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2Department of Engineering Management, University of Antwerp, Belgium

November 20, 2016

Abstract

When a multi-factor experiment is carried out over a period of time, the responses

may suffer from a time trend. Unless the tests of the experiment are conducted in a

proper order, the time trend has a negative impact on the precision of the estimates of

the main effects, the interaction effects and the quadratic effects. A proper run order,

called a trend-robust run order, minimizes the correlation between the effects' estimates

and the time trend's linear, quadratic and cubic components. Finding a trend-robust

run order is essentially a permutation problem. We develop a sequential approach

based on integer programming to find a trend-robust run order for any given design.

The sequential nature of our algorithm allows us to prioritize the trend robustness of

the main-effect estimates. In the literature, most of the methods used are tailored

to specific designs, and are not applicable to an arbitrary design. Additionally, little

attention has been paid to trend-robust run orders of response surface designs, such

as central composite designs, Box-Behnken designs and definitive screening designs.

Our sequential algorithm succeeds in identifying trend-robust run orders for arbitrary

factorial designs and response surface designs with two up to six factors.

Keywords: factorial designs, mixed integer program, orthogonality, response surface

designs, sequential approach, trend robustness
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Run 1 2 3 4 5 6 7 8 9
X1 −1 −1 1 1 −1 1 0 0 0
X2 −1 1 −1 1 0 0 −1 1 0

Time −4 −3 −2 −1 0 1 2 3 4

Table 1: Face-centered central composite design with two factors and one center point in standard order
and linear time trend

1 Time trends and optimal design of experiments

In this article, we consider multi-factor experiments where the response exhibits a polyno-

mial time trend. This may be due to, for example, a learning curve of the person in charge of

the experiment, or heating up of the equipment. Cox (1951) presents a single-factor exper-

iment where different treatments are applied to wool, the behaviour of which changes over

time. Hill (1960) describes a chemical experiment in which a catalytic reaction exhibits a

change over time. Four other examples of experiments involving time trends are discussed

in Joiner and Campbell (1976). The time trend is usually modeled by means of a low-order

polynomial, this is, it enters the model as a covariate. It is generally assumed that there are

no interaction effects between the time trend and the experimental factors.

Consider a face-centered central composite design with two factors and one center point.

Table 1 depicts the design in standard order along with a linear time trend, which has

been centered around 0. This design allows the modeling of a second order relationship

between the response and the experimental factors. The estimation of the coefficients of

the corresponding second-order model should, ideally, be independent of the time trend. In

other words, one should be able to estimate the coefficients as if the trend is absent. This is

achieved if the main effects and the second-order effects are orthogonal to the time trend. We

then say that the design is trend-robust, trend-free or trend-resistant. Using the standard

run order of the design in Table 1, none of the model effects is orthogonal to the linear time

trend. For example, the dot product between the main effect contrast vector, X1, and the

linear time trend equals

(−1) · (−4) + (−1) · (−3) + 1 · (−2) + 1 · (−1) + (−1) · 0 + 1 · 1 + 0 · 2 + 0 · 3 + 0 · 4 = 5 .

As a result, the vector X1 and the linear time trend are far from being orthogonal and

they form an angle of, approximately, 75◦. Table 2 shows a trend-robust run order for the

central composite design considered in which the contrast vectors of all main effects and

second-order effects are orthogonal to the linear time trend.
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Run 1 2 3 4 5 6 7 8 9
X1 −1 1 0 1 0 −1 0 −1 1
X2 0 −1 1 1 0 −1 −1 1 0

Time −4 −3 −2 −1 0 1 2 3 4

Table 2: Trend-robust run order of the face-centered central composite design with two factors and one
center point

This paper addresses the problem of finding a run order for a given design such that the

model effects are orthogonal to linear, quadratic and cubic time trends. In essence, this is a

permutation problem. We tackle the problem using mathematical programming techniques,

more specifically using integer programming.

The literature on trend-robust run orders can be classified in three groups, depending

on the solution method used. The first group consists of papers which use algebraic theory

and/or foldover techniques. Cox (1951) was the first to study systematic run orders for

an experiment with one qualitative 2-level factor. Box and Hay (1953) study a biological

experiment with one quantitative factor, a quadratic regression model in that factor and a

time trend which is approximated by a cubic polynomial. They use orthogonal polynomials

to code the time trend. Hill (1960) presents a blocked design for a chemical experiment

with four quantitative factors to fit a first-order model in the presence of a quadratic time

trend. Daniel and Wilcoxon (1966) present some results for 2-level full factorial and frac-

tional factorial experiments. Their results are extended by Cheng and Jacroux (1988), who

considered 2-level factorial experiments with interactions. John (1990) constructs 2-level and

3-level factorial designs which are robust against linear and quadratic time trends. He con-

siders main effects and interaction effects and uses a foldover technique to find trend-robust

run orders. Bailey et al. (1992) present trend-robust run orders for 2-level, multi-level and

mixed-level factorial designs. They use a generalized foldover method.

The second group is composed of papers that use a point-exchange algorithm to construct

D-optimal designs for general models. Atkinson and Donev (1996) present an algorithm that

takes into account robustness against linear and quadratic trends. Tack and Vandebroek

(2001) build on this article, adding a cost associated with the change of factor levels between

consecutive runs. Finally, Tack and Vandebroek (2002) further develop the algorithm by

incorporating fixed or random block effects.
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The final group includes papers which use integer programming techniques. Our work

belongs to this category. Hinkelmann and Jo (1998) consider a general Box-Behnken design

and propose a system of integer equations which produces a linear trend-free run order.

While the previous papers deal with completely randomized designs, Carrano et al. (2006)

study the trend robustness of split-plot designs for an experiment with wood performed on

abrasive machining. A disadvantage of the approaches of Hinkelmann and Jo (1998) and

Carrano et al. (2006) is that they do not provide any run order unless a trend-robust run

order exists in which the factor effects and the polynomial time trends are orthogonal.

Recently, integer programming techniques have been used on multiple occasions in the

context of optimal design of experiments. Capehart et al. (2011) use integer programming

to design regular fractional factorial split-plot experiments, while Sartono et al. (2015b) use

integer programming to block given regular and nonregular orthogonal designs. Capehart

et al. (2012) and Sartono et al. (2015a) use integer programming to construct blocked frac-

tional factorial split-plot designs and general orthogonal fractional factorial split-plot designs,

respectively.

The contributions of this paper are threefold. First, we present an exact procedure based

on integer programming to obtain trend-robust run orders of any given design. Our solu-

tion method produces a trend-robust design if such a design exists and if it can be found

within the specified computation time limit. Otherwise, it produces a nearly trend-robust

design. This is a qualitative improvement over the fold-over techniques and the approach

of Hinkelmann and Jo (1998), because these techniques fail to produce a run order unless

a trend-robust one exists. Unlike the approach of Atkinson and Donev (1996), our solution

method is sequential in nature, and this allows us to prioritize the robustness of main effects

and second-order effects against linear, quadratic and cubic time trends. Second, we apply

our method to different response surface designs that have not been studied before in the

context of trend robustness, such as (small) central composite designs, Box-Behnken designs

with more than three factors and definitive screening designs. We also improve some pre-

viously published results. Finally, we introduce a new measure for the trend robustness of

designs.
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The remainder of this paper is organized as follows. Section 2 describes the different

types of response surface designs we study and introduces our notation. In Section 3, we

define our problem and discuss its most important features. In Section 4, we introduce our

model and our algorithm, and briefly discuss the complexity. Next, we present our results in

Section 5. Finally, in Section 6, we draw conclusions, discuss possible directions for future

research and describe three related problems that can be solved by means of our approach.

2 Preliminaries

In this section, we briefly describe the design types that we have used in our work and in-

troduce the notation used for our statistical model.

2.1 Factorial experiments and response surface designs

Response surface methodology aims to estimate a second order regression model that (lo-

cally) approximates the relation between the response and the experimental factors. We

have studied the trend robustness of factorial designs with two to five factors and three, four

or five levels per factor. While these designs can be used to estimate curvature in the model,

their size grows exponentially with the number of factors.
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As an alternative, Box and Wilson (1951) introduced the central composite designs to

estimate second order models. These designs consist of a 2-level factorial design, a set of

axial points and some center points. Hartley (1959) presented the small central compos-

ite design, which uses a fractional 2-level factorial design of resolution III. For both designs,

there are several options for the axial points. In the present paper, we focus on so-called face-

centered central composite designs, because the integer nature of their factor levels makes

these designs more suitable for use in the presence of time trends than rotatable or spherical

central composite designs. Box and Behnken (1960) presented another kind of design which

is also suitable for fitting a quadratic model. Box-Behnken designs combine a 2-level (frac-

tional) factorial design with an incomplete block design and a set of center points. Jones and

Nachtsheim (2011) presented the definitive screening designs as a cost-efficient alternative

with which, for large number of factors, any 3-factor full quadratic model can be estimated.

We have studied the trend-robustness of central composite designs and Box-Behnken designs

with 2 up to 5 factors, and small central composite designs and definitive screening designs

with 2 up to 6 factors.

Central composite, Box-Behnken and definitive screening designs can be extended by

adding center runs. A definitive screening design can be expanded in another fashion as

well. For example, the standard designs for 3 and 4 factors have 9 and 13 runs, respectively.

If we consider the first 3 columns (corresponding to the first three factors) of the 4-factor

definitive screening design, we obtain a 13-run definitive screening design for a model with 3

factors. We also test whether these extensions lead to an increase in the robustness against

polynomial time trends.

2.2 Second order statistical model

We assume that the statistical model of interest includes the main effects, interaction effects

and quadratic effects of the m quantitative factors and a polynomial time trend up to the

cubic degree. In matrix notation, and considering n runs, the model is given by

Y = Xβ + Zγ + ε , (1)
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where

X =


1 X11 . . . Xm1 X11X21 . . . Xm−1,1Xm1 X2

11 . . . X2
m1

1 X12 . . . Xm2 X12X22 . . . Xm−1,2Xm2 X2
12 . . . X2

m2
...

...
. . .

...
...

. . .
...

...
. . .

...

1 X1n . . . Xmn X1nX2n . . . Xm−1,nXmn X2
1n . . . X2

mn


and

Z =


Z11 Z21 Z31

Z12 Z22 Z32

...
...

...

Z1n Z2n Z33

 .

The matrix X is the model matrix for the experimental factors and Z is the model matrix

for the time trend, where Zdt is the time trend component of degree d for time t. Finally,

β is the vector containing the intercept, main effects and second order effects and γ is the

parameter vector containing the linear, quadratic and cubic time trend effects. We consider

the following partitions of these matrices:

X =
[

1 XME XSOE

]
and

Z =
[

ZL ZQ ZC

]
,

where XME is the part of the model matrix X corresponding to the main effects and XSOE

is the part corresponding to the second order effects. Likewise, ZL corresponds to the linear

component of the time trend, ZQ to the quadratic component and ZC to the cubic time

trend component.
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3 Problem description

The input data of our problem consists of given response surface designs whose runs are

arranged in the standard order. Our goal is to re-order the runs such that the resulting

designs are robust against a linear, quadratic and cubic time trend. This is achieved when

all entries of the matrix product XTZ are zero.

3.1 Coding of the polynomial time trends

The polynomial time trends can be coded in different ways. An intuitive way is to use

consecutive integer numbers for the linear trend component, square these numbers for the

quadratic time trend component and use their third power for the cubic component. A

mathematically more elegant option is to use orthogonal polynomials, which is the coding

we have chosen.

Orthogonal polynomials have originally been introduced to simplify the calculations nec-

essary to fit statistical models. Fisher and Yates (1963), in their Table XXIII, show the

orthogonal polynomial coding for time trends up to degree five for different numbers of runs.

To automate the generation of the coding, we follow Van der Reyden (1957). This implies

that the time trend components Z1t, Z2t and Z3t of degree 1, 2 and 3 for time t are calculated

as

Z1t = t− 1− n− 1

2
, (2)

Z2t = (t− 1)2 − 1

12

(
n2 − 1

)
(3)

and

Z3t = (t− 1)3 − 1

20

(
3n2 − 7

)
(t− 1) , (4)

Whenever these expressions yield fractional results, we multiply these results by an appro-

priate integer to obtain integer values for Z1t, Z2t and Z3t.
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t 1 2 3 4 5 6 7 8 9 10 11
Z1t −5 −4 −3 −2 −1 0 1 2 3 4 5
Z2t 15 6 −1 −6 −9 −10 −9 −6 −1 6 15
Z3t −30 6 22 23 14 0 −14 −23 −22 −6 30

Table 3: Orthogonal coding of a cubic time trend for an experiment with 11 runs

Table 3 shows the orthogonal coding of a cubic time trend for an experiment with 11

runs. The entries of the vectors for the polynomial trend sum to zero, and the vectors are

orthogonal to each other. This coding has the major advantage that it decomposes the time

trend in independent components. This allows us, for example, to make independent state-

ments about the robustness of run orders of experimental designs against linear, quadratic

and cubic time trend components.

3.2 Measure of the trend robustness

Let Xk be any column of the model matrix X for the experimental factors and Zt be any

column of the model matrix Z for the time trend. To measure the orthogonality between

the model effect corresponding to Xk and the time trend component corresponding to Zt,

we use the absolute value of the correlation between the column vectors Xk and Zt,

| cosαkt| =
|〈Xk,Zt〉|
‖Xk‖ ‖Zt‖

, (5)

where α is the angle between the vectors.

The absolute correlation (also called cosine similarity) is one of the most commonly

used measures of proximity between two vectors in data mining (see Section 2.4 in Tan

et al. (2014), for example). The absolute correlation takes values between 0 and 1. A zero

value indicates perfect orthogonality between two vectors, this is, an angle of 90◦, whereas

a value of one indicates linear dependence or perfect collinearity, this is, an angle of 0◦.

Using this measure, we can evaluate the quality of a run order whenever perfect trend

robustness cannot be achieved. For example, if | cosαkt| ≤ 0.01, then the vectors Xk and

Zt form an angle αkt within the interval [89.43◦, 90.57◦], indicating that they are nearly

orthogonal. When | cosαkt| ≤ 0.1, then αkt ∈ [84.26◦, 95.74◦], and, when | cosαkt| ≤ 0.25,

αkt ∈ [75.52◦, 104.48◦].
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4 A sequential approach to obtain optimal run orders

In this section, we explain how our problem can be modeled using a mixed integer linear

program. First, we present the objective function and a one-step optimization problem that

attemps to solve the problem at once. We then show how this approach is not sophisticated

enough to cope with the particularities of our problem. This is because it fails to prioritize

the robustness of the most important factor effects against the most important time trend

components. Finally, we present a sequential approach to overcome this issue.

4.1 Objective function

Let X be the given initial n × m model matrix and let X∗ be another n × m matrix, the

rows of which are a permutation of the rows of X. Then, both matrices are related through

an n × n permutation matrix P where the (i, j)th element of which equals 1 if the jth run

in X is performed at time i, and zero otherwise. In matrix form, X∗ = PX. As before, let Z

be the n× q design model matrix for the time trends, where q is the number of time trend

components.

To quantify the extent to which the run order given by X∗ is trend-robust, we consider

an optimality criterion based on the vector 1 − norm applied to matrices. As an exam-

ple, consider the problem of finding a run order of a given design which ensures that the

main effects are orthogonal to the linear and quadratic time trend components. In that

case, our interest is in X = XME and Z =
[
ZL ZQ

]
, and we want all entries of the matrix

A = (PXME)T
[
ZL ZQ

]
to equal zero. To achieve this goal, we minimize the sum of the ab-

solute values of the entries of A. This is equivalent to minimizing ‖A‖1 =
∑m

k=1

∑2
l=1 |Akl|,

which is the 1− norm of A. Our objective is to minimize this 1− norm, and the minimum

is zero if complete orthogonality with respect to the time trend can be achieved.

4.2 One-step optimization

Let Πn be the set of permutation matrices of size n× n. To find the best possible run order

in terms of trend robustness, we need to solve the following optimization problem:

min
P∈Πn

∥∥∥(PX)T Z
∥∥∥

1
. (6)
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This permutation problem can also be expressed as an integer programming problem. As a

matter of fact, using the binary variables

πij =

{
1, if run i is done at time j,

0, otherwise,
(7)

we can express the (j, k)th entry of X∗ as a function of the original design matrix X:

X∗jk =
n∑
i=1

Xikπij . (8)

The (k, t)th element of the matrix product X∗TZ, denoted by γkt, is given by

γkt =
n∑
j=1

X∗jkZjt =
n∑
i=1

n∑
j=1

XikπijZjt , (9)

The objective function is the sum of all absolute entries of the matrix product X∗TZ:

min
m∑
k=1

p∑
t=1

|γkt| . (10)

The absolute values in this expression can be modeled using extra non-negative continuous

variables in the integer program, γ+
kt and γ−kt, for all k and t values, and by adding the

following constraint to the model:

γkt = γ+
kt − γ

−
kt ∀k, t .

In the event γkt is positive, γ+
kt = γkt and γ−kt = 0. Otherwise, γ−kt = −γkt and γ+

kt = 0. Using

these new variables, the objective function is0 modified to

min
m∑
k=1

p∑
t=1

(
γ+
kt + γ−kt

)
. (11)

The complete integer program that will output the desired permutation of the rows of

the matrix X can therefore be formulated as follows:
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minimize
m∑
k=1

p∑
t=1

(
γ+
kt + γ−kt

)
(12)

s. t. γ+
kt − γ

−
kt =

n∑
i=1

n∑
j=1

XikπijZjt ∀k, t (13)

n∑
j=1

πij = 1 ∀i (14)

n∑
i=1

πij = 1 ∀j (15)

γ+
kt, γ

−
kt ≥ 0 ∀k, t (16)

πij ∈ {0, 1} ∀i, j (17)

The objective function (12) is the 1-norm of the n× q matrix product X∗TZ. With con-

straints (13), we model the absolute value of each entry of X∗TZ. Constraints (14) ensure

that each run of X appears in the optimal run order once and constraints (15) ensure that

exactly one run is assigned to each of the n time points. These two groups of constraints

are known as assignment constraints. Finally, constraints (16) impose the non-negativity

of the variables that model the absolute value and constraints (17) define the permutation

variables as binary.

The integer program defined by Equations (12)-(17) is not ideal to solve our problem

because it does not prioritize the robustness of the most important factor effects, i.e. the

orthogonality of the main effects against the most important time trend components. For

example, it treats the orthogonality of the main effects and linear time trend component

as equally important as the orthogonality of the second order effects and cubic time trend

component. We believe that this is in conflict with the fact that higher order terms are

generally less important than lower order order terms.
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4.3 Sequential approach

We aim to prioritize the trend-robustness of the main effects estimates and to attach a larger

importance to the linear time trend component than to the quadratic and cubic time trend

components. This means that our procedure should pay attention to robustness against the

quadratic trend component only if the robustness against the linear time trend component is

optimal. This suggests a sequential approach, in which we solve the following optimization

problems one by one

1. a) Maximize the orthogonality between the main effects and the linear time trend

component;

b) Maximize the orthogonality between the second order effects and the linear time

trend component without worsening the trend robustness achieved so far;

2. a) Maximize the orthogonality between the main effects and the quadratic time trend

component without worsening the trend robustness achieved so far;

b) Maximize the orthogonality between the second order effects and the quadratic

time trend component without worsening the trend robustness achieved so far;

3. a) Maximize the orthogonality between the main effects and the cubic time trend

component without worsening the trend robustness achieved so far;

b) Maximize the orthogonality between the second order effects and the cubic time

trend component without worsening the trend robustness achieved so far.

In technical terms, the first two steps of our sequential approach can be formulated as

follows. Our first priority is to seek a run order for which the main effect estimates are as

robust as possible to the linear time trend component. This optimization problem is given

by

min
P∈Πn

∥∥∥(PXME)T ZL

∥∥∥
1
. (18)

Now, suppose that the optimal objective function value for this problem is OPT1. The

next step of the sequential approach seeks a run order for which the second order effects are

as robust as possible to the linear time trend component, while respecting the robustness

of the main effects to that component. This is done by solving the following minimization

problem:
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min
P∈Πn

∥∥∥(PXSOE)T ZL

∥∥∥
1

s.t.
∥∥∥(PXME)T ZL

∥∥∥
1
≤ OPT1

Our complete sequential approach is outlined in pseudocode in Algorithm 1. First, we

define the set of factor effects, SEFFECTS, which has two elements, main effects and sec-

ond order effects (interactions and quadratic effects). Next, we define the set of time trend

components, STIMETRENDS, which has three elements: linear, quadratic and cubic. We

also define a set of constraints C, which is empty at the start of the algorithm. The algo-

rithm ends when all combinations of factor effects and time trend components have been

optimized, so that, in total, six optimization problems are solved. Note that we can also

consider a model with only main effects and then only three optimizations are required. Our

results are based on applying this sequential optimization to a model with only main effects

and to a full quadratic model.

Algorithm 1 Trend - robustness sequential optimization

Input:
response surface design

Output:
optimal run order

1: set factor effects SEFFECTS = {ME,SOE}
2: set time trend components STIMETRENDS = {L,Q,C}
3: initialize set of constraints C ← ∅
4: for each time trend component α in STIMETRENDS do
5: for each subset of factor effects β in SEFFECTS do
6: OPT ← min

P∈
∏

n

∥∥(PXβ)′ Zα

∥∥
1

s.t. constraints in C

7: add constraint
∥∥(PXβ)′ Zα

∥∥
1
≤ OPT to C

8: end for
9: end for

14



4.4 Complexity

Our solution approach is based on the 1-norm minimization. To show that this problem is

NP-hard, we show how another NP-hard problem naturally reduces to the 1-norm minimiza-

tion. Consider an arbitrary design with model matrix X and a set of covariates contained

in the matrix Z. It is straightforward to see that the partition problem (see p.223 in Garey

and Johnson (1979)) reduces to our integer optimization problem. Given a set of integers,

the partition problem looks for two subsets such that the sum of the elements in each subset

is equal. This problem is known to be NP-hard, also when those subsets are of equal size.

To see the reduction, consider a matrix X which has only one column containing an equal

number of +1s and −1s. We include the elements of the partition set in the column vector

Z. Then, if min
P∈Πn

∥∥∥(PX)T Z
∥∥∥

1
equals zero, we have found a solution to the partition problem.

Therefore, in general, our mixed integer problem is NP-hard, so our sequential optimization

algorithm based on integer programming techniques is justified.

5 Computational results

5.1 Choice of software

Table 4 presents the results of our sequential approach for five different response surface

designs, considering a model with main effects, interaction effects and quadratic effects. To

search for trend-robust run orders of the five designs, we initially used two commercial inte-

ger programming software packages, namely SAS/OR 9.4 and ILOG CPLEX 12.61, set the

time limit for the computations to one hour and used a computer with a 2.3 GHz i7-4712HQ

processor with 16GB of RAM.

Table 4 presents the computation times for the various steps of the sequential optimiza-

tion procedure introduced in Section 4.3, using both software packages and considering the

following five designs:

1. Box-Behnken design with 3 factors and 3 center points

2. Box-Behnken design with 4 factors and 3 center points

3. Face-centered central composite design (full factorial) with 3 factors and 3 center points

4. Spherical central composite design (full factorial) with 3 factors and 3 center points

5. Definitive screening design with 6 factors
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Design Software
Optimization

1a 1b 2a 2b 3a 3b

1
SAS 0.1 0.1 0.1 3.6 7.3 1.3

CPLEX 0.1 0.1 0.3 0.2 0.3 0.1

2
SAS 3.3 2.8 194.3 * * *

CPLEX 0.5 98.6 697.7 713.6 * *

3
SAS 1.4 2.1 3.0 59.7 107.1 1.6

CPLEX 0.1 0.1 0.1 3.2 5.2 0.2

4
SAS 4.8 191.9 215.0 * * *

CPLEX 0.1 0.7 6.7 1302.7 2323.3 308.0

5
SAS 20.1 1403.6 258.9 53.2 289.5 783.9

CPLEX 2.1 8.7 38.9 5.5 8.1 9.3

Table 4: Computation times (in sec) for the different steps of the sequential optimization of SAS and
CPLEX

Our results show that, in terms of computing time, CPLEX generally performs better than

SAS, which is unable to find a solution within the time limit for some optimization problems.

The cases for which SAS failed to produce a solution within the computing time limit are

indicated with an asterisk

Because of the relatively poor performance of SAS for these test instances, we used

CPLEX for the remainder of our research. Note that we use the default built-in branch-and-

cut solution scheme of CPLEX 12.61, which provides a bound for the optimal value. This

is useful when the optimality of the solution provided cannot be established (usually when

large designs are considered), because it gives us information on the maximum gap between

the current solution and the best possible solution.

5.2 Factorial designs

We have studied the trend robustness of the 32, 33, 34, 35, 42, 43, 44, 52, 53 and 54 factorial

designs. In doing so, we treated all the factors as quantitative factors. In this section, we

first present our results for a 33 factorial experiment in detail. Next, we summarize our

findings for the other factorial designs.
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Standard run
order

Run order 1 Run order 2 Time trend

t X1t X2t X3t X1t X2t X3t X1t X2t X3t Z1t Z2t Z3t

1 −1 −1 −1 1 1 1 −1 1 −1 −13 325 −130

2 −1 −1 0 −1 −1 0 −1 0 1 −12 250 −70

3 −1 −1 1 0 −1 −1 0 −1 0 −11 181 −22

4 −1 0 −1 −1 1 0 0 1 1 −10 118 15

5 −1 0 0 −1 −1 −1 1 −1 0 −9 61 42

6 −1 0 1 1 0 0 −1 −1 −1 −8 10 60

7 −1 1 −1 1 1 −1 1 0 0 −7 −35 70

8 −1 1 0 1 0 1 1 1 −1 −6 −74 73

9 −1 1 1 0 1 1 1 0 1 −5 −107 70

10 0 −1 −1 −1 1 1 1 1 0 −4 −134 62

11 0 −1 0 1 −1 −1 0 −1 1 −3 −155 50

12 0 −1 1 0 0 0 1 −1 −1 −2 −170 35

13 0 0 −1 1 −1 0 0 0 −1 −1 −179 18

14 0 0 0 −1 −1 1 0 0 0 0 −182 0

15 0 0 1 −1 0 0 0 0 1 1 −179 −18

16 0 1 −1 −1 0 1 −1 1 1 2 −170 −35

17 0 1 0 −1 0 −1 0 1 −1 3 −155 −50

18 0 1 1 1 0 −1 −1 −1 0 4 −134 −62

19 1 −1 −1 0 1 −1 −1 0 −1 5 −107 −70

20 1 −1 0 1 1 0 −1 −1 1 6 −74 −73

21 1 −1 1 0 −1 0 −1 0 0 7 −35 −70

22 1 0 −1 0 0 1 1 1 1 8 10 −60

23 1 0 0 0 1 0 −1 1 0 9 61 −42

24 1 0 1 0 0 −1 0 −1 −1 10 118 −15

25 1 1 −1 0 −1 1 0 1 0 11 181 22

26 1 1 0 1 −1 1 1 0 −1 12 250 70

27 1 1 1 −1 1 −1 1 −1 1 13 325 130

Table 5: Standard and trend-robust run orders of a 33 design with coded time trend

5.2.1 33 factorial design

For the 33 factorial design, we have run our sequential algorithm twice. First, we consid-

ered a model with main effects only. Next, we considered a full quadratic model. We have

therefore obtained two attractive run orders, which we present in Table 5 together with the

standard run order and the orthogonal coding of the time trend components up to a cubic

degree. The standard run order and run order 2 are anti-symmetric. This is, run i is the

mirror image of run n+1− i, meaning that the factor levels of one run can be obtained from

the other run by multiplying its factor levels by −1.
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Second order effects
ME IE QE

ave max ave max ave max

L 0.454 0.943 0 0 0 0

Q 0 0 0.320 0.665 0.152 0.407

C 0.248 0.426 0 0 0 0

Table 6: Absolute correlations of the standard run order for the 33 design

The extent to which the initial run order is trend-robust is quantified in Table 6. The

table shows the average and maximum value of the absolute correlation (see Section 3.2)

between the model effects (main effects, interaction effects and quadratic effects) and the

linear, quadratic and cubic time trend components. For example, the pair of values in the

upper left corner of the table, (0.454, 0.943), shows the average and maximum value of the

absolute correlation between main effects and the linear time trend component. We see that

the main effects are not at all trend-robust when using the standard run order. Surprisingly,

the main effects are orthogonal to the quadratic time trend component and the second-order

effects are orthogonal to the linear and cubic time trend components. The standard run or-

der of all other factorial designs considered in this paper exhibits a similar trend-robustness

pattern to the one shown in Table 6. This is due to the anti-symmetry of these run orders.

Run orders 1 and 2 in Table 5 perform well in terms of trend robustness. Tables 7 and

8 present their average and maximum absolute correlations between the model effects and

the time trend components. When using run order 1, the main effects are orthogonal to the

linear and quadratic time trend components and almost orthogonal to the cubic one. The

average absolute correlation of 2.22 · 10−3 corresponds to an angle that deviates only 0.13◦

from orthogonality. The maximum deviation is 0.34◦. The other effects are orthogonal to

none of the three components of the time trend when using run order 1. Unlike run order

1, run order 2 in Table 5 does take interaction effects and quadratic effects into account.

All effects are orthogonal to the linear time trend component and the main effects are also

orthogonal to the quadratic time trend component. Remarkably, the interaction effects and

the quadratic effects are also orthogonal to the cubic time trend component.
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Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.307 0.563 0.105 0.186

Q 0 0 0.219 0.527 0.100 0.208

C 2.22 · 10−3 5.91 · 10−3 0.213 0.458 0.091 0.112

Table 7: Absolute correlations of run order 1 for the 33 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.176 0.283 0.057 0.090

C 0.318 0.727 0 0 0 0

Table 8: Absolute correlations of run order 2 for the 33 design

Figure 2 shows the trend robustness results for the 33 factorial design using a heatmap.

The heatmaps show, for each model effect and each time trend component, the absolute

correlation. To create these figures, we have used a 5-color scale with cut-off points at 0,

0.01, 0.1, 0.25, 0.5 and 1. This scale is shown in Figure 1. The more the trend robustness

degrades, the darker the various cells of the heatmap. This is, white indicates perfect trend

robustness and black indicates the lack of it.

5.2.2 Summary of results for factorial designs

The sequential approach was used for all factorial designs considered. For the small designs,

the 32 and 42 factorial designs, the sequential optimization problems were solved to opti-

mality. For the rest of designs, the optimality of our results could not be established within

the computing time limit. Therefore, the results for the other designs may be improved by

allowing more computing time.

Figure 1: Color coding of the heatmaps
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Standard run order Run order 1 Run order 2

Figure 2: Heatmaps for the 33 factorial design

Tables 9 and 10 summarize our results for the factorial designs we studied, for a main

effects model and a full quadratic model, respectively. We consider a model effect to be

orthogonal to a time trend if their absolute correlation is less than 0.01. For a main ef-

fects model, we have obtained run orders for which all main effects are orthogonal to lin-

ear and quadratic time trend components for all designs except for the 54 factorial design.

For the 33, 34, 35, 42, 43, 52 and 53 designs, we also achieved orthogonality to the cubic time

trend component. When considering a full quadratic model, we found run orders for the

32, 33, 34, 42, 43, 44, 52 and 53 factorial designs which are fully orthogonal to the linear time

trend component and for which, additionally, the main effects are orthogonal to quadratic

time trend component.

These results differ from those of John (1990), as we obtained designs which are robust

against linear, quadratic and cubic time trend components, treated the factors as quantita-

tive and used a response surface model. John (1990) only considered quadratic time trend

components and assumed all factors were categorical. In a similar way, our results for the

32 and 42 factorial designs also differ from those of Bailey et al. (1992).

Comparing Tables 9 and 10, we can see that considering second order effects implies that

main effects are generally no longer orthogonal to the cubic time trend component.
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32 33 34 35 42 43 44 52 53 54

L 3 3 3 3 3 3 3 3 3 3

Q 3 3 3 3 3 3 3 3 3 7

C 7 3 3 3 3 3 7 3 7 3

Table 9: Trend robustness for a main effects model against a linear (L), quadratic (Q) and cubic (C) time
trend

32 33 34 35 42 43 44 52 53 54

L
ME 3 3 3 3 3 3 3 3 3 3

SOE 3 3 3 3 3 3 3 3 3 7

Q
ME 3 3 3 7 3 3 3 3 3 7

SOE 7 7 7 7 7 7 7 3 3 7

C
ME 7 7 7 7 3 7 7 7 7 7

SOE 3 3 7 7 3 7 7 7 7 7

Table 10: Trend robustness for a full quadratic model, with main effects (ME) and second order effects
(SOE)

5.3 Results for response surface designs with 3 factors

5.3.1 Central composite designs (CCD)

For the 3-factor face-centered CCD with one center point, we found two attractive run orders

which we characterize in Table 11. Tables 12 and 13 show the absolute correlations between

the model effects and the time trend components of these run orders. For this CCD, our se-

quential optimization was solved to optimality, so these run orders are the best ones possible.

On the one hand, run order 1 ensures that the main effects are orthogonal to the linear

and quadratic time trend components but not to the cubic one. On the other hand, run or-

der 2 achieves orthogonality between the main effects and interaction effects and the linear

time trend component. The quadratic model effects are nearly orthogonal to the linear time

trend, since the maximum deviation from orthogonality equals 90◦ − cos−1(0.038) = 2.18◦.

Similarly, the main effects are nearly orthogonal to the quadratic time trend component.

In this case, adding a couple of center runs is beneficial to obtain better orthogonality

results, as it enables us to construct a run order for which all model effects are orthogonal to

a linear time trend and all main effects are orthogonal to a quadratic time trend component.

The absolute correlations between the model effects and the time trend components for an

extended 3-factor face-centered CCD with three center runs are given in Table 14.
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Run order 1 Run order 2 Time trend
t X1t X2t X3t X1t X2t X3t Z1t Z2t Z3t

1 0 1 0 0 −1 0 −7 91 −91

2 0 0 −1 1 1 −1 −6 52 −13

3 1 −1 1 −1 1 1 −5 19 35

4 −1 −1 −1 0 0 1 −4 −8 58

5 −1 1 1 −1 −1 −1 −3 −29 61

6 0 0 1 1 0 0 −2 −44 49

7 1 −1 −1 1 −1 1 −1 −53 27

8 1 1 1 −1 0 0 0 −56 0

9 0 −1 0 −1 1 −1 1 −53 −27

10 −1 0 0 0 0 −1 2 −44 −49

11 −1 1 −1 1 1 1 3 −29 −61

12 0 0 0 0 0 0 4 −8 −58

13 1 1 −1 1 −1 −1 5 19 −35

14 1 0 0 −1 −1 1 6 52 13

15 −1 −1 1 0 1 0 7 91 91

Table 11: Trend-robust run orders of a 3-factor face-centered CCD with one center point with coded time
trend

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.324 0.380 0.126 0.189

Q 0 0 0.297 0.451 0.046 0.062

C 0.333 0.492 0.165 0.206 0.217 0.336

Table 12: Absolute correlations of run order 1 for the 3-factor face-centered CCD with one center point

5.3.2 Small central composite designs (sCCD)

Table 15 presents the absolute correlations between model effects and time trend components

of the trend-robust run order found for a 3-factor sCCD with one center point. The trend

robustness improves slightly when we add more center runs. We need seven center points

to obtain a run order for which the main effects are orthogonal to linear and quadratic time

trend components.

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0.025 0.038

Q 0.026 0.059 0.268 0.561 0.195 0.263

C 0.159 0.214 0 0 0.031 0.078

Table 13: Absolute correlations of run order 2 for the 3-factor face-centered CCD with one center point
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Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.270 0.490 0.407 0.503

C 0.430 0.762 0 0 0 0

Table 14: Absolute correlations of the best run order found for the 3-factor face-centered CCD with three
center points

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.175 0.334 0.208 0.389

Q 0.093 0.223 0.211 0.393 0.167 0.334

C 0.260 0.499 0.214 0.336 0.172 0.324

Table 15: Absolute correlations of the best run order found for the 3-factor sCCD

5.3.3 Box-Behnken designs (BBD)

For the 3-factor BBD, our sequential approach was solved to optimality. The run order in

Table 16 is the best possible we obtained. The absolute correlations between the model

effects and the time trend components are given in Table 17. The run order we found allows

a full quadratic model to be estimated independently from the linear time trend component,

while additionally the main effects are orthogonal to the quadratic time trend. For 3-factor

BBDs, we did not observe better orthogonality results when we added more center runs.

5.3.4 Definitive screening designs (DSD)

Table 18 presents the properties of the best run order found for the plain definitive screening

design with three factors. Clearly, the best run order is not very trend robust.

t 1 2 3 4 5 6 7 8 9 10 11 12 13

X1t 1 −1 −1 1 0 0 0 0 0 −1 1 1 −1

X2t 0 −1 1 0 1 −1 0 1 −1 0 −1 1 0

X3t −1 0 0 1 1 1 0 −1 −1 −1 0 0 1

Z1t −6 −5 −4 −3 −2 −1 0 1 2 3 4 5 6

Z2t 22 11 2 −5 −10 −13 −14 −13 −10 −5 2 11 22

Z3t −11 0 6 8 7 4 0 −4 −7 −8 −6 0 11

Table 16: Trend-robust run order of a 3-factor Box-Behnken design with coded time trend
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Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.291 0.603 0.242 0.474

C 0.473 0.887 0 0 0 0

Table 17: Orthogonality for the 3-factor Box-Behnken design

Second order effects
ME IE QE

ave max ave max ave max

L 0.053 0.053 0.516 0.775 0.158 0.264

Q 0.116 0.302 0.304 0.342 0.194 0.489

C 0.285 0.402 0.350 0.667 0.208 0.467

Table 18: Absolute correlations of the best run order found for the 3-factor definitive screening design

As explained in Section 2.1, we can extend a definitive screening design by selecting a

subset of columns from a design with a higher number of factors. We obtained good trend-

robust results for a 3-factor design based on a 7-factor DSD. The best run orders found

are shown in Table 19. Tables 20 (main effects model) and 21 (full quadratic model) show

the absolute correlation of these run orders. Unlike the original 3-factor design, this 17-run

design does allow trend-robust run orders to be constructed, with properties similar to those

of the 3-factor CCD.

5.4 Summary of results for response surface designs

We identified run orders for response surface designs with three up to six factors with trend

robustness properties similar to those exposed in Tables 20 and 21. In other words, we have

found run orders for which the main effects are orthogonal to the linear and quadratic time

trend components, and for which, additionally, also the second-order effects are orthogonal

to the linear time trend component. To summarize our results graphically, we have used the

following representation for the various designs:

: central composite design with three center points

: small central composite design with one center point

: Box-Behnken design with one center point

: design based on a definitive screening design for 11 factors
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Run order 1 Run order 2 Time trend
t X1t X2t X3t X1t X2t X3t Z1t Z2t Z3t

1 1 −1 0 −1 0 −1 −8 40 −28

2 −1 1 0 −1 −1 1 −7 25 −7

3 1 1 −1 0 1 1 −6 12 7

4 −1 −1 1 1 1 −1 −5 1 15

5 −1 −1 1 1 −1 −1 −4 −8 18

6 −1 1 −1 1 1 1 −3 −15 17

7 1 1 1 1 −1 0 −2 −20 13

8 0 −1 −1 1 −1 1 −1 −23 7

9 1 1 −1 0 0 0 0 −24 0

10 1 0 1 −1 1 −1 1 −23 −7

11 1 −1 1 −1 1 0 2 −20 −13

12 −1 −1 −1 −1 −1 −1 3 −15 −17

13 −1 0 −1 −1 1 1 4 −8 −18

14 0 0 0 −1 −1 1 5 1 −15

15 0 1 1 0 −1 −1 6 12 −7

16 −1 1 1 1 1 −1 7 25 7

17 1 −1 −1 1 0 1 8 40 28

Table 19: Trend-robust run orders of a 17-run 3-factor DSD with coded time trend

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.262 0.529 0.132 0.132

Q 0 0 0.403 0.489 0.107 0.200

C 0.053 0.086 0.224 0.464 0.150 0.215

Table 20: Absolute correlations of run order 1 for the 17-run 3-factor design based on a 7-factor definitive
screening design

Figure 3 shows, for any given number of factors and type of design, the smallest design

with a run order for which the main effects are robust against linear and quadratic time

trend components.
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Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.201 0.407 0.121 0.194

C 0.378 0.901 0 0 0 0

Table 21: Absolute correlations of run order 2 for the 17-run 3-factor design based on a 7-factor definitive
screening design

Figure 3: Response surface designs with a run order for which the main effects are orthogonal to linear and
quadratic time trend components

For the scenario with 2 factors, we have found a run order for a CCD with one center

point for which the main effects are orthogonal to the linear and quadratic time trend com-

ponents. For none of the 2-factor sCCDs we considered, we obtained attractive trend-robust

run orders. For 3 and 4 factors, we did find trend-robust run orders for all types of response

surface designs. Here, extending the design sometimes allowed us to obtain trend-robust run

orders. For example, for the 3-factor design based on a 7-factor DSD (which has 17 runs

and which is shown in Table 19), a trend-robust run order exists. We did find a trend-robust

run order for the 4-factor sCCD with 4 center points. For 5 and 6 factors, the definitive

screening designs for which trend-robust run orders exist are significantly smaller than the

trend-robust (small) central composite designs.
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Figure 4: Response surface designs with a run order for which the main effects are orthogonal to linear and
quadratic time trend components and the second order effects are orthogonal to linear time trend

component

Figure 4 shows, for a given number of factors and type of design, the smallest design

for which a run order exists so that the main effects are trend-robust against the linear and

quadratic time trend components and the second order effects are orthogonal to the linear

time trend component.

Interestingly, Figure 4 has fewer designs than Figure 3. This indicates that it is harder

to obtain good trend-robustness results when a full quadratic model is considered. For ex-

ample, the sequential optimization indicated that no trend-robust run orders exist for the

2-factor, 3-factor and 4-factor sCCDs. Again, we observe that extending the designs is often

beneficial for achieving trend-robustness. For example, the 4-factor design based on a 9-

factor DSD (21 runs) has a trend-robust run order for which the main effects are orthogonal

to linear and quadratic time trends components and for which the second order effects are

orthogonal to the linear time trend component. Analogously, the 5-factor design based on

a 11-factor DSD (25 runs) meets the defined orthogonality conditions. The 5- and 6-factor

DSD have good trend-robustness properties compared to the other response surface designs

despite their small size. Finally, we found robust run orders for 3-factor, 4-factor and 5-factor

Box-Behnken designs.

Detailed results for the robustness of the designs studied are included in the supplemen-

tary material.
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6 Discussion and extensions

Our sequential approach is an effective way of re-ordering the runs of a given response sur-

face design to achieve robustness against polynomial time trends. We studied the trend

robustness of classical response surface designs, provided a general method which can be

applied to an arbitrary design and we showed how extending the design is sometimes ben-

eficial for the trend robustness. Some future research possibilities naturally arise. First we

could investigate whether axial points for central composite designs can be found such that

we can obtain better trend robustness than for the face-centered central composite design.

A second topic could be the application of our sequential algorithm to other designs, such as

mixture designs or multi-level and mixed-level (fractional) factorial designs, while treating

the factors as qualitative rather than quantitative.

With minor modifications, the approach we propose here can deal with different scenarios

as well. The first scenario or related problem occurs when the number of available time slots

to conduct the experiments is larger than the number of runs of the design considered. Some

time slots will then be idle, in the sense that no experimental test will take place. This

can be done using a variation of the mixed integer program presented in Section 4.2, where

constraints (14) are substituted by

n∑
j=1

πij ≤ 1 , ∀i , (19)

so we allow some time slots not to be chosen.

In the second scenario, n non-consecutive time slots are available to conduct the n runs of

the experimental design. This happens, for example, when the experiments are planned on

different days, or at different non-consecutive hours of the same day. The orthogonal poly-

nomials presented in Section 3.1 are then not longer valid. Following the procedure exposed

in Robson (1959), it is, however, possible to construct alternative orthogonal polynomials

to code the time trend components and to find the best run orders using our sequential

approach. These two extensions are also considered in Atkinson and Donev (1996). Finally,

our approach can easily deal with non-polynomial time trends (e.g. exponential) just by

using an appropriate model matrix for the time trend.
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Supplementary Materials

The supplementary materials include detailed results for the 30 designs considered in this

paper. Additionally, the materials contain txt files with the different run orders that we have

found and the orthogonal polynomial time trend components for different numbers of runs.
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Format of the supplementary material

In this document, we present detailed results for all designs considered in paper
entitled An integer linear programming approach to find trend-robust run orders
of experimental designs. The results for each design results generally fit on one
page and the information is divided in 6 parts:

Short name : Schematic name for the design which is used as identifier in the
associated files name

Number of runs

Trend robustness results : As in the article, we start with a table that shows
the average and maximum absolute correlation between main effects, in-
teraction effects and quadratic effects, one one hand, and linear, quadratic
and cubic time trend components, on the other hand, for the standard run
order. Then, one or more similar tables follow, in which we present the
absolute correlation of the most attractive run orders that we found. Most
of the time, we display two tables, the first one corresponding to the re-
sults for a model with only main effects and the second one corresponding
to a full quadratic model.

Associated files : Names of the .txt files associated with the design. The first
file contains the coded polynomial time trend components up to the cubic
degree. The second presents the matrix

[
1 XME

]
in the standard

order. The rest of the files present the attractive run orders we found.

Notes : Information about the optimality of the solution of our algorithm. For
small designs, we have often found optimal solutions. Then, the run orders
found are the best possible, according to our optimization criterion.
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Factorial designs

32 factorial design

Short name: fact3 2

Number of runs: 9

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.632 0.949 0 0 0 0

Q 0 0 0.684 0.684 0.233 0.419

C 0.311 0.467 0 0 0 0

Table 1: Absolute correlations of the standard run order for the 32 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.456 0.456 0.279 0.279

C 0.584 0.778 0 0 0 0

Table 2: Absolute correlations of the run order 1 for the 32 design

Associated files

9runs orthogonal timetrend.txt Coded polynomial time trend components

fact3 2.txt Initial design

fact3 2 ro1.txt Run order 1

Notes Solved to optimality
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33 factorial design

Short name: fact3 3

Number of runs: 27

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.454 0.943 0 0 0 0

Q 0 0 0.320 0.665 0.152 0.407

C 0.248 0.426 0 0 0 0

Table 3: Absolute correlations of the standard run order for the 33 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.307 0.563 0.104 0.186

Q 0 0 0.219 0.527 0.100 0.208

C 2.22 · 10−3 5.91 · 10−3 0.213 0.458 0.091 0.112

Table 4: Absolute correlations of the run order 1 for the 33 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.176 0.283 0.057 0.090

C 0.318 0.727 0 0 0 0

Table 5: Absolute correlations of the run order 2 for the 33 design

Associated files

27runs orthogonal timetrend.txt Coded polynomial time trend components

fact3 3.txt Initial design

fact3 3 ro1.txt Run order 1

fact3 3 ro1.txt Run order 2

Notes Not solved to optimality, better run orders could exist
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34 factorial design

Short name: fact3 4

Number of runs: 81

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.349 0.943 0 0 0 0

Q 0 0 0.177 0.663 0.114 0.406

C 0.198 0.421 0 0 0 0

Table 6: Absolute correlations of the standard run order for the 34 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.086 0.174 0.038 0.048

Q 4.48 · 10−4 9.9 · 10−4 0.096 0.269 0.129 0.170

C 9.49 · 10−5 1.99 · 10−4 0.055 0.134 0.029 0.047

Table 7: Absolute correlations of the run order 1 for the 34 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 9.24 · 10−4 3.96 · 10−3 6.47 · 10−4 1.29 · 10−3

Q 6.5 · 10−4 9.9 · 10−4 0.088 0.159 0.101 0.167

C 0.141 0.279 0.163 0.324 0.062 0.121

Table 8: Absolute correlations of the run order 2 for the 34 design

Associated files

81runs orthogonal timetrend.txt Coded polynomial time trend components

fact3 4.txt Initial design

fact3 4 ro1.txt Run order 1

fact3 4 ro2.txt Run order 2

Notes Not solved to optimality, better run orders could exist
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35 factorial design

Short name: fact3 5

Number of runs: 243

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.282 0.943 0 0 0 0

Q 0 0 0.110 0.663 0.091 0.406

C 0.162 0.421 0 0 0 0

Table 9: Absolute correlations of the standard run order for the 35 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.049 0.123 0.020 0.032

Q 0.025 0.040 0.066 0.165 0.041 0.072

C 2.45 · 10−6 5.69 · 10−6 0.046 0.114 0.036 0.064

Table 10: Absolute correlations of the run order 1 for the 35 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 1.32 · 10−4 2.64 · 10−4 5.75 · 10−5 1.44 · 10−4

Q 0.033 0.052 0.075 0.131 0.088 0.121

C 0.076 0.128 0.040 0.123 0.013 0.029

Table 11: Absolute correlations of the run order 2 for the 35 design

Associated files

243runs orthogonal timetrend.txt Coded polynomial time trend components

fact3 5.txt Initial design

fact3 5 ro1.txt Run order 1

fact3 5 ro1.txt Run order 2

Notes Not solved to optimality, better run orders could exist
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42 factorial design

Short name: fact4 2

Number of runs: 16

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.606 0.970 0 0 0 0

Q 0 0 0.529 0.529 0.281 0.529

C 0.223 0.356 0 0 0 0

Table 12: Absolute correlations of the standard run order for the 42 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.347 0.347 0 0

Q 3.55 · 10−8 7.1 · 10−8 0 0 0.331 0.529

C 5.35 · 10−8 1.07 · 10−7 0.612 0.612 0 0

Table 13: Absolute correlations of the run order 1 for the 42 design

Second order effects
ME IE QE

ave max ave max ave max

L 3.64 · 10−8 7.28 · 10−8 0 0 0 0

Q 0 0 9.53 · 10−8 9.53 · 10−8 0.281 0.529

C 4.46 · 10−3 8.91 · 10−3 0 0 0 0

Table 14: Absolute correlations of the run order 2 for the 42 design

Second order effects
ME IE QE

ave max ave max ave max

L 1.09 · 10−7 1.46 · 10−7 0 0 0 0

Q 0 0 0.042 0.042 0.033 0.033

C 0.147 0.285 0 0 0 0

Table 15: Absolute correlations of the run order 3 for the 42 design

Associated files
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16runs orthogonal timetrend.txt Coded polynomial time trend components

fact4 2.txt Initial design

fact4 2 ro1.txt Run order 1

fact4 2 ro2.txt Run order 2

fact4 2 ro3.txt Run order 3

Notes Solved to optimality
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43 factorial design

Short name: fact4 3

Number of runs: 64

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.424 0.968 0 0 0 0

Q 0 0 0.229 0.524 0.186 0.524

C 0.177 0.346 0 0 0 0

Table 16: Absolute correlations of the standard run order for the 43 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.115 0.174 0.097 0.119

Q 2.44 · 10−4 2.75 · 10−4 0.166 0.326 0.078 0.108

C 6.9 · 10−4 1.57 · 10−3 0.064 0.081 0.081 0.121

Table 17: Absolute correlations of the run order 1 for the 43 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0.038 0.069

Q 3.79 · 10−3 4.4 · 10−3 3.55 · 10−4 5.74 · 10−4 0.204 0.265

C 6.61 · 10−3 0.014 0.168 0.251 0.056 0.087

Table 18: Absolute correlations of the run order 2 for the 43 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 3.66 · 10−3 4.58 · 10−3 0.117 0.196 0.212 0.313

C 0.076 0.096 0.081 0.113 0.103 0.172

Table 19: Absolute correlations of the run order 3 for the 43 design

Associated files
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64runs orthogonal timetrend.txt Coded polynomial time trend components

fact4 3.txt Initial design

fact4 3 ro1.txt Run order 1

fact4 3 ro1.txt Run order 2

fact4 3 ro1.txt Run order 3

Notes Not solved to optimality, better run orders could exist
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44 factorial design

Short name: fact4 4

Number of runs: 256

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.321 0.968 0 0 0 0

Q 0 0 0.122 0.524 0.140 0.524

C 0.138 0.345 0 0 0 0

Table 20: Absolute correlations of the standard run order for the 44 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 5.64 · 10−5 1.27 · 10−4 0.024 0.051

Q 2.37 · 10−4 5.25 · 10−4 0.031 0.075 0.150 0.169

C 0.058 0.073 0.109 0.160 0.033 0.090

Table 21: Absolute correlations of the run order 1 for the 44 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0.044 0.134 0.076 0.115 0.164 0.187

C 0.103 0.116 0.087 0.150 0.056 0.109

Table 22: Absolute correlations of the run order 2 for the 44 design

Associated files

256runs orthogonal timetrend.txt Coded polynomial time trend components

fact4 4.txt Initial design

fact4 4 ro1.txt Run order 1

fact4 4 ro2.txt Run order 2

Notes Not solved to optimality, better run orders could exist
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52 factorial design

Short name: fact5 2

Number of runs: 25

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.588 0.981 0 0 0 0

Q 0 0 0.431 0.431 0.301 0.579

C 0.174 0.291 0 0 0 0

Table 23: Absolute correlations of the standard run order for the 52 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.230 0.230 0.043 0.081

Q 0 0 0.163 0.163 0.225 0.366

C 0 0 0.374 0.374 0.158 0.199

Table 24: Absolute correlations of the run order 1 for the 52 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0.153 0.294

Q 0 0 0 0 0.050 0.087

C 1.74 · 10−3 2.91 · 10−3 0.279 0.279 0.126 0.180

Table 25: Absolute correlations of the run order 2 for the 52 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.011 0.011 6.61 · 10−3 0.012

C 0.068 0.081 0 0 0 0

Table 26: Absolute correlations of the run order 3 for the 52 design

Associated files
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25runs orthogonal timetrend.txt Coded polynomial time trend components

fact5 2.txt Initial design

fact5 2 ro1.txt Run order 1

fact5 2 ro1.txt Run order 2

fact5 2 ro1.txt Run order 3

Notes Not solved to optimality, better run orders could exist
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53 factorial design

Short name: fact5 3

Number of runs: 125

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.405 0.980 0 0 0 0

Q 0 0 0.177 0.429 0.200 0.576

C 0.136 0.287 0 0 0 0

Table 27: Absolute correlations of the standard run order for the 53 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 1.33 · 10−4 2.04 · 10−4 0.145 0.234 0.236 0.294

C 0.081 0.090 0.108 0.177 0.087 0.105

Table 28: Absolute correlations of the run order 1 for the 53 design

Associated files

125runs orthogonal timetrend.txt Coded polynomial time trend components

fact5 3.txt Initial design

fact5 3 ro1.txt Run order 1

Notes Not solved to optimality, better run orders could exist
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54 factorial design

Short name: fact5 4

Number of runs: 625

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.306 0.980 0 0 0 0

Q 0 0 0.092 0.429 0.150 0.576

C 0.105 0.287 0 0 0 0

Table 29: Absolute correlations of the standard run order for the 54 design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.040 0.171 0.031 0.047

Q 0.025 0.032 0.043 0.088 0.071 0.126

C 2.39 · 10−6 4.26 · 10−6 0.024 0.050 0.026 0.053

Table 30: Absolute correlations of the run order 1 for the 54 design

Associated files

625runs orthogonal timetrend.txt Coded polynomial time trend components

fact5 4.txt Initial design

fact5 4 ro1.txt Run order 1

Notes Not solved to optimality, better run orders could exist
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Response surface designs

2-factor face-centered central composite design with 1
center point

Short name: ccd2 1cp axialOnFace

Number of runs: 9

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.211 0.264 0 0 0.369 0.474

Q 0.279 0.442 0.114 0.114 0.140 0.209

C 0.279 0.298 0.397 0.397 0.071 0.078

Table 31: Absolute correlations of the standard run order for the face-centered
2-factor central composite design with 1 center point

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.456 0.456 0.279 0.279

C 0.584 0.778 0 0 0 0

Table 32: Absolute correlations of the run order 1 for the face-centered 2-factor
central composite design with 1 center point

Associated files

9runs orthogonal timetrend.txt Coded polynomial time trend components

ccd2 1cp axialOnFace.txt Initial design

ccd2 1cp axialOnFace ro1.txt Run order 1

Notes Solved to optimality

17



3-factor face-centered central composite design with 1
center point

Short name: ccd3 1cp axialOnFace

Number of runs: 15

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.195 0.321 0 0 0.397 0.472

Q 0.287 0.537 0.103 0.176 0.127 0.205

C 0.187 0.200 0.290 0.496 0.085 0.165

Table 33: Absolute correlations of the standard run order for the face-centered
3-factor central composite design with 1 center point

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.324 0.380 0.126 0.189

Q 0 0 0.297 0.451 0.046 0.062

C 0.333 0.492 0.165 0.206 0.217 0.336

Table 34: Absolute correlations of the run order 1 for the face-centered 3-factor
central composite design with 1 center point

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0.025 0.038

Q 0.026 0.059 0.268 0.561 0.195 0.263

C 0.159 0.214 0 0 0.031 0.078

Table 35: Absolute correlations of the run order 2 for the face-centered 3-factor
central composite design with 1 center point

Associated files

15runs orthogonal timetrend.txt Coded polynomial time trend components

ccd3 1cp axialOnFace.txt Initial design

ccd3 1cp axialOnFace ro1.txt Run order 1

ccd3 1cp axialOnFace ro2.txt Run order 2
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Notes Solved to optimality

19



3-factor face-centered central composite design with 3
center points

Short name: ccd3 3cp axialOnFace

Number of runs: 17

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.162 0.266 0 0 0.485 0.548

Q 0.284 0.514 0.075 0.128 0.075 0.126

C 0.210 0.310 0.239 0.409 0.095 0.178

Table 36: Absolute correlations of the standard run order for the face-centered
3-factor central composite design with 3 center points

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.270 0.490 0.407 0.503

C 0.430 0.762 0 0 0 0

Table 37: Absolute correlations of the run order 1 for the face-centered 3-factor
central composite design with 3 center points

Associated files

17runs orthogonal timetrend.txt Coded polynomial time trend components

ccd3 3cp axialOnFace.txt Initial design

ccd3 3cp axialOnFace ro1.txt Run order 1

Notes Solved to optimality
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4-factor face-centered central composite design with 1
center point

Short name: ccd4 1cp axialOnFace

Number of runs: 25

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.203 0.425 0 0 0.373 0.412

Q 0.259 0.576 0.101 0.276 0.151 0.235

C 0.078 0.125 0.216 0.592 0.057 0.169

Table 38: Absolute correlations of the standard run order for the face-centered
4-factor central composite design with 1 center point

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.277 0.499 0.072 0.105

Q 0 0 0.283 0.466 0.129 0.187

C 0.024 0.050 0.260 0.375 0.057 0.103

Table 39: Absolute correlations of the run order 1 for the face-centered 4-factor
central composite design with 1 center point

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.166 0.397 0.126 0.256

C 0.198 0.349 0 0 0 0

Table 40: Absolute correlations of the run order 2 for the face-centered 4-factor
central composite design with 1 center point

Trend-robustness results

25runs orthogonal timetrend.txt Coded polynomial time trend components

ccd4 1cp axialOnFace.txt Initial design

ccd4 1cp axialOnFace ro1.txt Run order 1

ccd4 1cp axialOnFace ro2.txt Run order 2
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Notes Not solved to optimality, better run orders could exist
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3-factor face-centered small central composite with 1 cen-
ter point

Short name: sccd 3f 1cp axialOnFace

Number of runs: 11

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.117 0.195 0.095 0.191 0.428 0.584

Q 0.237 0.348 0.262 0.478 0.116 0.265

C 0.212 0.374 0.359 0.527 0.121 0.218

Table 41: Absolute correlations of the standard run order for the face-centered
3-factor small central composite design with 1 center point

Second order effects
Second order effects

ME IE QE
ave max ave max ave max

L 0 0 0.175 0.334 0.208 0.389

Q 0.093 0.223 0.211 0.393 0.167 0.334

C 0.260 0.499 0.214 0.336 0.172 0.324

Table 42: Absolute correlations of the run order 1 for the face-centered 3-factor
small central composite design with 1 center point

Associated files

11runs orthogonal timetrend.txt Coded polynomial time trend components

sccd 3f 1cp axialOnFace.txt Initial design

sccd 3f 1cp axialOnFace ro1.txt Run order 1

Notes Solved to optimality
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3-factor face-centered small central composite design with
7 center points

Short name: sccd 3f 7cp axialOnFace

Number of runs: 17

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.061 0.101 0.050 0.099 0.586 0.667

Q 0.144 0.255 0.155 0.295 0.187 0.255

C 0.216 0.334 0.265 0.458 0.107 0.144

Table 43: Absolute correlations of the standard run order for the face-centered
3-factor small central composite design with 7 center points

Second order effects
Second order effects

ME IE QE
ave max ave max ave max

L 0 0 0.124 0.223 0.296 0.445

Q 6.18 · 10−3 9.27 · 10−3 0.214 0.369 0.124 0.241

C 0.168 0.393 0.142 0.313 0.238 0.393

Table 44: Absolute correlations of the run order 1 for the face-centered 3-factor
small central composite design with 7 center points

Second order effects
Second order effects

ME IE QE
ave max ave max ave max

L 0 0 0.074 0.124 0 0

Q 0.164 0.250 0.081 0.108 0.430 0.454

C 0.081 0.157 0.102 0.193 0.081 0.157

Table 45: Absolute correlations of the run order 2 for the face-centered 3-factor
small central composite design with 7 center points

Associated files

17runs orthogonal timetrend.txt Coded polynomial time trend components

sccd 3f 7cp axialOnFace.txt Initial design
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sccd 3f 7cp axialOnFace ro1.txt Run order 1

Notes Solved to optimality
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4-factor face-centered small central composite design with
4 center points

Short name: sccd 4f 4cp axialOnFace

Number of runs: 20

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.098 0.208 0.027 0.110 0.540 0.613

Q 0.193 0.434 0.089 0.256 0.038 0.115

C 0.211 0.435 0.160 0.307 0.105 0.236

Table 46: Absolute correlations of the standard run order for the face-centered
4-factor small central composite design with 4 center points

Second order effects
Second order effects

ME IE QE
ave max ave max ave max

L 0 0 0.187 0.494 0.092 0.208

Q 1.19 · 10−3 4.77 · 10−3 0.180 0.320 0.061 0.110

C 0.134 0.273 0.184 0.254 0.119 0.225

Table 47: Absolute correlations of the run order 1 for the face-centered 4-factor
small central composite design with 4 center points

Second order effects
Second order effects

ME IE QE
ave max ave max ave max

L 0 0 0.041 0.123 0.049 0.135

Q 0.122 0.181 0.053 0.117 0.370 0.496

C 0.238 0.663 0.075 0.163 0.113 0.177

Table 48: Absolute correlations of the run order 2 for the face-centered 4-factor
small central composite design with 4 center points

Associated files

19runs orthogonal timetrend.txt Coded polynomial time trend components

sccd 4f 4cp axialOnFace.txt Initial design
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sccd 4f 4cp axialOnFace ro1.txt Run order 1

sccd 4f 4cp axialOnFace ro2.txt Run order 2

Notes Not solved to optimality, better run orders could exist

27



5-factor face-centered small central composite design with
1 center point

Short name: sccd 5f 1cp axialOnFace

Number of runs: 27

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.146 0.379 0 0 0.425 0.472

Q 0.216 0.584 0.050 0.227 0.116 0.204

C 0.087 0.146 0.139 0.552 0.111 0.230

Table 49: Absolute correlations of the standard run order for the face-centered
5-factor small central composite design with 1 center point

Second order effects
Second order effects

ME IE QE
ave max ave max ave max

L 0 0 0.212 0.463 0.165 0.245

Q 2.01 · 10−3 3.35 · 10−3 0.185 0.344 0.124 0.196

C 0.235 0.494 0.117 0.211 0.060 0.185

Table 50: Absolute correlations of the run order 1 for the face-centered 5-factor
small central composite design with 1 center point

Associated files

27runs orthogonal timetrend.txt Coded polynomial time trend components

sccd 5f 1cp axialOnFace.txt Initial design

sccd 5f 1cp axialOnFace ro1.txt Run order 1

Notes Not solved to optimality, better run orders could exist
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6-factor face-centered small central composite design with
1 center point

Short name: sccd 6f 1cp axialOnFace

Number of runs: 45

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.165 0.506 0 0 0.348 0.368

Q 0.179 0.561 0.058 0.358 0.195 0.243

C 0.073 0.186 0.099 0.613 0.039 0.089

Table 51: Absolute correlations of the standard run order for the face-centered
6-factor small central composite design with 1 center point

Second order effects
Second order effects

ME IE QE
ave max ave max ave max

L 0 0 0 0 2.63 · 10−3 7.87 · 10−3

Q 4.52 · 10−4 1.36 · 10−3 0.195 0.428 0.159 0.226

C 0.243 0.553 0 0 5.89 · 10−3 0.018

Table 52: Absolute correlations of the run order 1 for the face-centered 6-factor
small central composite design with 1 center point

Associated files

45runs orthogonal timetrend.txt Coded polynomial time trend components

sccd 6f 1cp axialOnFace.txt Initial design

sccd 6f 1cp axialOnFace ro1.txt Run order 1

Notes Not solved to optimality, better run orders could exist
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Box-Behnken design with 3 factors and 1 center point

Short name: bb 3f 1cp

Number of runs: 13

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.157 0.157 0 0 0.314 0.524

Q 0.184 0.205 0.045 0.045 0.263 0.411

C 0.168 0.443 0.118 0.118 0.207 0.266

Table 53: Absolute correlations of the standard run order for 3-factor Box-
Behnken design with 1 center point

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.291 0.603 0.242 0.474

C 0.473 0.887 0 0 0 0

Table 54: Absolute correlations of the run order 1 for 3-factor Box-Behnken
design with 1 center point

Associated files

13runs orthogonal timetrend.txt Coded polynomial time trend components

bb 3f 1cp.txt Initial design

bb 3f 1cp ro1.txt Run order 1

Notes Solved to optimality

30



Box-Behnken design with 4 factors and 1 center point

Short name: bb 4f 1cp

Number of runs: 25

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.072 0.096 0 0 0.072 0.240

Q 0.041 0.075 8.62 · 10−3 8.62 · 10−3 0.183 0.386

C 0.091 0.170 0.025 0.043 0.267 0.413

Table 55: Absolute correlations of the standard run order for 4-factor Box-
Behnken design with 1 center point

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.238 0.430 0.044 0.064

Q 0 0 0.166 0.448 0.142 0.251

C 7.12 · 10−3 0.014 0.253 0.416 0.088 0.243

Table 56: Absolute correlations of the run order 1 for 4-factor Box-Behnken
design with 1 center point

ME IE QE
ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.197 0.603 0.244 0.304

C 0.198 0.560 0 0 0 0

Table 57: Absolute correlations of the run order 2 for 4-factor Box-Behnken
design with 1 center point

Associated files

25runs orthogonal timetrend.txt Coded polynomial time trend components

bb 4f 1cp.txt Initial design

bb 4f 1cp ro1.txt Run order 1

bb 4f 1cp ro2.txt Run order 2

Notes Solved to optimality
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Box-Behnken design with 5 factors and 1 center point

Short name: bb 5f 1cp

Number of runs: 41

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.040 0.053 0 0 0.090 0.132

Q 0.012 0.025 2.50 · 10−3 2.50 · 10−3 0.156 0.292

C 0.053 0.118 7.22 · 10−3 0.013 0.122 0.217

Table 58: Absolute correlations of the standard run order for 5-factor Box-
Behnken design with 1 center point

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.105 0.277 0.136 0.198

Q 9.99 · 10−4 1.87 · 10−3 0.118 0.326 0.114 0.212

C 6 · 10−3 0.018 0.189 0.352 0.085 0.155

Table 59: Absolute correlations of the run order 1 for 5-factor Box-Behnken
design with 1 center point

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 5.94 · 10−3 0.013 1.32 · 10−3 6.60 · 10−3

Q 0.169 0.298 0.105 0.169 0.132 0.283

C 0.108 0.217 0.144 0.271 0.154 0.216

Table 60: Absolute correlations of the run order 2 for 5-factor Box-Behnken
design with 1 center point

Associated files

41runs orthogonal timetrend.txt Coded polynomial time trend components

bb 5f 1cp.txt Initial design

bb 5f 1cp ro1.txt Run order 1

bb 5f 1cp ro2.txt Run order 2

Notes Not solved to optimality, better run orders could exist
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Box-Behnken design with 5 factors and 6 center points

Short name: bb 5f 6cp

Number of runs: 46

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.033 0.044 0 0 0.133 0.222

Q 0.017 0.037 1.87 · 10−3 1.87 · 10−3 0.181 0.314

C 0.029 0.062 4.92 · 10−3 0.010 0.116 0.245

Table 61: Absolute correlations of the standard run order for 5-factor Box-
Behnken design with 6 center points

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.109 0.393 0.171 0.351

C 0.090 0.146 0 0 0 0

Table 62: Absolute correlations of the run order 1 for 5-factor Box-Behnken
design with 6 center points

Associated files

46runs orthogonal timetrend.txt Coded polynomial time trend components

bb 5f 6cp.txt Initial design

bb 5f 6cp ro1.txt Run order 1

Notes Not solved to optimality, better run orders could exist
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Definitive screening design with 3 factors

Short name: dsd 3f

Number of runs: 9

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.088 0.158 0.516 0.775 0.158 0.264

Q 0.163 0.349 0.304 0.342 0.194 0.489

C 0.234 0.467 0.350 0.667 0.208 0.467

Table 63: Absolute correlations of the standard run order for 3-factor definitive
screening design

Second order effects
ME IE QE

ave max ave max ave max

L 0.053 0.053 0.516 0.775 0.158 0.264

Q 0.116 0.302 0.304 0.342 0.194 0.489

C 0.285 0.402 0.350 0.667 0.208 0.467

Table 64: Absolute correlations of the run order 1 for 3-factor definitive screen-
ing design

Associated files

9runs orthogonal timetrend.txt Coded polynomial time trend components

dsd 3f.txt Initial design

dsd 3f ro1.txt Run order 1

Notes Solved to optimality
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Design with 3 factors based on a definitive screening de-
sign with 7 factors

Short name: dsd 3f 7

Number of runs: 17

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.040 0.093 0.229 0.400 0.049 0.093

Q 0.035 0.046 0.376 0.485 0.177 0.319

C 0.140 0.210 0.204 0.301 0.172 0.270

Table 65: Absolute correlations of the standard run order for 17-run 3-factor
definitive screening design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.262 0.529 0.132 0.132

Q 0 0 0.403 0.489 0.107 0.200

C 0.053 0.086 0.224 0.464 0.150 0.215

Table 66: Absolute correlations of the run order 1 for 17-run 3-factor definitive
screening design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.201 0.407 0.121 0.194

C 0.378 0.901 0 0 0 0

Table 67: Absolute correlations of the run order 2 for 17-run 3-factor definitive
screening design

Associated files

17runs orthogonal timetrend.txt Coded polynomial time trend components

dsd 3f 7.txt Initial design

dsd 3f 7 ro1.txt Run order 1

dsd 3f 7 ro2.txt Run order 2
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Notes Solved to optimality
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Design with 4 factors based on a definitive screening de-
sign with 9 factors

Short name: dsd 4f 9

Number of runs: 21

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.025 0.076 0.360 0.721 0.038 0.076

Q 0.032 0.071 0.287 0.628 0.134 0.269

C 0.090 0.147 0.237 0.553 0.153 0.216

Table 68: Absolute correlations of the standard run order for 21-run 4-factor
definitive screening design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.360 0.595 0.025 0.051

Q 0 0 0.283 0.558 0.074 0.145

C 0.094 0.283 0.041 0.095 0.016 0.033

Table 69: Absolute correlations of the run order 1 for 21-run 4-factor definitive
screening design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.294 0.785 0.107 0.170

C 0.394 0.541 0 0 0 0

Table 70: Absolute correlations of the run order 2 for 21-run 4-factor definitive
screening design

Associated files

21runs orthogonal timetrend.txt Coded polynomial time trend components

dsd 4f 9.txt Initial design

dsd 4f 9 ro1.txt Run order 1

dsd 4f 9 ro2.txt Run order 2
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Notes Solved to optimality
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Design with 5 factors based on a definitive screening de-
sign with 9 factors

Short name: dsd 5f 9

Number of runs: 21

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.022 0.076 0.274 0.721 0.042 0.076

Q 0.031 0.071 0.296 0.628 0.109 0.269

C 0.090 0.147 0.247 0.553 0.154 0.216

Table 71: Absolute correlations of the standard run order for 21-run 5-factor
definitive screening design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.321 0.820 0.092 0.153

Q 1.89 · 10−3 3.15 · 10−3 0.287 0.796 0.098 0.164

C 0.065 0.159 0.231 0.698 0.097 0.162

Table 72: Absolute correlations of the run order 1 for 21-run 5-factor definitive
screening design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.011 0.027 6.80 · 10−3 0.017

Q 0.033 0.057 0.285 0.800 0.101 0.170

C 0.302 0.539 0.032 0.068 0.013 0.038

Table 73: Absolute correlations of the run order 2 for 21-run 5-factor definitive
screening design

Associated files

21runs orthogonal timetrend.txt Coded polynomial time trend components

dsd 5f 9.txt Initial design

dsd 5f 9 ro1.txt Run order 1

dsd 5f 9 ro2.txt Run order 2
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Notes Not solved to optimality, better run orders could exist
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Design with 5 factors based on a definitive screening de-
sign with 11 factors

Short name: dsd 5f 11

Number of runs: 25

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.018 0.065 0.198 0.471 0.032 0.065

Q 0.018 0.021 0.215 0.366 0.108 0.233

C 0.087 0.121 0.277 0.481 0.134 0.189

Table 74: Absolute correlations of the standard run order for 25-run 5-factor
definitive screening design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.170 0.509 0.080 0.136

C 0.339 0.591 0 0 0 0

Table 75: Absolute correlations of the run order 1 for 25-run 5-factor definitive
screening design

Associated files

25runs orthogonal timetrend.txt Coded polynomial time trend components

dsd 5f 11.txt Initial design

dsd 5f 11 ro1.txt Run order 1

Notes Solved to optimality
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Design with 6 factors based on a definitive screening de-
sign with 11 factors

Short name: dsd 6f 11

Number of runs: 25

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.016 0.065 0.223 0.769 0.035 0.065

Q 0.025 0.062 0.222 0.443 0.091 0.233

C 0.088 0.121 0.270 0.481 0.133 0.189

Table 76: Absolute correlations of the standard run order for 25-run 6-factor
definitive screening design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0.291 0.676 0.091 0.154

Q 5.51 · 10−3 9.19 · 10−3 0.303 0.485 0.085 0.119

C 0.038 0.059 0.218 0.655 0.091 0.170

Table 77: Absolute correlations of the run order 1 for 25-run 6-factor definitive
screening design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 6.62 · 10−3 0.012 0 0

Q 0.015 0.033 0.236 0.601 0.064 0.136

C 0.200 0.433 9.22 · 10−3 0.017 0 0

Table 78: Absolute correlations of the run order 2 for 25-run 6-factor definitive
screening design

Associated files

25runs orthogonal timetrend.txt Coded polynomial time trend components

dsd 6f 11.txt Initial design

dsd 6f 11 ro1.txt Run order 1

dsd 6f 11 ro2.txt Run order 2
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Notes Not solved to optimality, better run orders could exist

43



Design with 6 factors based on a definitive screening de-
sign with 13 factors

Short name: dsd 6f 13

Number of runs: 29

Trend robustness results

Second order effects
ME IE QE

ave max ave max ave max

L 0.013 0.057 0.225 0.526 0.028 0.057

Q 0.019 0.045 0.167 0.298 0.090 0.205

C 0.028 0.071 0.230 0.528 0.117 0.161

Table 79: Absolute correlations of the standard run order for 29-run 6-factor
definitive screening design

Second order effects
ME IE QE

ave max ave max ave max

L 0 0 0 0 0 0

Q 0 0 0.173 0.516 0.070 0.121

C 0.170 0.503 0 0 0 0

Table 80: Absolute correlations of the run order 1 for 29-run 6-factor definitive
screening design

Associated files

29runs orthogonal timetrend.txt Coded polynomial time trend components

dsd 6f 13.txt Initial design

dsd 6f 13 ro1.txt Run order 1

Notes Not solved to optimality, better run orders could exist
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