviation, proportion of
negative monthly returns
during the year

expected return, skewness,
minimum return

Gregoriou et al. (2005)
lower mean, lower semi-variance,
lower semi-skewness

upper mean,
upper semi-variance,
upper semi-skewness

Chen and Lin (2006)

standard-deviation,
standard semideviation,
β-coefficient, VaR, CVaR,
annually total cost

expected return, the percentage of
non-dominated subperiods,
Sharpe index, Treynor index,
Jensen’s α

Lin and Chen (2008)

standard-deviation,
standard semideviation,
β-coefficient, VaR, CVaR,
turnover ratio, expense ratio,
redemption fee, loads

expected return, Sharpe index,
Treynor index, Jensen’s α

Joro and Na (2006) develop a portfolio performance measure based on the mean-
variance-skewness framework by utilizing the input-oriented DEA model under
the assumption of non-increasing returns to scale (NIRS). Lozano and Gutiérrez
(2008b) suggest three different DEA models, which are based on the mean-risk
model and the additive DEA model. These three models are consistent with third-
order stochastic dominance, but all of them can only deal with one risk measure
and one return measure. The above studies account for diversification directly by
using some nonlinear versions of DEA. Different with them, Lozano and Gutiérrez
(2008a) combine the second-order stochastic dominance (SSD) criterion with the
additive DEA model and propose six DEA models with diversification. All the six
models are linear, but similar to the above three models, they can only handle one
risk measure and one return measure.

Recently, Lamb and Tee (2012a) introduce a non-linear DEA model with di-
versification, which can deal with arbitrary number of risk measures and return
measures. To avoid negative inputs, Lamb and Tee (2012a) use the positive parts
of coherent risk measures as the inputs. However, this treatment loses significantly
the information contained in the risk measures about the distribution of random
parts (Branda 2015). Branda and Kopa (2014) transform negative risk measures
into return measures and consider them as the outputs. Moreover, they show that
the SSD efficiency can be equivalent to a radial DEA-risk efficiency under a suit-
able choice of inputs and outputs. However, their models have no fixed structure
for all investigated investment opportunities, and thus cannot be used to compare
inefficiency scores (Branda 2015). Branda (2013) suggests using a class of general
deviation measures as the inputs. The general deviation measures are introduced
by Rockafellar et al. (2006b) as a natural extension of standard deviation, which
are convex and positive for non-constant investment opportunities, thus they are
suitable as inputs for radial DEA models. Based on the DDF, Branda (2015)
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proposes several diversification-consistent DEA models suitable for assessing the
efficiency of investment opportunities. These models can adopt several risk mea-
sures as inputs and multiple return measures as outputs, which can take both
positive and negative values. It should be noted that the DEA models proposed
by Branda (2013), Branda and Kopa (2014) and Branda (2015) can be formulated
as LP problems for discretely distributed returns.

Table 2 Summary of diversification DEA models

Research Programming model Inputs Outputs

Morey and Morey (1999) quadratic
covariance,
variance

expected return

Briec and Kerstens (2009) quadratic
covariance,
variance

expected return

Joro and Na (2006) non-linear variance
expected return,
skewness

Lozano and Gutiérrez (2008a) non-linear

lower standard
semideviation,
second-order
lower partial moment

expected return, above
target mean return

Lozano and Gutiérrez (2008b) linear

downside absolute
semi-deviation,
mean downside
under-achievement,
weighted absolute
deviation from quantile,
CVaR, below target
semi-deviation

expected return,
target mean return

Lamb and Tee (2012a) non-linear CVaR expected return

Branda (2013) non-linear CVaR deviation expected return

Branda and Kopa (2014) non-linear positive part of CVaR
negative part of CVaR,
expected return

Branda (2015) non-linear CVaR expected return

Except for those proposed by Morey and Morey (1999) and Briec and Kersten-
s (2009), all the above DEA models with diversification simply treat the whole
investment process of mutual funds as a black-box and ignore the inner dynamic
variation. Therefore, these DEA models with diversification could not provide the
information on operations and performance variations at intermediate investmen-
t periods. In practice, most mutual fund investment problems are medium-term
or long-term decision making problems. Ignoring the intermediate performance
change might result in misleading results. For instance, a fund measured as effi-
cient by these DEA models could be inefficient over most of times in the observed
horizon. On the other hand, although Morey and Morey (1999) and Briec and K-
erstens (2009) appraise the multi-horizon portfolio performance of mutual funds,
both of them ignore the dynamic dependence among periods. In practice, there
often exist some relationships between two adjacent investment periods. For ex-
ample, if an investor holds a fixed number of a mutual fund during the whole
investment process, the total value of this fund at the end of the current period
can be viewed as the capital input at the beginning of the next period. Ignoring
the inter-relationship among periods reduces greatly the information contained in
the whole investment process.

The traditional DEA technique is proposed to measure the performance of a
DMU in a static manner in a specified period, without considering its internal
variations. When several investment periods with inter-dependence are involved,
the efficiency over the whole investment process must be measured in a dynamic
manner, taking into account the inter-relationship between consecutive periods.
This means that one should use DEA models to describe the inter-relationships
among individual periods and apply the associated solution methods to calcu-
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late the relative efficiency for a set of multi-period DMUs (Kao 2013). Network
DEA is a technique to measure the performance of a DMU in a dynamic manner.
Färe and Grosskopf (1996) introduce the dynamic aspects of production into the
conventional DEA model when multi-outputs are involved. They propose several
inter-temporal models, which are the basis for many later studies on DEA. Färe
and Grosskopf (2000) propose three network DEA models, which can be applied
to a variety of situations: intermediate products, the allocation of budgets or fixed
factors and certain (time separable) dynamic systems. In the last few years, net-
work DEA has become a hot research topic in the field of DEA, which results
in the introduction of the relational network DEA approach (Kao 2009, 2014a,c,
2013; Kao and Hwang 2010, 2008), the weighted additive efficiency decomposition
approach (Cook et al. 2010; Chen et al. 2009); the slacks-based network DEA ap-
proach (Kao 2014b; Tone and Tsutsui 2009, 2010, 2014; Lozano 2015) and other
models (Fukuyama and Weber 2010; Li et al. 2012; Maghbouli et al. 2014). In
addition to theoretical studies, a growing number of applications have been de-
veloped in different fields, such as incineration plants (Chen et al. 2012), finance
(Premachandra et al. 2012), regional innovation systems (Chen and Guan 2012)
and transportation (Lozano et al. 2013).

Although there are many network DEA approaches, none of them is suitable
for measuring the performance of a fund since they do not take into account
the effect of portfolio diversification. In this paper, we investigate the relative
performance of mutual funds by introducing a novel multi-period network DEA
model with diversification, where the overall efficiency of a mutual fund over the
entire investment horizon is decomposed into stage-wise efficiencies at individual
periods. Main contributions of this paper include:

(i) We decompose the overall efficiency of a mutual fund over the entire invest-
ment horizon into efficiencies at individual periods in the chronological order.
The proposed DEA method can assess both the overall efficiency over the
entire horizon and stage-wise efficiencies at individual periods.

(ii) Any two adjacent periods are connected by an intermediate variable. In our
study, the net asset value is chosen as the intermediate variable.

(iii) Unlike existing studies on network DEA, we consider diversification in our
multi-period network DEA model, which is very important for financial ap-
plications. Therefore, our approach broadens the application of the network
DEA method in the financial management area.

(iv) Our approach not only considers risk measures and return measures, but also
takes into account other important inputs and/or outputs without diversifi-
cation, such as transaction costs.

(v) Our method can reveal the periods at which the inefficiency of a fund happens
and can provide expected inputs, outputs and intermediate variables which
make an inefficient fund efficient over the entire investment horizon.

(vi) Different from previous DEA models with diversification, our method is in-
consistent with stochastic dominance. This is due to that the stochastic dom-
inance approach cannot treat intermediate variables, which act as inputs as
well as outputs.

(vii) For discretely distributed returns and an appropriate choice of inputs, out-
puts and intermediate variables, the proposed models can be transformed
into LPs.
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The rest of the paper is organized as follows. Section 2 introduces a generic
diversification DEA model based on the direction distance function, which assesses
a fund’s performance in terms of reducing inputs and expanding outputs simul-
taneously. Section 3 decomposes the whole investment process into a number of
successive periods and then, based on the proposed diversification DEA model, de-
velops a novel multi-period network DEA method. Section 4 describes the sample
data from the Chinese fund market, selects input-output variables and directions,
and presents empirical results. Some concluding remarks are presented in Section
5.

2 Generic diversification DEA model based on the directional distance

function

Suppose there are n funds. We denote the return of the jth (j = 1, . . . , n) fund
as Rj , which is a random variable defined on the probability space (Ω,F , P ). Ac-
cording to Branda (2013), we choose the following set of investment opportunities:

R = {

n∑

j=1

λjRj :

n∑

j=1

λj = 1, λj ≥ 0, j = 1, . . . , n}, (1)

where λjs are weight variables.R allows the full diversification of a portfolio across
all funds. Other choices of the investment opportunity set are also possible, e.g.,
the set which allows short sales, or restricts the number of investments in specific

funds (Branda 2013; Briec et al. 2004). Note that the constraint
n∑

j=1

λj = 1 in R

ensures that all the possible portfolios are completely composed by the considered
funds. This also means that our method is proposed under the assumption of
variable returns to scale (Banker et al. 1984).

The performance of a target fund o, o ∈ {1, . . . , n}, can be evaluated by com-
paring its inputs and outputs with those corresponding inputs and outputs of all
possible fund portfolios in R. From Tables 1 and 2, we can see that transaction
costs, as important factors affecting the efficiency of a fund (Murthi et al. 1997;
Basso and Funari 2001), are not included in current DEA models with diversi-
fication. In this paper, we propose a new diversification DEA model by taking
into account risk measures and transaction costs as inputs and return measures
as outputs. We assume that only risk measures and return measures possess di-
versification since transaction costs do not show diversification in general. The
directional distance function (DDF) is adopted to design this new model. An ad-
vantage of the DDF is that, by choosing a proper direction vector, the produced
model can deal with negative inputs and outputs.

Let m be the number of risk measures, l the number of transaction costs, s the
number of return measures. We denote the ith (i = 1, . . . ,m) risk measure as xi(·),
the fth (f = 1, . . . , l) transaction cost as cfj , the rth (r = 1, . . . , s) return measure
as yr(·). By referring to Branda (2013), we define the production possibility set
(PPS) taking into account diversification as follows:

DT = {(xi, cf , yr)|xi ≥ xi(

n∑

j=1

λjRj), i = 1, . . . ,m; cf ≥

n∑

j=1

λjcfj , f = 1, . . . , l;
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yr ≤ yr(

n∑

j=1

λjRj), r = 1, . . . , s;

n∑

j=1

λj = 1, λj ≥ 0, j = 1, . . . , n}.

Consider a target fund o ∈ {1, . . . , n}with the input-output bundle (xi(Ro), cfo,
yr(Ro)) and a nonnegative and nonzero input-output direction vector (µi(Ro), ωfo,
νr(Ro)). Based on the SBI measure (Fukuyama and Weber 2009), we introduce a
generalized directional distance function (DDF) with respect to the PPS DT as

D(xi(Ro), cfo, yr(Ro);µi(Ro), ωfo) = max
λj ,β

−

i
,β̃

−

f
,β

+
r

1
m+l

(

m∑
i=1

β
−

i
+

l∑
f=1

β̃
−

f
)+ 1

s

s∑
r=1

β+
r

2 :

(xi(Ro)− β−

i µi(Ro), cfo − β̃−

f ωfo, yr(Ro) + β+
r νr(Ro)) ∈ DT.

(2)

Unlike the conventional DDF (Chambers et al. 1998), the DDF defined in (2)
considers the slacks and thus the relevant results can deal with strong Pareto-
efficiency. From the definition of the PPS DT and the DDF in (2), the inefficiency
of the fund o can be evaluated by solving the following model:

D∗ = max
λj ,β

−

i
,β̃

−

f
,β

+
r

1
m+l

(
m∑
i=1

β−

i +
l∑

f=1

β̃−

f ) + 1
s

s∑
r=1

β+
r

2
(3)

s.t. xi(

n∑

j=1

λjRj) ≤ xi(Ro)− β−

i µi(Ro), i = 1, . . . ,m, (4)

(MS)

n∑

j=1

λjcfj ≤ cfo − β̃−

f ωfo, f = 1, . . . , l, (5)

yr(

n∑

j=1

λjRj) ≥ yr(Ro) + β+
r νr(Ro), r = 1, . . . , s, (6)

n∑

j=1

λj = 1, λj ≥ 0, j = 1, . . . , n, (7)

β−

i , β̃−

f , β+
r ≥ 0,∀i, f, r. (8)

Different from the DEA models in Branda (2015), the objective function of
model (MS) is linear. This property can simplify calculations of the multi-period
network DEA model to be proposed. According to Fukuyama and Weber (2009),
D∗ is a shortage measure of the technical inefficiency for the target fund o. If
D∗ = 0, the fund o is efficient; otherwise, the fund o is inefficient. Let β−∗

i , β̃−∗

f , β+∗
r

denote the optimal variables of model (MS). The values of β−∗

i , β̃−∗

f and β+∗
r

indicate the necessary percentage change in order to catch up with the efficient
frontier in terms of input reduction and output expansion along the direction
(µi(Ro), ωfo, νr(Ro)). For example, when β−∗

i = β̃−∗

f = 0.1, β+∗
r = 0.3,∀i, f, r,

then by augmenting risks and transaction costs by 10% and meanwhile contracting
outputs by 30% along the direction, the target fund o can join the efficient frontier.

The direction vector (µi(Ro), ωfo, νr(Ro)) should be nonnegative and nonzero.
In order to deal with inputs and outputs that possibly take negative values, we
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choose

µi(Ro) = xi(Ro)−min
R∈R

xi(R), ωfo = cfo−min
j

cfj , νr(Ro) = max
R∈R

yr(R)−yr(Ro),

(9)
and if µi(Ro), ωfo or νr(Ro) is zero, the corresponding β−

i , β̃−

f or β+
r is dropped

from the objective function of model (MS). The above choices of the directions are
reasonable, see Portela et al. (2004) and Branda (2015). Moreover, we can show
that D∗ ∈ [0, 1].

Theorem 1 D∗ ∈ [0, 1].

Proof From the constraints of model (MS) and (9), we have

0 ≤ β−

i ≤

xi(Ro)−xi(

n∑
j=1

λjRj)

µi(Ro)
=

xi(Ro)−xi(

n∑
j=1

λjRj)

xi(Ro)−min
R∈R

xi(R) ≤ 1, i = 1, . . . ,m,

0 ≤ β̃−

f ≤

cfo−

n∑
j=1

λjcfj

ωfo
=

cfo−

n∑
j=1

λjcfj

cfo−min
j

cfj
≤ 1, f = 1, . . . , l,

0 ≤ β+
r ≤

yr(

n∑
j=1

λjRj)−yr(Ro)

νr(Ro)
=

yr(

n∑
j=1

λjRj)−yr(Ro)

max
R∈R

yr(R)−yr(Ro)
≤ 1, r = 1, . . . , s,

for all possible i, f, r satisfying µi(Ro), ωfo, νr(Ro) 6= 0. Then, the optimal value
of problem (MS) satisfies D∗ ∈ [0, 1]. ⊓⊔

With Theorem 1, similar to most studies on the DDF-based DEA models (Ray
2008; Chen et al. 2013), we adopt 1 − D∗ , which lies in [0, 1], to measure the
efficiency of the target fund in this paper.

Note that an underlying assumption of the investment opportunity set R, PPS
DT and model (MS) is that investors are interested in “limited diversification”,
where all possible portfolios constructed by the linear combination of n funds are
considered, as Branda (2013) did. It is not practical to consider “full diversifica-
tion” in this paper, where the funds are compared with an artificial fund based on
all financial assets that can be used to construct the funds. This is because that
it is difficult to get the related data in real financial markets and the resulting
models will be very large, which bring the enormous difficulty in problem solution.

3 Multi-period network DEA model with diversification

The proposed model (MS) simply treats the whole investment process of funds
as a “single” investment process, which consumes all the inputs and produces all
the outputs in one move. Such a treatment is not suitable for assessing the efficiency
of funds in medium-term or long-term investment problems since it cannot pro-
vide the information on operations or performance changes in internal investment
periods. The network DEA technique takes into account the internal configura-
tion of DMUs and decomposes the production process of each DMU into several
sub-processes (Lozano et al. 2013). Inspired by the network DEA, we decompose
the whole investment process into a number of successive periods. At each period,



funds consume exogenous inputs and intermediate products produced by the pre-
ceding period, and produce exogenous outputs and intermediate products for the
next period to use.

Suppose there are n funds, and the return of the fund j (j = 1, . . . , n) is
a random process defined on some probability space (Ω,F , P ), with F denot-
ing the set of subsets of Ω, and P a probability measure assigning to any even-
t B in F its probability P (B). We assume that there are T + 1 time points:
0, 1, 2, . . . , T , and thus T consecutive investment periods. At each time point t,
Ft ⊆ F denotes the set of events corresponding to the information available
until t. We define the space of random variables at period t, t = 0, 1, . . . , T ,
as Lt = Lp(Ω,Ft, P ), p ∈ [1,+∞]. We suppose that the observed random
process Rj = (Rt

j), Rt
j ∈ Lt, t = 0, 1, 2, . . . , T , is adapted to the filtration

F = (F0,F1, . . . ,FT ), here Ft ⊆ Ft+1, t = 0, 1, . . . , T − 1, FT = F , and
F0 = {0,Ω} is the trivial σ-algebra of the 0-th period. Similar to R defined in
(1), we consider the following investment opportunity sets for each period t and
for the entire investment interval, respectively,

Rt = {

n∑

j=1

λt
jR

t
j :

n∑

j=1

λt
j = 1, λt

j ≥ 0, j = 1, . . . , n}, (10)

RT = {(

n∑

j=1

λ1
jR

1
j , . . . ,

n∑

j=1

λT
j R

T
j ) :

n∑

j=1

λt
jR

t
j ∈ Rt, t = 1, . . . , T}, (11)

where λt
js are the combination weights at period t. For any portfolio

∑n

j=1 λ
t
jR

t
j

belonging to Rt, let xi(
∑n

j=1 λ
t
jR

t
j) be the ith (i = 1, . . . ,m) risk measure,∑n

j=1 λ
t
jc

t
fj be the fth (f = 1, . . . , l) transaction cost and yr(

∑n

j=1 λ
t
jR

t
j) be

the rth (r = 1, . . . , s) return measure.
If investors do not cash their funds during the investment process, then the

value of a mutual fund at the end of the preceding period is equal to the investment
capital at the beginning of the current period. On the other hand, the value of
a mutual fund at the end of each period represents a part of the wealth that an
investor holds, which can be viewed as an income for the investor. Due to these
reasons, we treat the net asset value (called NAV for short) of a fund at the end
of each period as an intermediate variable. That is, for each fund, the NAV is
not only an output for the preceding period, but also an input for the current
period. Denote the NAV at the end of period t (t = 1, . . . , T ) as ztj and the initial

NAV as z0j . The detailed decomposition of the investment process of each fund j
is illustrated in Fig. 1.

Period 1

xi(R
1
j ), c

1
fj

yr(R
1
j )

. . .

. . .

. . .

Period t

xi(R
t
j), c

t
fj

yr(R
t
j)

Period t+1

xi(R
t+1
j ), ct+1

fj

yr(R
t+1
j )

. . .

. . .

. . .

Period T

xi(R
T
j ), c

T
fj

yr(R
T
j )

z0j z1j zt−1
j ztj zt+1

j zT−1
j zTj

Fig. 1. The detailed decomposition of the investment process of fund j

As we can see from Fig. 1, z0j and zTj should be treated as an input for period
1 and an output for period T, respectively, and all other ztjs, 1 ≤ t ≤ T −1, are in-
termediate variables for periods 1 to T−1, respectively. Under this decomposition,
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one cannot treat these T periods independently and apply model (MS) separately
for each period. The reason is: ztj (t = 1, . . . , T − 1) is not only an output to the
period t, but also an input to the period t + 1. According to Liang et al. (2008),
two adjacent periods can be treated as players in a cooperative game where both
players “negotiate” on the expected intermediate value. The network DEA tech-
nique can deal with such an inter-relationship between two adjacent periods and
can determine the relative efficiency for a set of DMUs in a dynamic manner. How-
ever, as we mentioned in Section 1, the current network DEA approaches cannot
be directly applied to the investment process depicted in Fig. 1, since they do not
consider the diversification which is necessary for financial applications.

Let ρt be the efficiency measure of the target fund o (o ∈ {1, . . . , n}) at the tth
(t = 1, . . . , T ) period. For each fund, the overall efficiency in the whole investment
interval should be made up of the efficiencies at individual periods. In this paper,
we compute the overall efficiency in the whole investment interval as a weighted
average of the efficiency scores at periods 1 to T . That is, the overall efficiency
is determined as

∑T

t=1 wtρ
t, where wts are weights satisfying

∑T

t=1 wt = 1. For
the purpose of practicality and implementability, we pre-specify wts. Otherwise,
the corresponding model is nonlinear and time-consuming to solve. A reasonable
choice of wt should reflect the relative importance or contribution of the efficiency
at period t to the overall efficiency. Inspired by Briec and Kerstens (2009), we
adopt a retrospective benchmark: the present is more important than the past, so
we attribute the largest weight to the efficiency score at the most recent period.
Specifically, we introduce a time discount factor denoted as ξ (0 < ξ < 1), and set

wt = (1−ξ)ξT−t

1−ξT , t = 1, . . . , T . Therefore, we have the following definition for the
overall efficiency.

Definition 1 For any target fund o ∈ {1, . . . , n}, its overall efficiency score during
the whole investment process is defined as

EO = 1−ξ

1−ξT

T∑
t=1

ξT−tρt.

Definition 1 gives a weighted inter-temporal efficiency measure, where the
weights become smaller and smaller as one moves away from the present to the
past.

Based on model (MS) and the network DEA technique, we develop the follow-
ing model for measuring the overall efficiency of the target fund.

E∗ = min
1− ξ

1− ξT

T∑

t=1

ξT−tρt (12)

s.t. ρt = 1−

1
m+l

(
m∑
i=1

β−t
i

+
l∑

f=1

β̃−t
f

) + 1
s

s∑
r=1

β+t
r

2
, t = 1, . . . , T − 1, (13)

ρT = 1−

1
m+l

(
m∑
i=1

β−t
i

+
l∑

f=1

β̃−t
f

) + 1
s+1

s+1∑
r=1

β+T
r

2
, (14)

xi(

n∑

j=1

λt
jR

t
j) ≤ xi(R

t
o)− β−t

i
µi(R

t
o), i = 1, . . . ,m, t = 1, . . . , T, (15)

n∑

j=1

λt
jc

t
fj ≤ ctfo − β̃−t

f
ωt
fo, f = 1, . . . , l, t = 1, . . . , T, (16)
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(MO) yr(

n∑

j=1

λt
jR

t
j) ≥ yr(R

t
o) + β+t

r νr(R
t
o), r = 1, . . . , s, t = 1, . . . , T, (17)

n∑

j=1

λ1
jz

0
j = z0o , (18)

n∑

j=1

λt
jz

t
j =

n∑

j=1

λt+1
j

ztj , t = 1, . . . , T − 1, (19)

n∑

j=1

λT
j zTj ≥ zTo + β+T

s+1η
T , (20)

n∑

j=1

λt
j = 1, λt

j ≥ 0, j = 1, . . . , n, t = 1, . . . , T, (21)

β−t
i

, β̃−t
f

, β+t
r ≥ 0, ∀i, f, r, (22)

where β−t
i , β̃−t

f , β+t
r are the shortage measures of the input and output ineffi-

ciency of the target fund o (o ∈ {1, . . . , n}) at the tth (t = 1, . . . , T ) period, and
(µi(R

t
o), ω

t
fo, νr(R

t
o)) is the nonnegative direction vector with respect to the input-

output vector (xi(R
t
o), ω

t
fo, yr(R

t
o)) for the target fund o at period t (t = 1, . . . , T ),

ηTz > 0 is the direction variable with respect to zTo . Like the direction vector we
adopted in Section 2, here

µi(R
t
o) = xi(R

t
o)− min

R∈Rt
xi(R), ωfo = ctfo −min

j
ctfj , (23)

νr(R
t
o) = max

R∈Rt
yr(R)− yr(R

t
o), ∀t, ηT = max

j
zTj − zTo . (24)

Model (Mo) can simultaneously realize the reduction in inputs, the expansion
in outputs and the balance among intermediate variables at individual periods.
The effects of the objective function and constraints of model (Mo) are explained
as follows:

(i) From constraints (13) and (14), the objective function can be rewritten as

1−ξ

1−ξT

T∑
t=1

ξT−tρt = 1− 1−ξ

1−ξT [
T−1∑
t=1

ξT−t

1
m+l

(

m∑
i=1

β
−t

i
+

l∑
f=1

β̃
−t

f
)+ 1

s

s∑
r=1

β+t
r

2

+

1
m+l

[

m∑
i=1

β
−T

i
+

l∑
f=1

β̃
−T

f
)+ 1

s+1

s+1∑
r=1

β+T
r

2 ].

Hence, minimizing 1−ξ
1−ξT

T∑
t=1

ξT−tρt leads to maximizing

T−1∑
t=1

ξT−t

1
m+l

(

m∑
i=1

β
−t

i
+

l∑
f=1

β̃
−t

f
)+ 1

s

s∑
r=1

β+t
r

2 +

1
m+l

(

m+l∑
i=1

β
−T

i
+

l∑
f=1

β̃
−T

f
)+ 1

s+1

s+1∑
r=1

β+T
r

2 .

(ii) According to the efficiency measure defined in Section 2, we adopt constraints
(13) and (14) to calculate the efficiency measure of the target fund o (o ∈
{1, . . . , n}) at the tth period. By using a similar proof as that of Theorem
1, we can easily prove that ρt ∈ [0, 1], t = 1, . . . , T . Therefore, the optimal
value of problem (Mo) also lies in [0, 1].
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(iii) Constraints (15)-(17) are used to evaluate the efficiency of the target fund by
simultaneously reducing inputs and expanding outputs along the direction
(µi(R

t
o), ω

t
fo, νr(R

t
o)) at each period t, t = 1, . . . , T .

(iv) It seems more reasonable to treat the NAV at the initial period (t = 0), i.e.,
z0j , as a non-discretionary input for the period 1. We hence do not reduce it
in the constraint (18).

(v) Constraints in (19) ensure that the expected intermediate variable from peri-
od t (t = 1, . . . , T−1), which is treated as an output, is equal to the expected
intermediate variable at period t+ 1, which is treated as an input.

(vi) Constraint (20) is imposed since zTj is an output for the final period T .
(vii) Constraints in (21) are used to constrain portfolio weights at each period t,

which correspond to investment opportunity sets in (10) and (11).
(viii) Constraints in (22) are introduced to guarantee the non-negativity of all

β−t
i s, β̃−t

f s and β+t
r s.

Previous works about the multi-period fund performance evaluation (Briec
and Kerstens 2009; Morey and Morey 1999) did not consider the linkage among
individual periods and moreover, only the mean and the variance of returns were
adopted as the single input and the single output, respectively. Instead, we adopt
the sequential structure depicted in Fig. 1. Our approach considers linkages be-
tween any two adjacent periods, as well as multiple inputs and multiple outputs.
As a consequence, our model is more generic.

Problem (MO) might have multiple optimal solutions with respect to ρt, the

efficiency scores of individual periods yielded by problem (MO) may not be unique.
Considering that the shortage measure of the inefficiency at the present period is
more important than that at previous periods, we minimize ρt period-wisely in a
backward way. That is, we minimize ρt (1 ≤ t ≤ T ) from period T to period 1
in turn while maintaining the overall efficiency score during the entire investment
process. For τ = T, . . . , 2, we denote the uniquely determined optimal ρτ as ρτ,∗,
which equals to the optimal value of the following programming problem:

min ρτ (25)

s.t.
1− ξ

1− ξT

T∑

t=1

ξT−tρt = E∗, (26)

ρt = ρt,∗, t = T, . . . , τ + 1, (27)

ρt = 1−

1
m+l

(
m∑
i=1

β−t
i

+
l∑

f=1

β̃−t
f

) + 1
s

s∑
r=1

β+t
r

2
, t = 1, . . . , T − 1, (28)

ρT = 1−

1
m+l

(
m∑
i=1

β−T
i

+
l∑

f=1

β̃−T
f

) + 1
s+1

s+1∑
r=1

β+T
r

2
, (29)

xi(

n∑

j=1

λt
jR

t
j) ≤ xi(R

t
o)− β−t

i
µi(R

t
o), i = 1, . . . , m, t = 1, . . . , T, (30)

n∑

j=1

λt
jc

t
fj ≤ ctfo − β̃−t

f
ωt
fo, f = 1, . . . , l, t = 1, . . . , T, (31)

(MP ) yr(

n∑

j=1

λt
jR

t
j) ≥ yr(R

t
o) + β+t

r νr(R
t
o), r = 1, . . . , s, t = 1, . . . , T, (32)

n∑

j=1

λ1
jz

0
j = z0o , (33)
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n∑

j=1

λt
jz

t
j =

n∑

j=1

λt+1
j

ztj , t = 1, . . . , T − 1, (34)

n∑

j=1

λT
j zTj ≥ zTo + βT

s+1η
T , (35)

n∑

j=1

λt
j = 1, λt

j ≥ 0, j = 1, . . . , n, t = 1, . . . , T, (36)

β−t
i

, β̃−t
f

, β+t
r ≥ 0, i, r, f, t, (37)

where E∗ is the optimal value of problem (Mo). When τ = T , the constraint
set (27) should be removed from model (MP ). For τ = T − 1, . . . , 2, the unique
ρt,∗, t = T, . . . , τ + 1, has been recursively determined by model (MP ) before it
appears in (27). For t = 2, . . . , T, the efficiency at period t is measured by ρt,∗.
After ρT,∗, . . . , ρ2,∗ have been uniquely determined by model (MP ), the efficiency
at period 1 is measured by

ρ1,∗ = ξ1−T (E∗ 1−ξT

1−ξ
−

T∑
t=2

ξT−tρt,∗).

According to the definition of usual DEA-efficiency (Cooper et al. 2007), we in-
troduce the following definitions to examine a fund’s efficiency.

Definition 2 The target fund o is overall efficient if and only if Eo = 1; otherwise,
it is overall inefficient.

Definition 3 For t = 1, . . . , T , the target fund o is efficient at period t if and only
if β−t,∗

i = β̃−t,∗
f = β+t,∗

r = 0, ∀i, f, r.

It is clear that Eo = 1 if and only if ρt,∗ = 0 for t = 1, . . . , T . Then from
Definitions 2 and 3, we have: if the target fund is overall efficient, then it is efficient

at each period; if the target fund is overall inefficient, there is at least one period

at which the target fund is inefficient. Hence, if a fund is overall inefficient, we
can easily find periods at which the inefficiency happens. So, the proposed method
can help the investor reveal the time when the inefficiency happens for inefficient
funds.

Like conventional DEA models, our method can also provide information on
how a badly performed fund can improve its performance. Let λt,∗

j denote the

optimal solution variables of model (MP ) with τ = 2. Denote the portfolio
whose inputs, outputs and intermediate variables at period t (t = 1, . . . , T ) are
xi(

∑n

j=1 λ
t,∗
j Rt

j),
∑n

j=1 λ
t,∗
j ctfj ,

∑n

j=1 λ
1,∗
j z0j (for period 1), yr(

∑n

j=1 λ
t,∗
j Rt

j) and∑n

j=1 λ
t,∗
j ztj , respectively, as the portfolio o∗. We have the following conclusion.

Theorem 2 The portfolio o∗ is overall efficient.

Proof Suppose that the portfolio o∗ is not overall efficient. Then, there is at least
one period at which the portfolio o∗ is not efficient. Without loss of generality,
we assume that the portfolio o∗ is inefficient at period t0 ∈ {2, . . . , T − 1}. Then,
there exist feasible weights λt0

j such that

n∑

j=1

λt0−1,∗
j zt0−1

j =

n∑

j=1

λt0
j zt0−1

j , (38)
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n∑

j=1

λt0
j zt0j =

n∑

j=1

λt0+1,∗
j zt0j , (39)

hold, and meanwhile, at least one of the following inequalities holds:

xi(

n∑

j=1

λt0
j Rt0

j ) < xi(

n∑

j=1

λt0,∗
j Rt0

j ), (40)

n∑

j=1

λt0
j ct0fj <

n∑

j=1

λt0,∗
j ct0fj , (41)

yr(

n∑

j=1

λt0
j Rt0

j ) > yr(

n∑

j=1

λt0,∗
j Rt0

j ). (42)

Otherwise, the portfolio o∗ would be efficient at period t0. We can deduce from
(38)-(42) that there exist some feasible β−t0

i , β̃−t0
f or β+t0

r such that ρt0 < ρt,∗

holds. Then, we have

1−ξ

1−ξT (
T∑

t=1

t6=t0

ξT−tρt,∗ + ξT−t0ρt0) < 1−ξ

1−ξT

T∑
t=1

ξT−tρt,∗ = E∗.

This contradicts with the optimality of E∗. Hence, the portfolio o∗ is efficient at
period t0. Analogous arguments can be used for the periods 1 and T and the case
with multiple periods at which the portfolio o∗ is not efficient. ⊓⊔

According to Theorem 2, the investor who holds an overall inefficient fund o
can compare the inputs, outputs and intermediate variables of the portfolio o∗

with those of the target fund o at each period t, so that he/she can find those
factors causing the overall inefficiency of the fund o.

Last but not least, we’d like to point out that, in addition to mutual funds,
the proposed approach can also be applied to evaluate the performance of oth-
er financial assets, such as stock or bond portfolios. Although there is only one
intermediate variable in models (MO) and (MP ), they can be easily extended
to situations with multiple intermediate variables by adding the corresponding
constraints related with other intermediate variables. Moreover, our method can
be adapted to the case of NIRS used by Lamb and Tee (2012a), where it is not
necessary to invest all the budgets into considered funds.

4 Empirical analysis

The effect of the proposed approach for the fund performance evaluation will
be empirically examined in this section. The input-output data used here comes
from the Chinese Security Investment Fund Research Database, which is compiled
by the GTA Information Technology Company, Shenzhen, China. Considering that
most of funds in China are open-ended, we only consider open-ended funds in what
follows. We choose 40 (i.e., n = 40) open-ended funds that were set up early in
China, the sample period spans from January 2004 to December 2013, comprising
of 2382 daily observations. A calendar year is treated as one investment period. For
each fund, the daily return rate with dividend re-invested is adopted to calculate
all the risk and return measures.
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4.1 Input-output factors

In order to select suitable risk measures, we first calculate the skewness and
kurtosis values of return distributions of all funds. Most return distributions of
chosen funds have the kurtosis value greater than 3, while the skewness value is
obviously different from zero; all the return distributions show statistically signif-
icant leptokurtic and skewness, which stretch the tails. Therefore, it is important
for us to select risk measures which can reflect return distributions with fat tails,
so that we can properly evaluate the performance of these funds. Following Branda
(2013), we choose the CVaR deviation as our risk measure. CVaR deviation is an
important deviation measure derived from CVaR (Rockafellar et al. 2006b). Like
CVaR, CVaR deviation is a quantile-based measure which is suitable for asymmet-
ric return distributions with skewness and/or fat tails. Compared with CVaR, an
advantage of CVaR deviation is that it is positive for any random returns (Branda
2013; Rockafellar et al. 2006a,b). This makes it appealing for including in DEA
models. The CVaR deviation of Rt

j can be determined as (Branda 2013; Ogryczak
and Ruszczynski 2002)

Dα(R
t
j) = min

ζ

1
1−α

E[max{(1− α)(Rt
j − ζ), α(ζ −Rt

j)}],

where α ∈ (0, 1) is the confidence level. If Rt
j has discrete distribution γt

jk, j =
1, . . . , n, k = 1, . . . ,Kt, with equal probabilities pk = 1/Kt, where Kt is the
number of sample points at period t, the CVaR deviation of a linear combination
of funds at period t can be formulated as (Branda 2013)

Dα(
n∑

j=1

λt
jR

t
j) = min

ζ

1
Kt

Kt∑
k=1

max{(
n∑

j=1

λt
jγ

t
jk − ζ), α

1−α
(ζ −

n∑
j=1

λt
jγ

t
jk)}.

To measure the loss risk from those negative returns of a fund, we select the
first-order lower partial moment L(R) = E[max(0,−R)] as another risk measure.
Under the above discrete return distribution assumption, we have

L(Rt
j) =

1
Kt

Kt∑
k=1

max{0,−γt
jk}

for the loss risk of fund j at period t. In the following empirical analysis, we adopt
Dαi

(·), for αi ∈ {0.75,0.95}, and L(·) as risk measures.
The expected return is an important return measure for any fund, thus we

select it as the unique return measure. Like many other researchers, such as Basso
and Funari (2001) and Murthi et al. (1997), we also consider transaction costs as
inputs. Concretely, we take the annual expense ratio as the unique transaction cost
indicator. Annual expense ratio refers to the annually total cost incurred by the
fund in operating the portfolio, usually expressed as a percent of total assets under
management. Although many other transaction cost indicators have been chosen
in existing DEA studies on fund performance, we just consider the above one due
to the following reasons: (i) Having too many inputs and outputs in a DEA model
might diminish its discriminatory power (Galagedera 2013). (ii) Other available
transaction cost indicators, such as the redemption fee and the subscription fee,
are almost the same for sampled funds and keep unchanged for each sampled year.
This is not benefit for diminishing the efficiencies of funds in each sampled year.

Based on the chosen input-output factors, we have m = 3, l = 1, s = 1. Similar
to the DEA models with diversification proposed by Branda (2013) and Branda
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(2015), models (MO) and (MP ) including the above inputs and outputs can be
written as the following equivalent linear programming models, respectively, under
the assumption of discrete return distributions.

E∗ = min
1− ξ

1− ξT

T∑

t=1

ξT−tρt

s.t. ρt = 1−

1
4(

3∑
i=1

β−t
i + β̃−t

1 ) + β+t
1

2
, t = 1, . . . , T − 1,

ρT = 1−

1
4(

3∑
i=1

β−T
i + β̃−T

1 ) + 1
2

2∑
r=1

β+T
r

2
,

1

Kt

Kt∑

k=1

ut
ki ≤ Dαi

(Rt
o)− β−t

i µi(R
t
o), i = 1, 2, t = 1, . . . , T,

ut
ki ≥

n∑

j=1

λt
jγ

t
jk − ζti , k = 1, . . . ,Kt, i = 1, 2, t = 1, . . . , T,

ut
ki ≥

αi

1− αi
(ζti −

n∑

j=1

λt
jγ

t
jk), k = 1, . . . ,Kt, i = 1, 2, t = 1, . . . , T,

1

Kt

Kt∑

k=1

δtk ≤ L(Rt
o)− β−t

3 µ3(R
t
o), t = 1, . . . , T,

δtk ≥ 0, k = 1, . . . ,Kt, t = 1, . . . , T,

δtk ≥ −

n∑

j=1

λt
jγ

t
jk, k = 1, . . . ,Kt, t = 1, . . . , T,

n∑

j=1

λt
jc

t
1j ≤ ct1o − β̃−t

1 ωt
1o, t = 1, . . . , T,

n∑

j=1

λt
jE(Rt

j) ≥ E(Rt
o) + β+t

1 ν1(R
t
o), t = 1, . . . , T,

n∑

j=1

λ1
jz

0
j = z0o ,

n∑

j=1

λt
jz

t
j =

n∑

j=1

λt+1
j ztj , t = 1, . . . , T − 1,

n∑

j=1

λT
j z

T
j ≥ zTo + ηTβ+T

2 ,

n∑

j=1

λt
j = 1, λt

j ≥ 0, j = 1, . . . , n, t = 1, . . . , T,

β−t
i , β̃−t

1 , β+t
r ≥ 0, ∀i, r, t.

min ρτ

s.t.
1− ξ

1− ξT

T∑

t=1

ξT−tρt = E∗,

ρt = ρt,∗, t = T, . . . , τ + 1,
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ρt = 1−

1
4 (

3∑
i=1

β−t
i + β̃−t

1 ) + β+t
1

2
, t = 1, . . . , T − 1,

ρT = 1−

1
4 (

3∑
i=1

β−T
i + β̃−T

1 ) + 1
2

2∑
r=1

β+T
r

2
,

1

Kt

Kt∑

k=1

ut
ki ≤ Dαi

(Rt
o)− β−t

i µi(R
t
o), i = 1, 2, t = 1, . . . , T,

ut
ki ≥

n∑

j=1

λt
jγ

t
jk − ζti , k = 1, . . . ,Kt, i = 1, 2, t = 1, . . . , T,

ut
ki ≥

αi

1− αi
(ζti −

n∑

j=1

λt
jγ

t
jk), k = 1, . . . ,Kt, i = 1, 2, t = 1, . . . , T,

1

Kt

Kt∑

k=1

δtk ≤ L(Rt
o)− β−t

3 µ3(R
t
o), t = 1, . . . , T,

δtk ≥ 0, k = 1, . . . ,Kt, t = 1, . . . , T,

δtk ≥ −

n∑

j=1

λt
jγ

t
jk, k = 1, . . . ,Kt, t = 1, . . . , T,

n∑

j=1

λt
jc

t
1j ≤ ct1o − β̃−t

1 ωt
1o, t = 1, . . . , T,

n∑

j=1

λt
jE(Rt

j) ≥ E(Rt
o) + β+t

1 ν1(R
t
o), t = 1, . . . , T,

n∑

j=1

λ1
jz

0
j = z0o ,

n∑

j=1

λt
jz

t
j =

n∑

j=1

λt+1
j ztj , t = 1, . . . , T − 1,

n∑

j=1

λT
j z

T
j ≥ zTo + ηTβ+T

2 ,

n∑

j=1

λt
j = 1, λt

j ≥ 0, j = 1, . . . , n, t = 1, . . . , T,

β−t
i , β̃−t

1 , β+t
r ≥ 0, ∀i, r, t.

In the above two formulations, we have

µi(R
t
o) = Dαi

(Rt
o)− min

R∈Rt
Dαi

(R), i = 1, 2, µ3(R
t
o) = L(Rt

o)− min
R∈Rt

L(R),

ω1o = ct1o −min
j

ct1j , ν1(R
t
o) = max

R∈Rt
E(R)− E(Rt

o),∀t,

ηT = max
j

zTj − zTo ,

according to (23) and (24). We know from Branda (2013) that the above LPs are
well-defined because

1
Kt

Kt∑
k=1

ut
ki ≥ Dαi

(
n∑

j=1

λt
jR

t
j), i = 1, 2, t = 1, . . . , T,
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and

1
Kt

Kt∑
k=1

δtk ≥ L(
n∑

j=1

λt
jR

t
j), t = 1, . . . , T.

4.2 Empirical results

We first use the proposed multi-period network model (MO) to evaluate the
overall efficiency of 40 chosen funds in three different sample intervals: 2011-2013,
2009-2013 and 2004-2013, respectively. As a comparison, we also treat the rele-
vant investment process as a black-box and then compute the corresponding effi-
ciency scores of 40 funds in these three sample intervals by solving model (MS).
When the investment process is treated as a black-box, we choose Dαi

(Rj), L(Rj),
1
T

∑T

t=1 c
t
1j and z0j as inputs (z0j is also a non-discretionary input), E(Rj) and zTj

as outputs, where Rj is the return rate of the fund j in the corresponding sam-
ple interval. Table 3 lists the resulting efficiency scores and corresponding ranks,
which are shown in brackets. To distinguish, we call the efficiency determined by
model (MS) the static efficiency. As we can see from Table 3, the static efficiency
identifies more efficient funds than the overall efficiency in each sample interval.
The overall efficiency in the sample interval 2004-2013 shows a quite strong dis-
criminating power. Just three funds, ZSPH, JSZZ and GTJX, are identified as
efficient in the whole period.

Compared with model (MS), an advantage of our multi-period network DEA
approach is that model (MO) can decompose the overall efficiency into period-
wise efficiencies among intermediate periods. Table 4 shows the efficiency scores
ρt,∗ at each period (year) in the sample interval 2004-2013. In Table 4, funds
whose efficiency scores are equal to 1 are efficient in the corresponding year. Note
that a fund with a poor overall efficiency might be efficient in some periods. For
instance, the fund HAAG has a poor overall efficiency among all funds in 2004-
2013 with the rank 34 (see Table 3), but it achieves efficiency in 2007, 2008 and
2009. This illustrates the dynamic property of the proposed multi-period network
DEA method since it reveals the change of performance within the sample interval.
In addition, the efficiency scores of each fund at individual periods tell us the time
point at which an inefficient performance occurs for that fund. For example, the
fund YJCL is overall inefficient in 2004-2013, it is easy to see from Table 4 that the
inefficient performance of YJCL occurs in 2004, 2011, 2012 and 2013, respectively.

From Tables 3 and 4, we see that the result got from model (MS) sometimes
misguides investors or fund managers as it ignores the performance variation at
internal periods. For sample, the fund TDCZ is efficient under model (MS) in the
sample interval 2004-2013. However, it is easy to see from Table 4 that TDCZ is
only efficient in two years of 2004 and 2005. TDCZ is inefficient at most of time in
the sample interval. The similar misleading result also happens for the fund JSPH
in the sample interval 2004-2013.

As we can see from the last row of Table 4, the average score of funds’ ef-
ficiency scores keeps increasing from 2004 to 2007 as a whole (there is a single
slight decline in 2006), follows by a drop in 2008 and an increase in 2009, and
then remains volatile from 2010 to 2013. Such an evaluation result is consistent
with the trend of Chinese security markets. From 2004 to 2007, Chinese securi-
ty markets gradually recovered. In 2007, Chinese security markets experienced a
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Table 3 Efficiency scores and corresponding ranks (in brackets) under different sample inter-
vals

Fund
Overall Efficiency Static Efficiency

2011-2013 2009-2013 2004-2013 2011-2013 2009-2013 2004-2013

ZSATGP 1.00000 (1) 1.00000 (1) 0.86778 (9) 1.00000 (1) 1.00000 (1) 1.00000 (1)
WJZS 0.59142 (27) 0.56735 (30) 0.62456 (29) 0.68118 (24) 0.68220 (32) 0.83380 (20)
TDWD 1.00000 (1) 1.00000 (1) 0.99111 (4) 1.00000 (1) 1.00000 (1) 1.00000 (1)
TDZQ 0.59174 (26) 0.67995 (22) 0.77312 (16) 0.60905 (30) 0.82624 (20) 1.00000 (1)
TDCZ 0.61309 (24) 0.72638 (19) 0.73415 (20) 0.71566 (21) 0.92321 (17) 1.00000 (1)
RTSZ 0.34580 (39) 0.46733 (38) 0.45924 (40) 0.44700 (38) 1.00000 (1) 0.52577 (39)

JSCCYX 0.84368 (11) 0.78242 (14) 0.68629 (24) 1.00000 (1) 0.88203 (19) 0.78628 (23)
JYYX 0.60235 (25) 0.60002 (29) 0.71063 (23) 0.65400 (25) 0.78889 (25) 0.60359 (34)
HAAG 0.28628 (40) 0.46021 (39) 0.57624 (34) 0.37292 (40) 0.63670 (37) 0.53135 (38)
GTJY 0.98385 (10) 0.98982 (9) 0.87558 (8) 1.00000 (1) 1.00000 (1) 1.00000 (1)
BSYF 0.52194 (32) 0.51956 (34) 0.46790 (39) 0.59561 (31) 0.64765 (35) 0.54756 (37)
HFJX 0.55830 (29) 0.63368 (27) 0.62993 (28) 0.58651 (32) 0.76100 (29) 0.66219 (29)
GFJF 0.74655 (16) 0.72341 (20) 0.63085 (27) 0.69067 (23) 0.76146 (28) 0.98852 (15)
JSPH 0.58645 (28) 0.65388 (26) 0.74634 (18) 0.72034 (18) 0.80148 (23) 1.00000 (1)
DSWJ 1.00000 (1) 1.00000 (1) 0.88700 (7) 1.00000 (1) 1.00000 (1) 0.64233 (30)
BKPZ 0.63588 (21) 0.67540 (23) 0.67948 (25) 0.57371 (33) 0.71678 (31) 0.78898 (22)
BKXF 0.79362 (13) 0.86902 (10) 0.79121 (13) 1.00000 (1) 1.00000 (1) 0.92217 (18)
ZSPH 1.00000 (1) 1.00000 (1) 1.00000 (1) 1.00000 (1) 1.00000 (1) 1.00000 (1)
CCJH 1.00000 (1) 1.00000 (1) 0.89615 (6) 1.00000 (1) 1.00000 (1) 0.96085 (16)
RTLC 0.63555 (22) 0.53867 (33) 0.57779 (33) 0.70756 (22) 0.72495 (30) 0.62562 (33)
PHSY 0.46152 (36) 0.65916 (25) 0.74486 (19) 0.52516 (37) 0.79461 (24) 0.91418 (19)
YHWJ 0.66080 (19) 0.70339 (21) 0.79019 (15) 0.91604 (16) 0.95996 (15) 0.92361 (17)
YJCL 0.71147 (17) 0.81809 (12) 0.86252 (10) 0.81004 (17) 1.00000 (1) 0.82609 (21)
JSWJ 0.43131 (37) 0.45798 (40) 0.49078 (38) 0.55561 (35) 0.64111 (36) 0.49693 (40)
JSZZ 1.00000 (1) 1.00000 (1) 1.00000 (1) 1.00000 (1) 1.00000 (1) 1.00000 (1)
GTJX 1.00000 (1) 1.00000 (1) 1.00000 (1) 1.00000 (1) 1.00000 (1) 1.00000 (1)
HXHB 0.75445 (15) 0.74010 (18) 0.72969 (22) 1.00000 (1) 1.00000 (1) 1.00000 (1)
PHCZ 1.00000 (1) 0.77841 (16) 0.80305 (12) 1.00000 (1) 0.81543 (21) 0.77070 (24)
BYHL 1.00000 (1) 1.00000 (1) 0.98447 (5) 1.00000 (1) 1.00000 (1) 1.00000 (1)
YHYS 0.62397 (23) 0.66841 (24) 0.61784 (30) 0.71993 (19) 0.81104 (22) 0.72448 (27)
RTXL 0.49025 (34) 0.51860 (35) 0.61381 (31) 0.64159 (28) 0.65458 (34) 0.62651 (32)
YJPW 0.53663 (30) 0.55690 (31) 0.59782 (32) 0.62297 (29) 0.62986 (39) 0.67037 (28)
FGTY 0.78594 (14) 0.86504 (11) 0.81094 (11) 1.00000 (1) 1.00000 (1) 0.73967 (26)
DCJZ 0.49883 (33) 0.60414 (28) 0.65135 (26) 0.53400 (36) 0.58029 (40) 1.00000 (1)
CSPH 0.65797 (20) 0.77906 (15) 0.79057 (14) 0.71841 (20) 0.94730 (16) 1.00000 (1)
JSCZ 0.82687 (12) 0.76651 (17) 0.73320 (21) 0.93245 (15) 0.88822 (18) 0.76740 (25)
BSZZ 0.69611 (18) 0.80840 (13) 0.74852 (17) 0.65371 (26) 0.76389 (27) 1.00000 (1)
NFWJ 0.53089 (31) 0.51434 (36) 0.50190 (37) 0.64314 (27) 0.65764 (33) 0.62831 (31)
HACX 0.35170 (38) 0.46979 (37) 0.55870 (35) 0.42537 (39) 0.63337 (38) 0.57777 (35)
HXCZ 0.47181 (35) 0.54106 (32) 0.52308 (36) 0.56277 (34) 0.76562 (26) 0.54869 (36)

Number of

efficient funds 9 8 3 14 14 14

Table 4 Efficiency scores at each sample year

Funds
Sample years

2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

ZSATGP 0.55048 0.47784 0.50544 0.88303 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
WJZS 0.67678 0.81772 0.90860 0.90370 0.34704 0.76087 0.49912 0.29155 0.74010 0.46198
TDWD 0.93450 0.95472 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
TDZQ 1.00000 1.00000 1.00000 0.82226 0.69749 0.82729 0.79805 0.26888 0.73043 0.77368
TDCZ 1.00000 1.00000 0.40027 0.90816 0.47400 0.91331 0.92095 0.17190 0.84747 0.79044
RTSZ 0.26170 0.47106 0.58776 0.77217 0.30672 0.80363 0.51455 0.09046 0.41508 0.42098

JSCCYX 0.52470 0.64108 0.77336 0.68483 0.45575 0.79143 0.59084 0.29218 0.99738 0.99316
JYYX 1.00000 1.00000 1.00000 1.00000 0.42813 0.77232 0.65365 0.18122 0.56284 0.75686
HAAG 0.39054 0.43156 0.71736 1.00000 1.00000 1.00000 0.49232 0.08325 0.34316 0.44444
GTJY 0.46516 0.55637 0.68414 0.86335 1.00000 1.00000 1.00000 1.00000 1.00000 0.95394
BSYF 0.24495 0.35999 0.60981 0.81708 0.19887 0.75519 0.46346 0.17604 0.62030 0.42086
HFJX 0.65368 0.76533 0.77496 0.84639 0.56356 0.76080 0.70865 0.17876 0.46529 0.70562
GFJF 0.54463 0.72172 0.61959 0.94637 0.24866 0.81021 0.55442 0.26013 1.00000 0.59989
JSPH 1.00000 1.00000 0.52820 0.80906 1.00000 1.00000 0.66106 0.25690 0.74298 0.63944
DSWJ 0.42147 0.48254 0.71508 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
BKPZ 0.58892 0.71805 0.70627 0.96005 0.59966 0.90508 0.52678 0.21366 0.99374 0.61683
BKXF 0.45796 0.92779 0.78913 0.68970 0.58888 1.00000 0.97015 0.88609 0.51136 1.00000
ZSPH 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
CCJH 0.29995 0.75285 0.82395 0.85672 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
RTLC 0.66781 1.00000 0.66632 0.75098 0.26847 0.74362 0.51228 0.16259 0.63220 0.53528
PHSY 0.97682 0.76629 0.77105 0.99603 0.77410 0.99483 0.99986 0.23177 0.57226 0.56368
YHWJ 1.00000 1.00000 1.00000 0.88867 0.69031 0.88436 0.67293 0.31014 0.73810 0.88370
YJCL 0.55526 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 0.59425 0.60230 0.92098
JSWJ 0.49170 0.58905 0.56188 0.81471 0.18698 0.76816 0.46173 0.11217 0.39179 0.60700
JSZZ 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
GTJX 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
HXHB 0.47229 0.55752 0.59014 0.88969 1.00000 0.69603 0.75155 0.39327 0.84491 0.97964
PHCZ 0.73703 0.70618 0.96279 0.74462 0.99901 0.81191 0.90755 0.50257 0.79461 0.87110
BYHL 0.97518 0.98889 0.99348 1.00000 0.87451 1.00000 1.00000 1.00000 1.00000 1.00000
YHYS 0.71283 0.77287 0.57879 0.70589 0.39379 0.81117 0.66032 0.13959 0.82083 0.63591
RTXL 0.78736 0.69946 0.48737 0.68736 1.00000 0.74801 0.57821 0.07634 0.67814 0.52822
YJPW 1.00000 1.00000 0.53885 0.69331 0.22043 0.63784 0.52120 0.15837 0.60444 0.76392
FGTY 0.51198 0.39804 0.71398 1.00000 1.00000 1.00000 1.00000 0.75960 0.65295 0.93606
DCJZ 1.00000 0.99718 0.53765 0.98217 0.58719 0.70243 0.74136 0.23158 0.49536 0.49627
CSPH 0.79450 0.87387 0.55237 0.78867 1.00000 0.97127 0.99214 0.38542 0.71465 0.85629
JSCZ 0.77787 0.58032 0.55704 1.00000 0.91368 0.82824 0.59129 0.20000 0.85865 1.00000
BSZZ 1.00000 0.65792 0.40413 0.55824 0.94850 0.93027 0.89866 1.00000 0.58715 0.52535
NFWJ 0.76292 0.63106 0.38047 0.81493 0.15252 0.69944 0.48727 0.19979 0.50629 0.49690
HACX 0.47068 0.53157 0.66665 0.93632 0.61598 0.72776 0.49592 0.30240 0.43361 0.50113
HXCZ 0.50081 0.39087 0.45060 0.87266 0.27296 0.75357 0.58122 0.02640 0.66767 0.68532

AVERAGE 0.70526 0.75549 0.71394 0.87218 0.69518 0.87023 0.75519 0.45343 0.73915 0.75912
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frenzied boom, the Shanghai composite index surged from about 2600 points at
the beginning of 2007 to 6124 points. Like most of security markets in the world,
Chinese security markets experienced a steep decline in 2008 due to the financial
crisis. The Shanghai composite index fell to 1664.93 points from the highest point
of 5522.78. In 2009, as the Chinese government offered a 4 trillion Yuan economic
stimulus plan, the Shanghai composite index rose from 1820.81 to 3478.01 points.
From 2010 to 2014, Chinese security markets experienced many large fluctuations.
Many analysts believe that the Shanghai and Shenzhen main board stock market is
a typical “monkey” market. From the above analyses, we know that our evaluation
results capture the overall trend of Chinese security markets rather well.

Moreover, our multi-period network DEA model can provide expected inputs,
outputs and intermediate variables. This information can help investors identify
factors causing the fund’s inefficiency at each period. For example, the fund TDZQ
is overall inefficient in the sample interval 2004-2013. By solving models (MO)
and (MP ), we can find the necessary changes for TDZD’s inputs, outputs and
intermediate variables to reach the corresponding expected values at all periods.
The detailed data are shown in Table 5.

Table 5 Expected changes to improve TDZQ’s overall inefficiency

2004 2005 2006 2007 2008 2009 2010 2011 2012 2013
D0.75(Rt

o) -0.00% -0.00% -0.00% -35.60% -16.45% -19.38% -53.78% -75.90% -27.81% -45.33%
D0.95(Rt

o) -0.00% -0.00% -0.00% -34.28% -10.17% -27.66% -49.83% -69.74% -20.60% -55.30%
L(Rt

o) -0.00% -0.00% -0.00% -37.05% -68.00% -70.21% -0.00% -57.82% -67.43% -31.22%
cto -0.00% -0.00% -0.00% -35.27% -18.03% -20.92% -57.95% -77.67% -32.32% -48.51%

E(Rt
o) 0.00% 0.00% 0.00% 0.00% 32.34% 0.00% 0.00% 75.94% 16.87% 0.00%

zto 0.00% 0.00% 0.00% -10.40% -6.36% -4.97% -5.07% 0.70% 0.64% 0.34%

Positive (negative) values in rows 2-6 of Table 5 mean that the outputs (inputs)
should be increased (decreased) by the corresponding percentages along the related
direction in order to reach the expected values. Since only the direction of the
NAV at the T th period is set, we provide the corresponding positive (negative)
percentage relative to the original NAV in order to reach the expected NAV. See
the last row of Table 5. We see from Table 5 that for the fund TDZQ: CVaR
deviation and cost should be decreased in each year of 2007-2013; the first-order
lower partial moment should be decreased in each year of 2007-2009 and 2011-2013;
the expected return should be increased in 2008, 2011 and 2012; the intermediate
variable zto corresponding to the years from 2007 to 2010 should be decreased and
those should be increased in the interval 2011 to 2012; and the output zTo at period
T (in 2013) should be increased. These different modifications at different periods
demonstrate an interesting feature of the intermediate variable: it is treated as both
an input and an output. This feature of the intermediate variable also means the
proposed method is inconsistent with stochastic dominance, since an intermediate
variable cannot be simply expanded or reduced to maximize the performance of
DMUs. In the proposed model, optimal intermediate variables are determined by
coordinating all periods in such a way that the overall efficiency in the whole
investment horizon is maximized!
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5 Conclusions

When applying the DEA models with diversification to evaluate the perfor-
mance of funds, current studies treat the investment process as a black-box and
ignore the interrelationship among inner periods. In this paper, we overcome this
disadvantage by treating the investment process as serially inter-related periods.
Each period has its exogenous inputs and outputs and also has intermediate vari-
ables. We decompose the investment process into a series of successive periods. By
combining the DEA model with diversification and the network DEA model, we
proposed a multi-period network DEA model with diversification. The proposed
model can reveal the detailed dynamics of funds’ performance by decomposing the
overall efficiency into inter-dependent performance measures at individual periods.
It dynamically evaluates investment funds in terms of the input reduction, the out-
put expansion and the intermediate variable equilibrium. Empirical results show
that the proposed overall efficiency has a good discriminating power for ranking
the efficiency of funds and properly reflects the impact of the financial crisis and
the policy stimulus on fund performance.

We propose the network DEA model with diversification from the perspective
of time, which can reveal the change of a fund’s performance within the sample
interval. The proposed model cannot tell us the poor performance of an inefficient
fund is due to the bad operational management of the fund company or the bad
portfolio management of the fund manager. How to solve this problem is left for
future research.
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