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ABSTRACT 
Bayesian optimization is known to be able to search for the optimal conditions based on a small 
number of experiments. However, these experiments are insufficient to understand the experi-
mental condition space. In contrast, we report the development of an algorithm that combines a 
low-confounding definitive screening design with Bayesian optimization, allowing for rapid opti-
mization and ensuring sufficient experiments to understand the experimental condition space with 
a low confounding. 
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INTRODUCTION 
It has been established that Bayesian optimization 

(BO) [1,2] is capable of searching for the optimal condi-
tions based on a limited number of experiments. Accord-
ingly, prior to implementing the BO, preliminary experi-
ments are conducted in accordance with the principles of 
the design of experiments. Many methods for the designs 
of experiment have been proposed, including the facto-
rial design[3], the Plackett Burman design [4], the Box 
Behnken design [5], the central composite design[6], the 
Latin hypercube design [7], and the definitive screening 
design (DSD) [8]. The results of experiments designed by 
the DSD may contribute to an understanding of the 
chemical space with minimal confounding factors and a 
limited number of steps. Subsequently, preliminary ex-
periments are conducted based on the design of experi-
ment, utilizing the design of experiment methods, and a 
search for the optimal conditions is then undertaken by 
the BO. This enables the experimental space to be opti-
mized following a comprehensive investigation and to 
gain insight into the surrounding conditions of the optimal 
parameters. However, as the design of experiment is 
conducted independent of the BO, it contributes no more 
than the preliminary experiments to the optimization 

process. As a result of comparing the Box Behnken de-
sign and response surface methodology with adaptive 
Bayesian optimization, the BO should be combined with 
the design of experiments, since the BO could not inves-
tigate the experimental space [9]. Therefore, in this 
study, the design of experiment was evaluated by the ac-
quisition function from within the DSD, and the design of 
experiment is accordingly modified. The results of run-
ning the modified design of experiment are suitable for 
optimization by the BO, thus allowing the subsequent BO 
to rapidly search for the optimum conditions. 

This paper presents the development of an algo-
rithm that combines a small confounding of the DSD with 
the BO, thus allowing for rapid optimization and ensuring 
sufficient experiments to understand the experimental 
condition space with a small confounding.  

BAYESIAN OPTIMIZATION 
The BO is a method that is known to converge to-

wards the optimum value based on a limited number of 
experiments. A schematic representation of the process 
by which the subsequent trial point is formulated is pro-
vided in Figure 1. A regression is performed on the ob-
served values with the base estimator frequently being a 
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Gaussian process regression. An acquisition function is 
calculated based on the regression model, and the point 
with the maximum acquisition function value is the next 
trial point. The acquisition functions most commonly em-
ployed are LCB (lower confidence bound), EI (negative 
expected improvement), PI (negative probability of im-
provement) and gp_hedge, which probabilistically com-
bines them. 

 
(a) Gaussian process regression from observations. 

 
(b) Next query point by acquisition function. 
Figure 1. Schematics of Bayesian optimization. 
 

DEFINITIVE SCREENING DESIGN 
The DSD [1,2] is one of the famous design methods 

of experiments. The DSD is characterised by the follow-
ing attributes: 

 Low confounding between factors. 
 A relatively limited number of experiments. 

𝑁𝑁 =  2𝑛𝑛 + 1 + 4𝑓𝑓   (1) 

where 𝑁𝑁 is the number of experiments, 𝑛𝑛 is the 
number of factors, and 𝑓𝑓 is the number of fake 
factors. 

 Three levels for each factor. 
The fake factor allows the error to be estimated in-

dependently of model selection. The design of experi-
ment with the DSD utilizing a 3 variables model without a 

fake factor is presented in Table 1. There are 7 (= 2 ∙ 3 +
1 + 4 ∙ 0) entries for 3 variables and no fake factor. 

 
 

Table 1: Designed experiments by the DSD with 3 
variables and no fake factor. 

Entry A B C 
    
  - - 
   - 
 -   
  -  
 -   
    

INTEGRATION OF DEFINITIVE 
SCREENING DESIGN AND BAYESIAN 
OPTIMIZATION 

The algorithm proposed in this study is presented in 
the following section. The initial stage of the study com-
prises preliminary experiments, which are conducted in 
accordance with the design of experiment formulated by 
the DSD (Step 1). However, the design of experiment is 
modified with the objective of incorporating the experi-
mental data into the subsequent BO process. Specifically, 
in order to calculate the acquisition function for each fac-
tor, a preliminary experiment is conducted in accordance 
with the planned methodology until each variable value is 
no longer unique (Step 2). Subsequently, the acquisition 
function is calculated for the remaining experiments, and 
the experiment with the highest acquisition function 
value is selected for experimentation (Steps 3, 4, and 5). 
This process is repeated for Steps 3, 4, and 5 until no 
further designed experiments remain (Step 6). Once all 
the designed experiments have been conducted, the op-
timal conditions can be identified through Bayesian opti-
mization (Steps 7, 8, and 9). By prioritizing the condition 
with the largest acquisition function value in Steps 3, 4, 
and 5, the experimental values that are most suitable for 
the Bayesian optimization performed after Step 7 can be 
acquired. Furthermore, the planned experimental condi-
tions based on the DSD satisfy the DSD characteristics of 
a small confounding and a small number of experiments 
to understand the experimental space. 

Example) The proposed algorithm is applied to the 
designed experiment in Table 1. Step 1 is to formulate Ta-
ble 1. Step 2 is to execute the experiment up to Entry 3 
as designed. Step 3 is to calculate the acquisition func-
tion values from Entry 4 onwards. In step 3, the acquisi-
tion function values for entry 4 and subsequent entries 
are calculated. In order to preserve the sign, the 
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acquisition function values are calculated in the range 0 
to 1 for the condition value 1, in the range 0 to -1 for the 
condition value -1, and in the range 0 for the condition 
value 0. In Step 6, Steps 3 to 5 are executed until no fur-
ther entries remain. In Step 7, the condition with the max-
imum acquisition function over the entire range is identi-
fied based on the experimental results up to Step 6, and 
experiments are conducted using Step 8. In Step 9, Steps 
7 and 8 are repeated until convergence is confirmed. 

Proposed Algorithm 

Step 1: Design experiment by the DSD. 

Step 2: Experiment until all elements are not 
unique under the DSD definition, in which + and 
– are the maximum and minimum between the 
chemical space, respectively. 

Step 3: Determine all the remaining experi-
mental conditions for the maximum acquisition 
function value within the same sign region. 

Step 4: Select the experimental condition with 
the maximum acquisition function value be-
tween those of the remaining designed exper-
iments. 

Step 5: Perform an experiment with the deter-
mined conditions. 

Step 6: Go to the next step if all the experi-
ments are executed, else return to Step 3. 

Step 7: Search the optimum condition for the 
maximum acquisition function value. 

Step 8: Perform an experiment with the condi-
tion. 

Step 9: Finish if the convergence conditions are 
satisfied, else go to Step 7. 

NUMERICAL SIMULATION 
In order to ascertain the efficacy of the algorithm 

proposed in this study, a numerical comparison was con-
ducted. In the present study, the design of experiment 
was formulated by the DSD and compared with nine dif-
ferent designs of experiment using PyDOE2 [10]. These 
included a factorial design, a Plackett Burman design, a 
Box Behnken design, and the DSD. The DSD had three 
types of designs of experiment (0, 2, and 4) depending 
on the number of fake factors. Furthermore, a compari-
son was conducted between the proposed algorithm and 
Bayesian optimization with randomly generated initial 
values and no design of experiment. In order to examine 
the differences between the design of experiment and 
Bayesian optimization in terms of how they are combined, 
the following cases were considered: In the case of 

'Sequential BO', the BO was performed subsequent to the 
design of the experiment. In the case of 'In BO', the ex-
perimental conditions were set to the condition with the 
maximum acquisition function value based on the results 
of Step 3. In the case of 'In Remain BO', the experimental 
conditions were set to the condition with the maximum 
acquisition function value based on the acquisition func-
tion value and the order of the design with the latter be-
ing switched based on the acquisition function values, as 
determined by Step 4. 

  
Figure 2. Quadratic objective function with one peak. 

  
Figure 3. Tanh objective function with many peaks. 

The objective functions were two distinct types: uni-
modal and multimodal. The former is illustrated in Eq. (2) 
(Figure 2), while the latter is shown in Eq. (3) (Figure 3). 
In Figure 3, x3 = 0 for illustration. 

𝑓𝑓1(𝑥𝑥1, 𝑥𝑥2) = 3 + 2𝑥𝑥1 + 4𝑥𝑥2 − 2𝑥𝑥12 − 2𝑥𝑥1𝑥𝑥2 + 3𝑥𝑥22 (2) 
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𝑓𝑓2(𝑥𝑥1, 𝑥𝑥2,𝑥𝑥3) = sin(5x1) ∙ (1 − tanh(x12)) 
+ sin(5x2) ∙ (1 − tanh(x22)) 

+ sin(5x3) ∙ (1 − tanh(x32)) (3) 

The functions were constrained as follows. 

−2.0 ≤ 𝑥𝑥1 ≤ 3.0,−3.0 ≤ 𝑥𝑥2 ≤ 4.0,−2.0 ≤ 𝑥𝑥3 ≤ 3.0  (4) 

A total of 10 trials were conducted for each case in 
the simulation. 

RESULTS AND DISCUSSION 

Case 1: unimodal objective function 
Figure 4 illustrates the distribution of experiments 

conducted to optimize the unimodal objective function. 
The number of experiments designed by each method 
was quite different, the Plackett Burman required only 4 
experiments but the 3 level general full factorial required 

27 experiments. As the total number of experiments in-
cluding the designed experiments was not suitable for 
evaluating the performance of Bayesian optimization af-
ter designed experiments, the number of calls after each 
designed experiment was counted. As the number of 
convergences of the BO varied between experiments, 
ten experiments were conducted until a neighbourhood 
of the optimum value of 3.0 was reached at 5.0. As the 
optimum value of the unimodal objective function is read-
ily discernible, in numerous instances the experimental 
conditions proximate to the optimum value were attained 
during the preliminary experimental phase. The results 
demonstrated that convergence was achieved in a sig-
nificantly reduced number of experiments compared to 
those conducted using the 'Sequential BO Random' 
method, in which the initial values were randomly gener-
ated. 

In the case of the 2-level general full factorial, des-
ignated as a '2^k full-factorial', and the III resolution 2-

 
Figure 4: Box plots for number of iterations for quadratic function using each algorithm. Orange line represents 
50%tile, box represents from 25%tile to 75%tile, whiskers represent minimum and maximum values, and circle 
represents outliers. For ‘Sequential BO’, the BO was executed after DoE. For ‘In BO’, DoE was affected by 
acquisition function. For ‘In Remain BO’, DoE was affected and rearranged by acquisition function. ‘2^k full-factorial’ 
is 2 level general full factorial, ‘2^k ff w/center’ is 2 level general full factorial with zero matrix, ‘2^(k-1) - V Resol.’ 
Is V resolution 2 level fractional factorial, ‘2^(k-2) - III Resol.’ Is III resolution 2 level fractional factorial, ‘3^k full-
factorial’ is 3 level general full factorial, ‘Plackett-Burman’ is Plackett Burman, ‘Box-Behnken Surface’ is Box 
Behnken, ‘Central-composite’ is central composite, ‘Latin-Hypercube MxMn’ is Latin hypercube, ‘Definitive 
Screening’ is the DSD, ‘Def. Screen. - Augm1’ is the DSD with 2 fake factors, and ‘Def. Screen. - Augm2’ is the DSD 
with 4 fake factors. ‘Random’ is random initial conditions. 
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level fractional factorial, designated as '2^(k-2) - III Re-
sol.', it is evident that the case of 'In BO' converged. This 
occurred less frequently than in the cases of the 'Se-
quential BO' and 'In Remain BO'. The fact that the case of 
'In BO' converged less often than the case of 'Sequential 
BO' demonstrates the value of optimizing the experi-
mental conditions through the acquisition function during 
the preliminary experiment based on the design of exper-
iment. This demonstrated the value of optimizing the ex-
perimental conditions with the acquisition function during 
the preliminary experiment based on the design of exper-
iment. The case of the 'In Remain BO' converged fewer 
times than the case of 'In BO', indicating the benefit of 
utilizing the acquisition function to alter the design order 
during the preliminary experiment based on the design of 
experiment. 

Case 2: multimodal objective function 
Figure 5 illustrates the distribution of experiments 

conducted for the purpose of optimizing the multimodal 
objective function. Similarly, for the unimodal function, to 
evaluate the performance of Bayesian optimization after 
designed experiments, the number of calls after each de-
signed experiment was counted. Ten experiments were 
conducted for the multimodal objective function with the 
number of experiments continuing until a neighborhood 
of the optimum value of -2.8 was reached at -1.0. In com-
parison to the unimodal objective function, the search for 
the optimal value of the multimodal objective function 
was more challenging and necessitated the execution of 
several tens of experiments. 

In a considerable number of designs of experiment, 
the case of 'In BO' converged less often than the case of 
'Sequential BO', and the case of 'Sequential BO' con-
verged less often than the case of 'In Remain BO' 

In comparison to the 'Sequential BO Random' 
method, which employed randomly generated initial val-
ues, i.e., the Box-Behnken 'Box-Behnken Surface' and the 

 
Figure 5: Box plots for number of iterations for quadratic function using each algorithm. Orange line represents 
50%tile, box represents from 25%tile to 75%tile, whiskers represent minimum and maximum values, and circle 
represents outliers. For ‘Sequential BO’, the BO was executed after DoE. For ‘In BO’, DoE was affected by 
acquisition function. For ‘In Remain BO’, DoE was affected and rearranged by acquisition function. ‘2^k full-factorial’ 
is 2 level general full factorial, ‘2^k ff w/center’ is 2 level general full factorial with zero matrix, ‘2^(k-1) - V Resol.’ 
Is V resolution 2 level fractional factorial, ‘2^(k-2) - III Resol.’ Is III resolution 2 level fractional factorial, ‘3^k full-
factorial’ is 3 level general full factorial, ‘Plackett-Burman’ is Plackett Burman, ‘Box-Behnken Surface’ is Box 
Behnken, ‘Central-composite’ is central composite, ‘Latin-Hypercube MxMn’ is Latin hypercube, ‘Definitive 
Screening’ is the DSD, ‘Def. Screen. - Augm1’ is the DSD with 2 fake factors, and ‘Def. Screen. - Augm2’ is the DSD 
with 4 fake factors. ‘Random’ is random initial conditions. 
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central Composite 'Central-composite' methods, the DSD 
'Definitive Screening', and the 'Def. The following abbre-
viations were used: 'Screen', 'Augm1' and 'Def'. Further-
more, the ‘Def. Augm1’ and ‘Def. Augm2’ methods were 
also considered. The ‘Screen. - Augm2’ method demon-
strated a high degree of convergence in a relatively small 
number of cycles. Notably, in the case of employing the 
proposed algorithm within the DSD framework, it exhib-
ited a markedly superior convergence rate compared to 
the ‘Sequential BO Random’ method. 

In both cases, the proposed algorithm, in which the 
DSD designed experiments were influenced and rear-
ranged by the acquisition function, could converge faster 
than the 'Sequential BO Random' method.  These findings 
highlight the value of optimizing the experimental condi-
tions through the acquisition function, and of modifying 
the design of experiment order through the acquisition 
function during the preliminary experiment, independent 
of the objective function. Since faster convergence for 
BO means that the exploration of the experimental con-
dition space was more useful. Therefore, in the proposed 
algorithm, the BO was able to perform on sufficient ex-
periments designed by the DSD to understand the exper-
imental condition space. 

CONCLUSIONS 
We put forth a novel algorithm that integrates the 

DSD and the BO to address confounding factors and op-
timize the experimental conditions. Optimizing the mag-
nitude and orders of the designed experiments of the 
DSD based on the BO contributed to effectively acceler-
ate the convergence rate. Our proposed algorithm exhib-
its the potential for a faster convergence than existing 
algorithms in numerical experiments. Furthermore, we 
have demonstrated the value of rearranging the order of 
experiments in achieving more efficient outcomes. Fur-
thermore, in the proposed algorithm, the BO was able to 
perform on sufficient experiments designed by the DSD 
to understand the experimental condition space. 

In future work, we will investigate wet experiments 
to verify the efficacy of our proposed algorithm. 
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