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Abstract
Weighted exponential and generalized exponential functions are used

in life time data analysis. Both of these functions can be applied as
a growth curve. Locally D-optimal designs for weighted exponential
and generalized exponential models are investigated. These designs are
minimally supported.
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1 Introduction

Gupta and Kundu (1999) introduced the generalized exponential (GE) distri-
bution as a possible alternative to the well known gamma or weibull distribu-
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tion. The generalized exponential distribution has lots of interesting properties
and it can be used quite effectivelly to analyze several skewed life time data.
The generalized exponential density function :

f(x) = αλe−λx(1 − e−λx)α−1, x > 0, α ≥ 1, λ > 0 (1)

has two parameters, where α is shape parameter and λ is scale parameter.
Moreover Gupta and Kundu (2009) introduced the weighted exponential (WE)
distribution. The weighted exponential model has the probability density func-
tion whose shape is very closed to the shape of probability function of weibull,
gamma or generalized exponential distribution. While the weighted exponen-
tial distribution has several good properties and can be used as a good fit for
modelling life time data, a limitation of using it is that when the sample skew-
ness measure for data lies outside its skewness function range. The weighted
exponential density function:

f(x) =
1 + α

α
λe−λx(1 − e−αλx), x > 0, α, λ > 0 (2)

has two parameters where α is shape parameter and λ is scale parameter.
Both of the above functions can be used to describe the growth of weeds/grass
population around the palm tree.
The goal of D-optimal criterion function is minimize the variance of the pa-
rameter estimates in the model. At first the D-optimal criterion used for linear
regression model of the form:

y = fT (x)β + ε (3)

where: β = (β0, β1, .., β(k−1))
T , f(x) = (1, x, x2, .., x(k−1))T , y = (y1, y2, ..., yn)T ,

ε = (ε1, ε2, .., εn)
T . In the case of ε is homoscedastic been investigated (Atkin-

son et al.,2007, Fang, 2002, Imhof et al.,2002). While in the case ε is het-
eroscedastic, with some weighted functions has also been investigated, Antille
et al (2003), Fang (2003), Dette and Trampisch (2010), stated theorem cor-
responding to the form of weighted function.Widiharih et al (2012a), applied
the results of Fang (2003) and Antille et al (2003) ,for the cubic polynomial
regression models with several weighted functions, namely:

λ(x) = (1 − x2), λ(x) = exp(−x), λ(x) = xexp(−x).
From all of the papers homoscedastic and heteroscedastic cases , D-optimal
criterion of the model (3) fulfilled if the number of design points is the same
with the number of parameters in the model (saturated design/ minimally
supported designs) and equal mass. Model (3) can be developed for nonlinear
models for the form:

y = η(x, β) + ε (4)
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where : β = (β1, β2, ..., βk)
T . Equation (4) is a nonlinear model, determine the

D-optimal criterion need to linierization first. One of the methods is Taylor ex-
pansion, that can be seen in Atkinson et al (2007) and Schwabe (2008). In the
case of ε is homoscedastic been investigated. Han and Chaloner (2003) used
the model: y = α+βe−λx +ε, x ≥ 0, α, β, λ > 0 which is applied to the phar-
macokinetic. Widiharih et al., (2012b) used a weighted exponential model for
λ = 1 and some α with the form: f(x) = 1+α

α
λe−λx(1−e−αλx), x > 0, α, λ > 0

which can be applied to describe the growth of weeds/grass population around
the palm tree. While Dette et al (2006) using a model which is a sum of expo-
nential form is: y =

∑k
i=1 αie

−βix + ε, x ≥ 0, αi, βi > 0 which was applied to
the biology. D-optimal designs for exponential two parameters regression has
been discussed by widiharih et al (2012c). Dette and Pepelyshev (2008) using
sigmoidal models for four different models, the exponential regression model
with the form: y = α − βe−λx + ε, Weibull regression model with the form:
y = α− βe−λxγ

+ ε, Logistic regression model with the form: y = α
α−βe−λx + ε,

and Richards regression model with the form : y = α
α+βe−λxγ + ε. Li and

Majumdar (2008) introduced a theorem to show the existence and unique-
ness of D-optimal design with minimally supported designs and apply it to
the logistic regression models with three and four parameters. The models
are: y = θ1

1+e−θ1x+θ3
+ ε; y = θ1

1+e−θ1x+θ3
+ θ4 + ε. The tools used in showing

the existence and uniqueness of D-optimal design is Tchebyshev system (T
systems) . Li (2011) using the theorem of Li and Majumdar (2008) applied
to the Gompertz regression models two and three parameters of the form:
y = exp(−e−θ1x+θ2) + ε and y = θ3exp(−e−θ1x+θ2) + ε, and applied it to the
biology. Furthermore, Li and Balakrisnan (2011) by using the theorem in Li
and Majumdar (2008) applied to the tumor regrowth model namely double-
exponential regrowth model : y = α + ln[βeϑt + (1 − β)e−ϕt] + ε and LINEX
regrowth model: y = α+ βeϑt + ϕt+ ε.
Based on the weighted exponential distribution model (1), this paper will dis-
cuss the D-optimal designs for the model:

y = e−θ1x(1 − e−θ1x)θ2 + ε, x > 0, θ1, θ2 > 0 (5)

with ε is a random variable with mean zero and constant variance σ2. Model
(5) can be applied to describe the growth of weeds/grass population around
the palm tree. Graph of the model (5) is very specific with unimodal at the

point x = ln(1+θ2)
θ1

.
Based on the generalized exponential distribution model (2) in this paper will
discuss D-optimal designs for the model :

y = e−θ1x(1 − e−θ1x)θ2 + ε, x > 0, θ1, θ2 > 0 (6)

with ε is a random variable with mean zero and constant variance σ2. Model
(6 ) can be applied to describe the growth of weeds/grass population around
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the palm tree. Graph of the model (6) is very specific with unimodal in point

x =
−ln

θ1
θ1+θ2

θ2
.

To prove uniqueness of the D-optimal designs and minimally supported using
theorem in Li and Majumdar (2008).

2 Locally D-optimal designs

2.1 D-optimal design for linear models

Linear models as in equation (1) , designs of p point is denoted by:

ξ =

(
x1 x2 ... xp

w1 w2 ... wp

)
(7)

where : wi = ri/n, ri: number of observation at the point xi , n : number of
observation and n =

∑p
i=1 ri ,

∑p
i=1wi = 1

Information matrix for designs (7) is :

M(ξ) =
p∑

i=1

wif(x)fT (x) (8)

Information matrix in (8) is kxk symetric matrix, with k is the number of pa-
rameters in the model. Dispersion function (standardized variance) associated
with the design ξ is :

d(x, ξ) = fT (x)M−1(ξ)f(x) (9)

Definition 2.1 [ Atkinson et al (2007)]
D-optimal criterion is a criteria which obtained by minimizing ψM(ξ),where :
ψM(ξ) = log |M−1(ξ)| = − log |M(ξ)|

Based on definition 2.1, D-optimal criterion is obtained by maximizing
det(M(ξ)). To prove that the design ξ as in equation (6) is D-optimal be used
General Equivalence Theorem. Let the measure ξ1 through the information
matrix M(ξ1) put unit mass at the point x and let the measure ξ2 is

ξ2 = (1 − a)ξ + aξ1

M(ξ2) = (1 − a)M(ξ) + aM(ξ1)

Accordingly, the derivative of ψ in the direction ξ1 is:

φ(x, ξ) = lim
a→0

1

a
[ψ[(1 − a)M(ξ) + aM(ξ1)] − ψ[M(ξ)]] (10)
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Theorem 2.2 General Equivalence Theorem [Atkinson et al (2007)]
States the equivalence of the following three conditions on ξ∗ :

1. The designs ξ∗ minimizes ψ[M(ξ)] .

2. The designs ξ∗ maximizes the minimum over χ of φ(x, ξ)

3. The minimum over χ of φ(x, ξ∗) = 0, this minimum occuring at the
points of support of the design.
As a consequence of 3, we obtain the further condition :

4. For any non-optimum design ξ the minimum over χ of φ(x, ξ) < 0

Based on definition 2.1, when we chose D-optimal criterion then:
ψ[(ξ)] = −log|M(ξ)|, equation (10) become :

φ(x, ξ) = k − fT (x)M−1(ξ)f(x) = k − d(x, ξ)

Based on condition 3 in theorema 2.2, φ(x, ξ) ≥ 0 then :

d(x, ξ) ≤ k (11)

2.2 D-optimal designs for nonlinear models

To prove the design ξ as in equation (7) is a D-optimal designs for nonlinear
models as in equation (4 ) i.e y = η(x, β) + ε, the first step is linearization
of equation (4). One of the method is Taylor expansion around the point
β0 = (β01, β02, ..., β0k) as follows:

E(y) = η(x, β) = η(x, β0)+[
∂η(x, β)

∂βT
|β = β0](β−β0) = c+[

∂η(x, β)

∂βT
|β = β0]β

yβ0(x) = fT
β0

(x)β + ε (12)

where : fT
β0

(x) = (∂η(x,β)
∂β1

, ∂η(x,β)
∂β2

, ..., ∂η(x,β)
∂βk

)T |β = β0 . In general,equation (12)
can be expressed as:

y = fT (x).β + ε (13)

where : fT (x) = (∂η(x,β)
∂β1

, ∂η(x,β)
∂β2

, ..., ∂η(x,β)
∂βk

)T .

When we used the design ξ as in equation (7) the information matrix for the
models such as equation (8), with standardize variance such as equation (9).
Determination of optimal designs for these models is particularly difficult be-
cause , unlike for linear models, the Fisher information matrix and hence
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optimal designs depends on the values of the unknown parameters. The most
widely used method for dealing with this problem is the local optimality ap-
proch of Chernoff (1953), in wich the optimality criterion function is evaluated
at assumed values of the parameters. This is the approch we will adopt.
Another concept we will adopt is theorem 1 from Li and Majumdar (2008).
Tchebyshev system concepts needed to examines the behavior of the stan-
dardized variance d(x, ξ) . The important principle is the number roots of
{d(x, ξ)− k+ c : 0 < c < ε}, with k is the number of parameters in the model.

Definition 2.3 Shadrin (2005) , Dzyadyk and Shevchuk (2008)
A set Θ = {u0, ..., un} from C(K) is a Chebyshev system, if it satisfies the
Haar condition each polinomial : p = a0u0 + ...+ anun with not all coeffisients
equal to zero, has at most n distinct zero on K. The (n+1) dimensional space
Un spanned by such a Θ is called a Chebyshev space.

Lemma 2.4 Shadrin (2005)
The following conditions are equivalent:

1. (ui)
n
0 is a Chebyshev system.

2. For any n+1 distinct points (xi)
n
0 ∈ K, the following determinant is not

zero:

D(x0, ..., xn) =

∣∣∣∣∣∣∣
u0(x0) ... un(x0)

... ... ...
u0(xn) ... un(xn)

∣∣∣∣∣∣∣
3. If (xi)

n
0 are distinct points in K and (yi)

n
0 are arbitary numbers, then the

interpolation problem : a0u0(xi) + ... + anun(xi) = yi, i = 0, ..., n has a
unique solution for the unknowns (aj) .

Lemma 2.5 (Li and Majumdar, 2008)
Let {uij(t), j = 1, ..., li}s

i=1 be s sequances of function. If ∀ji ∈ {1, ..., li},
i ∈ {1, ..., s}, {u1j1, u2j2, ..., usjs} a T- systems, and cij > 0, i = 1, 2, ..., s,
j = 1, 2, ..., li then {∑l1

j=1 c1ju1j ,
∑l2

j=1 c2ju2j, ...,
∑ls

j=1 csjusj} is also T-system .

To show that D-optimal design must be minimlly supported and unique, refers
to Li and Majumdar (2008). Firstly assumed that design support has one of
the following form : χ0 = (−∞,∞), χ1 = [a,∞), χ2 = (−∞, b] or χ3 = [a, b]
with known a and b. It follows from the definition of the D-optimal criterion
that a D-optimal design over H must be a nonsingular design, i.e a design with
a nonsingular information matrix. Let H be the set of nonsingular designs in
H .
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Theorem 2.6 Li and Majumdar (2008)

1. For χ0 = (−∞,∞), if ∀ξ ∈ H,∃ε > 0 such that every function in
{d(x, ξ) − k + c : 0 < c < ε} has at most 2k+1 roots in the design region
and a D-optimal design over H exist, then the D-optimal design must be
minimally supported and unique.

2. Let χ be one of the following two forms: χ1 = [a,∞)orχ2 = (−∞, b]. If
∀ξ ∈ H, ∃ε > 0 such that every function in {d(x, ξ) − k + c : 0 < c < ε}
has at most 2k roots in the design region : χ1 or χ2 and a D-optimal de-
sign over H exist, then the D-optimal design must be minimally supported
and unique. In addition, if ∀ξ ∈ H, ∃ε > 0 such that every function in
{d(x, ξ) − k + c : 0 < c < ε} has at most 2k-1 roots in the design region
and a D-optimal design over H exist, then a (for χ1 ) and b (for χ2) is
one of the support point of the D-optimal design.

3. For χ3 = [a, b], if ∀ξ ∈ H,∃ε > 0 such that every function in {d(x, ξ) −
k + c : 0 < c < ε} has at most 2k-1 roots in χ3, then the D-optimal
design must be minimally supported and unique and at least one of the
boundary points is a support point of the D-optimal design. In addition,
if ∀ξ ∈ H,∃ε > 0 such that every function in {d(x, ξ)− k+ c : 0 < c < ε}
has at most 2k-2 roots in χ3 then both a and b are support point of the
D-optimal design.

3 Results and Discussion

3.1 D-optimal designs for weighted exponential regres-
sion

Model of the weighted exponential regression :

y = e−θ1x(1 − e−θ2x) + ε, x > 0, θ1, θ2 > 0

η(x, θ) = e−θ1x(1 − e−θ2x)

∂η(x, θ)

∂θ1
= −xe−θ1x(1 − e−θ2x),

∂η(x, θ)

∂θ2
= xe−θ1xe−θ2x

f(x) = (−xe−θ1x(1 − e−θ2x) xe−θ1xe−θ2x)T

Futher we applied theorema 2.6 to see existence , minimally supported design
and uniqueness. Let mij denote the (i,j)th element of M−1(ξ).

d(x, ξ) = fT (x)M−1(ξ)f(x)

= m11x
2e−2θ1x(1−e−θ2x)2+2m12(−x2e−2θ1x.e−θ2x(1−e−θ2x))+m22x

2e−2θ1xe−θ2x
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= x2e−2(θ1+θ2)x(m11−2m12 +m22)+x2e−(2θ1+θ2)x(−2m11−2m12)+x2e−2θ1xm11

d(x, ξ)

x2
= e−2(θ1+θ2)x(m11−2m12+m22)+e

−(2θ1+θ2)x(−2m11−2m12)+e
−2θ1xm11

{d(x, ξ)− 2 + c} is a linear combination of : {e−2θ1x, e−(2θ1+θ2)x, e−2(θ1+θ2)x, x2}
thus {d(x, ξ) − 2 + c} is also a linear combination of :

{e−2θ1x, e−θ2x, e−(2θ1+θ2)x, e−2(θ1+θ2)x, x2} (14)

From Lemma 2.4 part (2) show that (14) is a T-system. Hence ,{d(x, ξ)−2+c}
has at most four roots, and from theorema 2.6 part (2), locally D-optimal
design for [a,∞), a > 0 is minimally supported if a D-optimal design exist
in the corresponding design space. To determine the support points with
algorithm :

f(x)fT (x) =

(
f11 f12

f12 f22

)

where:
f11 = x2e−2θ1x(1 − e−θ2x)2

f12 = −x2e−2θ1x.e−θ2x(1 − e−θ2x)
f22 = x2e−2θ1xe−2θ2x

Let : ξ3 =

(
x1 x2

0.5 0.5

)
Information matrix for ξ3 is : M(ξ3) =

(
M11 M12

M12 M22

)

where :
M11 = 0.5f11|x=x1 + 0.5f11|x=x2

M12 = 0.5f12|x=x1 + 0.5f12|x=x2

M22 = 0.5f22|x=x1 + 0.5f22|x=x2

|M(ξ3)| = M11M22 −M2
12 (15)

If given value of θ1 and θ2 then maximized |M(ξ3)| will be obtained x1 and x2

Theorem 3.1 [First main result ]

1. For design support Λ0 = [a,∞), a > 0, the D-optimal design is supported
on (x∗1, x

∗
2).

2. Consider Λ0 = [a, b]

• If a < x∗1 < x∗2 < b , then the D-optimal design is supported on
(x∗1, x

∗
2).

• If a ≤ x∗1, b > x∗2, then the D-optimal design is supported on (x∗1, x
∗
a),

where x∗a is solution of maximized (15) with x1 = a.

• If a < x∗1, b ≤ x∗2 , then the D-optimal design is supported on (x∗b , b),
where x∗b is solution of maximized (15) with x2 = b.
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• If a ≥ x∗1, b ≤ x∗2 , then the D-optimal design is supported on (a,b).

For some value of θ1and θ2 the design points of D-optimal shown in Table 1
with some design support, and can be shown to satisfy generalized equivalence
theorem as follows: d(x, ξ) ≤ 2.

Table 1: D-optimal Designs for Weighted Exponential Regression.

design design supported design design supported
(θ1, θ2) region x1 x2 (θ1, θ2) region x1 x2

(0.5,0.5) [0,50] 0.83313 3.33658 (0.5 ,1) [0,50] 0.61159 2.74025
[0.75,5] 0.83313 3.33658 [0.5,10] 0.61159 2.74025
[1,5] 1.00000 3.44064 [0.75,10] 0.75000 2.81663
[0, 3.0] 0.80030 3.00000 [0, 2.5] 0.59693 2.50000
[1, 3] 1.00000 3.00000 [0.75, 2.5] 0.75000 2.50000

(1,2) [0 , 50] 0.30580 1.37013 (1, 0.5) [0, 50] 0.50460 1.92890
[0.25 ,4] 0.30580 1.37013 [0.6, 2.5] 0.60000 1.99090
[0.4 , 4] 0.40000 1.42267 [0, 1.5] 0.44970 1.50000
[0, 1.25] 0.29846 1.25000 [0.6, 1.5] 0.60000 1.50000
[0.4 ,1.25] 0.40000 1.25000 [0.25, 2.5] 0.50460 1.92890

3.2 D-optimal designs for generalized exponential re-

gression

Model of the generalized exponential regression :

y = e−θ1x(1 − e−θ1x)θ2 + ε, x > 0, θ1, θ2 > 0

η(x, θ) = e−θ1x(1 − e−θ1x)θ2

∂η(x, θ)

∂θ1
= xe−θ1x(1 − e−θ1x)θ2−1((1 + θ2)e

−θ1x − 1)

∂η(x, θ)

∂θ2
= e−θ1x(1 − e−θ1x)θ2 ln(1 − e−θ1x)

f(x) =

(
xe−θ1x(1 − e−θ1x)θ2−1((1 + θ2)e

−θ1x − 1)
e−θ1x(1 − e−θ1x)θ2 ln(1 − e−θ1x)

)

Futher we applied theorema 2.6 to see existence , minimally supported design
and uniqueness . Let mij denote the (i,j)th element of M−1(ξ)

d(x, ξ) = fT (x)M−1(ξ)f(x)

d(x, ξ)

e−2θ1x(1 − e−θ1x)2θ2
= A+B +K
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where:
A = m11[x

2 + θ2
2x

2e−2θ1x(1 − e−θ1x)−2 − 2θ2x
2e−θ1x(1 − e−θ1x)−1]

B = 2m12[−xln(1 − e−θ1x) + θ2xe
−θ1x(1 − e−θ1x)−1 ln(1 − e−θ1x)]

K = m22 ln2(1 − e−θ1x)
Let :
u(x) = m11[x

2 + θ2
2x

2e−2θ1x(1 − e−θ1x)−2] +m22 ln2(1 − e−θ1x)
G1 = x2e−θ1x(1 − e−θ1x)−1

G2 = x ln(1 − e−θ1x)
G3 = xe−θ1x(1 − e−θ1x)−1 ln(1 − e−θ1x)
G4 = e−2θ1x(1 − e−θ1x)2θ2

G5 = x2

G6 = x2e−2θ1x(1 − e−θ1x)−2

G7 = ln2(1 − e−θ1x)

We have three sequences of functions that are T-system :

1. {G1, G2, G3, G4, G5}
2. {G1, G2, G3, G4, G6}
3. {G1, G2, G3, G4, G7}

u(x) is linear combination of {G5, G6, G7)}, with all of coefficient are positive.
From lemma 2.5 so that : {G1, G2, G3, G4, u(x)} is a T-system. Thus, {d(x, ξ)−
2 + c} is linear combination of :{G1, G2, G3, G4, u(x)} and have at most four
roots, from theorema 2.6 part (2), locally D-optimal design for [a,∞), a > 0 is
minimally supported if a D-optimal design exist in the corresponding design
space. To determine the support points with algorithm :

f(x)fT (x) =

(
f11 f12

f12 f22

)

where :
f11 = (−xe−θ1x(1 − e−θ1x)θ2 + θ2xe

−2θ1x(1 − e−θ1x)θ2 − 1)2

f12 = [−xe−θ1x(1−e−θ1x)θ2 + θ2xe
−2θ1x(1−e−θ1x)θ2 −1]e−θ1x(1−e−θ1x)θ2 ln(1−

e−θ1x)
f22 = (e−θ1x(1 − e−θ1x)θ2 ln(1 − e−θ1x))2.

Let : ξ4 =

(
x1 x2

0.5 0.5

)
, information matrix for ξ4 is : M(ξ4) =

(
M11 M12

M12 M22

)

where :
M11 = 0.5f11|x=x1 + 0.5f11|x=x2

M12 = 0.5f12|x=x1 + 0.5f12|x=x2 M22 = 0.5f22|x=x1 + 0.5f22|x=x2

|M(ξ4)| = M11M22 −M2
12
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If given value of θ1 and θ2 then maximized |M(ξ4)| will be obtained x1 and x2

Theorem 3.2 [Second main result]

1. For design support Λ0 = [a,∞), a > 0, the D-optimal design is supported
on (x∗1, x

∗
2).

2. Consider Λ0 = [a, b]

• If a < x∗1 < x∗2 < b , then the D-optimal design is supported on
(x∗1, x

∗
2).

• If a ≤ x∗1, b > x∗2, then the D-optimal design is supported on (x∗1, x
∗
a),

where x∗a is solution of maximized (16) with x1 = a.

• If a < x∗1, b ≤ x∗2 , then the D-optimal design is supported on (x∗b , b),
where x∗b is solution of maximized (16) with x2 = b.

• If a ≥ x∗1, b ≤ x∗2 , then the D-optimal design is supported on (a,b).

For some value of θ1and θ2 the design points of D-optimal shown in Table 2
with some design support, and can be shown to satisfy generalized equivalence
theorem as follows: d(x, ξ) ≤ 2.

Table 2: D-optimal Designs for Generalized Exponential Regression.

design design supported design design supported
(θ1, θ2) region x1 x2 (θ1, θ2) region x1 x2

(1, 2) [0,50] 0.571400 2.12820 (1, 1) [0,50] 0.267700 1.74480
[0.6,2.5] 0.599900 2.13060 [0.5,2.0] 0.500000 1.77910
[0, 2.0] 0.569600 2.00000 [0, 1.5] 0.267200 1.50000
[0.6, 2.0] 0.599900 2.00000 [0.5, 1.5] 0.500000 1.50000
[0.25, 2.5] 0.571400 2.12820 [0.25, 2.5] 0.267700 1.74480

(2, 1) [0 , 25] 0.133867 0.87239 (2, 2) [0 , 25] 0.285695 1.06411
[0 , 5] 0.133867 0.87239 [0 , 5] 0.285695 1.06411
[0.2 , 5] 0.200000 0.87858 [0.3 , 5] 0.299999 1.06530
[0 , 0.8] 0.133725 0.80000 [0 , 1] 0.284814 1.00000
[0.2 ,0.75] 0.200000 0.75000 [0.3 , 1] 0.299999 1.00000

4 Conclusion

In this paper we have studied D-optimal designs for weighted exponential re-
gression and generalized exponential regression with homoscedastic variance.
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Our tools are result that derived from the Kiefer-Wolowitz Equivalence the-
orem , we adopt theorem 2 from Li and Majumdar (2008) and properties of
T-system. The former, Theorem 3 and 4 are general result that gives D-optimal
designs for some design region.

ACKNOWLEDGEMENTS. The authors would like to thank the Referees
and the Associate Editor for their valueable comments and suggestions which
improve the paper.

References

[1] A.C. Atkinson, A.N. Donev, and R.D. Tobias,Optimum Experimental De-
signs, with SAS, OXFORD University Press,2007.

[2] G. Antille, et all., A Note on optimal designs in weighted polynomial re-
gression for the classical efficiency functions, Journal of Statistical Plan-
ning and Inference,113 ( 2003), 285-292.

[3] H. Chernoff, Locally optimal designs for estimating parameters,Ann.
Math. Statist, 24 (1953), 586-602.

[4] H. Dette, V.B. Melas, and W.K.Wong, Locally D-optimal designs for
exponential regression models, , Statistica Sinica,16

[5] H. Dette, and A. Pepelyshev, Efficient experimental designs for sigmoidal
growth models, Journal of Statistical Planning and Inference, 138(2008),
2-17.

[6] H. Dette, and M. Trampisch, A general approach to D-Optimal designs for
weighted univariate polynomial regression models, Journal of The Korean
Statistical Society , 39 (2010), 1-26.

[7] ] V.K. Dzyadyk, and I.A. Shevchuk,Theory of Uniform Approximation of
Functions by Polynomials, Walter de Gruyter, Berlin, Germany, 2008.

[8] Z. Fang, D-optimal designs for polynomial regression model through ori-
gin,Statistics and Probability Letters, 57(2002) 343-351.

[9] ] Z. Fang, D-optimal designs for weighted polynomial regression, Statistics
and Probability Letters, 63 (2003), 205-213.

[10] R.D. Gupta, and D. Kundu, Generalized exponential distribution, Aus-
tralian and New Zealand Journal of Statistics, 41 (1999) 173-188.



D-optimal designs 1079

[11] R.D. Gupta, and D. Kundu, A new class of weigted exponential distribu-
tion, Statistics, 43(2009) 621- 634.

[12] C. Han, and K. Chaloner, D- and c-optimal designs for exponential re-
gression models used in Viral Dynamics and other Applications, Journal
of Statistical Planning and Inference,11 (2003), 585-601.

[13] L. Imhof, et al, D-optimal exact designs for parameter estimation in a
quadratic model,Sankhya: The Indian Journal of Statistics, vol 62, series
B, Pt.2, (2002) pp 266-275.

[14] G. Li, and D. Majumdar, D-optimal designs for Logistic models with three
and four parameters,Journal of Statistical Planning and Inference138
(2008) 190-1959.

[15] G. Li, Optimal and eficient designs for Gompertz regression models,Ann
Inst Stat Math, DOI 10.1007/s10463-011-03040-y, 2011.

[16] G. Li, and N. Balakrishnan, Optimal designs for tumor regrowth mod-
els,Journal of Statistical Planning and Inference,141 (2011) 644-654.

[17] ] F. Pukelsheim, Optimal Design of Experiments, Wiley, New York, 1993

[18] A. Shadrin, Part III-Lent Term 2005, Approximation Theory-Lecture 6,
www.damtp.cam.uk/user/na/na.html 2005.

[19] R. Schwabe, Optimal Design for Linear and Nonlinear Models, A Short
Course. Otto von Guerike University Magdeburg, July, 21-25, 2008.

[20] T. Widiharih, S. Haryatmi, and Gunardi, D-optimal design untuk regresi
polinomial terboboti,IndoMS Journal on Statistics,Vol.1, No.1 (2012a).

[21] T. Widiharih, S. Haryatmi, and Gunardi, Rancangan D-optimal untuk
model regresi eksponensial dengan mean terboboti, Prosiding KNM XVI
UNPAD. 2012b.

[22] T. Widiharih, S. Haryatmi, and Gunardi, Sistem tchebyshev untuk ran-
cangan D-Optimal model regresi eksponensial dua parameter, Seminar
Hasil Penelitian FMIPA UGM, 28-29 September 2012c (Tidak dipub-
likasikan).

Received: November, 2012


