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Supplementary

Ingredients and properties descriptions

This section describes the initial historical data provided by the experts, used for the EDA approach
initialization.

Table 1 shows the properties P1,..., P14 associated to each of the n = 24 ingredients for the fuel
fabrication. Note that the names of the ingredients are denoted referring to the category to which they
belong. For example, A1 is the first ingredient of category A and B2 the second one of category B.

Figure 1 shows a histogram for each of the properties P1,..., P14.
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Figure 1. Frequency of each property P1, ..., P14.

Optimization constraints

Table 2 shows the lower and upper bounds, respectively, for analytical functions Wéalc(i =1,...,7)
and laboratory experimentation W} ,(i = 1,...,4).

Configuration of regression models

In this section, we detail the hyperparameter configurations applied to the regression models tested
to predict W, ,. Tables 3—4 show the hyperparameters used in the experimental results for Bayesian
ridge, LASSO, ridge and kernel ridge models. Note that categorical hyperparameters were used as the
default in scikit-learn-1.3.0 [52]. The Bayesian ridge model was selected as the best regression model
to predict Wlla , values, so both the default and after-tuning hyperparameters are shown. Hyperparameter
tuning was performed by Bayesian optimization. All the experiments use the same maximum number
of iterations set as the default.
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Table 2. Formula, lower bound (LB), and upper bound (UB) associated to each analytical
descriptor W', and each laboratory descriptor W, ,; where x; is the percentage of each
ingredient /; in the total mixture x, and Pj(/;) is the property j of ingredient /; (see Table 1).

Formula LB UB
100 1 1
Lalc (x) 2 (xi/ P1(T})) LBcalc UBcalc
( ) Zn - 1000( 32,8ﬁjlo()<1,-) +141'8(P]11)(01,-)_ Pg(()(l))))_ 2440*9P1I(I) LB2 UB2
calc X i=1 | Xi P12(I)+P13(;) |4—PT4(I;)]2 cale cale

6.09/(12PT2(I)+ PI3(I)+ 16PT&(I)

iy XiP8(I;)/ P1(I;) 3 3
Lalc (x) i:':l xi/P1(X) LBcalc UBcalc
calc (x) Z?:[ xiP7(Ii) LB?alc UB?alc
i XiPO(I)/ P1(I;) 5 5
calc(x) 1;’_1 x;i/P1(I;) LBcaIL UBcalc
L[llC(x) Z?:l xiP6(Ii) LBgalc UBSalc
7 7
calc (x) X16 LBcalc UBcalc
Wl (x) - LB,, UB,,
Wip(x) - LB;, UBj,
3 3
Wi (x) - LB;, UBj,
W (x) - LB}, UB;
lab lab lab
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Table 3. Bayesian ridge model hyperparameters by default and after hyperparameter tuning
(hyperopt), where fol is the tolerance error to consider convergence; «; and a, are the shape
parameter for the Gamma distribution and the inverse scale parameter for «, respectively; and
Ay and A, are the shape parameter for the Gamma distribution and the inverse scale parameter
for 4, respectively.

tol a s A Aa
default le-3 le-6 le-6 le-6 le-6
hyperopt 94.64 50.16 18.59 81.89 0.20

Table 4. The LASSO, ridge and kernel ridge regression models’ hyperparameter
configurations used. Parameter s is the constant that multiplies the L1 and L2 terms in
LASS and ridge regression models, respectively, and tol represents the tolerance error to
consider algorithm convergence. In the case of the kernel ridge, degree is the polynomial
degree used.

;3 tol degree
Lasso 0.5 le4 -
Ridge 0.5 le-4 -
Kernel ridge 10 - 3

Competitors’ configurations

In this section, we detail the hyperparameter configuration applied to the other optimizers used in
the comparison against the EDA approach presented in this article. NSGA-II and MOEAD
implementations have been obtained from the PYMOO Python library and both algorithms were
initialized from the historical data. Tables 5—6 show the hyperparameter configurations used for both
algorithms in the experimental results.

Table 5. Hyperparameters used for the NSGAII algorithm [43], where N is the population
size; offs regards the number of offsprings performed; P is the probability of crossover and
mutation occurrence; and the eta parameter controls the shape of the distribution used for
both crossover and mutation operators.

Crossover Mutation
N offs P eta P eta
tested 200 10 0.9 15 1.0 20

Table 6. Hyperparameters used for MOEAD algorithm [56], where n_neig is the number of
neighbors considered and P is the probability of neighbor mating occurrence.

n_neig P
tested 15 0.7
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