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Abstract: Multilayer perceptron neural networks are a family of continuous functions and offer a great flexibility

for modeling empirical data. The lack of attention to the choice of optimal parameters(partition, sample size,

number of units in the hidden layer, data normalization method) in the building of neural models negatively

influences their predictive and explanatory performance.The present study aims to evaluate the effect of partition

and normalization methods on the optimization phase of hyperparameters using the Levenberg Marquardt (LM)

algorithm in aprediction context. The Monte Carlo approach was used to train several datasets generatedby

varying the internal structure of a 3-MLP from simple to complex with the LM algorithm for different partition

rates and different methods of normalizations most commonly used. A total of 995880 models were built and

compared on the basis of R2 and MAPE criteria. The results showed that the application of the partitioning rate

85% - 15% for training and testing respectively, the normalization method minmax , a learning rate of 0.25 for

the training of the algorithm with nine (9) neurons at the hidden layer with the application of the sigmoid at the

hidden layer as well as at output layer led to their best performances.

Keywords: neural networks; hyperparameter; prediction; normalization method; Levenberg-Marquardt

1. Introduction

The emergence of digital technology and its own revolution has facilitated to boost the performance of
many other sectors. Thus, man made the transition from manual work to full automation of many
of his precarious tasks. This digital advance is the result of neural networks incorporated in a box
for which an algorithm is preestablished for adapting to new circumstances.Indeed, artificial neural
networks (ANNs) are mathematical models inspired by neurobiology that perform calculations similar
to those of human intelligence. They have been widely investigated and applied these last years to
classification, pattern recognition, regression, and forecasting problems [1–3].Multilayer perceptron
neural networks (MLP) are one of the ANN variants the most commonand applied [4–9]. In a non-
linear regression context for the purpose of empirical data forecasting, the explanatory and predictive
performances of MLPs are generally affected by hyper-parameters (number of hidden layers, number
of hidden nodes, set of transfer functions and learning rate), the learning algorithm, the partition rate
of the data set and the input data normalization method [10–17] but also the sample size [18,19].The
selection of the best configuration of these factors in the process of learning a dataset is a laborious
task, which often requires a thorough knowledge of optimization methods. An inappropriate choice of
these factors leads to problems among others: local minima, slow convergence or non-convergence,
dependence on initial parameters and over-adjustment. However, the work of Tohoun [20] reveals
that the use of Levenberg-Marquardt algorithm (LM) [18] compared to other more commonly used
gives better predictive performance. Thus, there are some questions that are directly linked to the use
of MPL models, although they are more applied. In this study,we will focus on the determination of
optimal hyper-parameters with the LM algorithm based on the partition rate of a dataset, the input
data normalization method and the sample size in a context of empirical data prediction .Specifically,
we aim: (i) to identify optimal hyper-parameters and the minimum sample to train a MLP with LM
algorithm based on dataset partition rates for each input data normalization method; (ii) to compare
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the quality of predictive performance of MLPs from optimal hyper-parameters and from appropriate
partition rate of a dataset with the minimum sample size according to input data normalization
methods.

2. Materials and Methods

2.1. Specification of Model

This section reproduces the approach adopted in [20] in process of evaluating the performance of
different algorithms.

Let x =
(

x1, . . . , xp
)⊤ ∈ Rp be the vector of inputs, wi =

(
wi0, . . . , wip

)⊤ ∈ Rp+1 be a parameter

vector for the hidden unit i(1 ≤ i ≤ m), m ∈ N and β = (β0, . . . , βm)
⊤ ∈ Rm+1 be a parameter vector

for the only output unit. Multilayer perceptron (MLP) function with m hidden units and one output
unit can be written as follows:

F(θ, x) = g

(
m

∑
i=1

βi f

(
p

∑
j=1

wijxj + wi0

)
+ β0

)
(1)

where θ =
(
w10, . . . , wm0; w11, . . . , w1p; . . . ; wm1, . . . , wmp; β0; β1, . . . , βm

)
; g and f (real value func-

tions) are output and hidden-unit activation functions respectively. Let Θm ⊂ Rm(p+2)+1 be a
compact (i.e. closed and bounded) subset of possible parameters of the regression model family
S = {Fθ(x), θ ∈ Θm, x ∈ Rp} with Y = Fθ(X) + ϵ.

Let D = {(x1, y1), . . . , (xn, yn)} with n a strictly positive integer be the observed data coming
from a true model (Xt, Yt)t∈N for which the true regression function is Fθ◦ , for an θ0 in the interior of
Θm. Learning consists to estimate the true parameter θ0 from the observations D. This can be done by
minimizing the mean square error function:

E(θ) =
n

∑
t=1

1
2
(yt − F(θ, xt))

2 (2)

with respect to parameter vector θ ∈ Θm. Different algorithms are used and based on gradient
descent procedure.

2.2. Simulation Plan

Let X ffl R8 be a vector of input variables and Y ffl R, a univariate output variable.

We have Y = ϑ(X)+ ∈ where ϑ : R8 −→ R and ϵ ∈ R is a vector of residual variables. To
guarantee the nonlinearity of ϑ [17], we chose Log weibull-type non linear function [41] as such :

ϑ(X1, ..., X8) = φ(X1, X2, X3, X5, X8) + ω(X2, X3, X7) (3)

where
φ(X5, X6, X7, X8) = α1X7 + α6X6 +

α5

X5
+

α8

X8
(4)

and
ω(X2, X3, X4, X7) = log((α3X3 + α2x2)) ∗ exp(α1x1 + α4x4) (5)

The coefficient of the features X corresponding used in the simulation study was prespecified as
in table 1 :
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Table 1. Features and coefficients

Features X1 X2 X3 X4 X5 X6 X7 X8
Coefficients α1 α2 α3 α4 α5 α6 α7 α8

0.50 2.70 0.77 0.25 1.75 10.08 0.66 1.25

Regarding features vector X = (X1, X2, ..., X8)
T , its components, respectively, follow normal,

log-normal, binomial negative, Poisson, weibull, geometric, exponential and normal distribution laws.
The next one table summary them with their distribution law and linked parameters. In additional
take into account random part at ϑ(X) that means ϵ.

Table 2. Feature’s distributions

Feature distribution law (dl) dl parameter
X1 normal N(µ = 27.08, σ2 = 3.12)
X2 log-normal logN(µ = 3.12, σ2 = 1.07)
X3 binomial negative BN(v = 7; p = 15.18))
X4 poisson P(λ = 5.83)
X5 weibull W(shape = 4.45, scale = 70.88)
X6 normal N(location = 25, scale = 0.25)
X7 exponential exp(rate = 0.01)
x8 weibull W(µ = 0.75, σ2 = 1.37)
ϵ normal N(µ = 0, σ2 = 1)

2.2.1. Generation of the data

In context of this study, a population of size N = 10000 was generated. Process is summaried into
those following steps:

Step 1. Generate the input variables X1 to X8 and ϵ from their respective distribution for N = 10.000.

Step 2. Calculate ϑ(X) using (15) from values of coefficients α1 to α7 and generated input variables
X1 to X7.
Step 3. Generate outcome variables Y for N = 10.000, from each ϵ distribution adds to ϑ(X).

Step 4. Use the boostraping technique to extract samples of different sizes:
ni = {25; 50; 75; 100; 150; 300; 500}

2.2.2. Prepocessing of dataset

Before each implementation the starting sample is divided into 2: traning data and test data. Here
different dataset partition rates will be used (65%, 70%, 75%, 80%, 85% for the training and 35%,
30%, 25%, 20%, 15% for the test). Moreover, different input data normalization methods will also
be used (Min-Max Normalization; Z-Score Normalization; Decimal Scaling, median and unscaled
normalization)

The characteristics considered for the model are as follows:

1. Activations functions
Four differents tranfers functions have been used at level of hidden layer and output layer as
such : Log-sigmoid, exponential, Hyperbolic tangent, and identity functon as listed in previous
section.

2. Number of hidden neurons as introduce above, vary between

{1, 3, 5, 7, 8, 9, 11, 13, 15, 16, 17}
3. Learning rate r took value in interval ]0,1] especially,

r = {0.15, 0.25, 0.35, 0.45, 0.55, 0, 65, 0.75, 0.85}
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4. And finally, LM algorithm is applied for learning.

2.2.3. Implementation of 3-MLP Model

The function ”mlp” of RSNNS package (Bergmeir and Benıtez, 2012) was used for the prediction. A
3−MLP model was used by varying partition rate, normalizations methods and hyper parameters for
each sample size. With respect to hyper parameters, 16 combinations of activation functions (AF) were
used: four differentes function (TanH, Exponentiel, Logistic and Linear ) have been applyed at hidden
layer and four other at output (TanH, Exponentiel, Logistic and Linear ). In additional, 9 different
numbers of node in the hidden layer were considered.A total of 500 replications was performed on
each sample size to the analyze performance of the method. Initial weights were generated randomly
according to the uniform law in the range −3 and 3. The stopping criteria used are the combination of
a fixed number of epochs, NE= 1000 and a sufficiently small training error less than or equal to 10−6.

2.2.4. Performance criteria

Then to evaluate the performance of the network, at each sample size ni, the previous step is
repeated 500 times, that means after gathering set of parameters and fed to the corresponding algorithm,
the last one have to iterate 500 times. Thereby, the average values of the performance criteria are
calculated.

In this section we consider Fθi , F̄θi , yi and ȳ respectively as desired obsersed from MLP model, mean
of desired obsersed from MLP model, target value observed from simulated dataset and mean of target
value observed from simulated dataset

R2 =1 − ∑n
i=1
(
yi − Fθi

)2

∑n
i=1(yi − ȳ)2 (6)

The mean absolute percentage error (MAPE) is the mean or average of the absolute percentage
errors of forecasts. Error is defined as actual or observed value minus the forecasted value. The smaller
the MAPE the better the forecast.

MAPE =
1
n

n

∑
i=1

∣∣Fθi − yi
∣∣

yi
(7)

The coefficient of determination (R2) inform about the accuracy of the network with an R2 closed
to "1" indicates good performance (Shahin et al., 2008).

Coefficient of determination (CV), also known as relative standard deviation, coefficient of variation
is a statistical concept that accounts for relative variability in data sets. Specifically, it indicates the size
of a standard deviation to its mean.

CV =
σ

x̄
× 100 (8)

2.3. Statistical comparisons methods

The results got from simulation design in context of study are assessed due to ANOVA (analysis
of variance) and LSD.test for multiple comparaison means; especially applied on those factors which
affect the performances of the MLP. Those analysis have been run on output of simulation (R2 and
MAPE) for each normalization method, sample size and percentage of train and test. Boxplot too
was used to present significant interaction between hyper parameters of the network according to the
partition rate, normalization method and sample size.
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3. Mains Results

From simulation results, a total number of 295680 multilayer perceptron network model have been built.
Either dataset of 4435200 rows with seven features and three targets variables (three performances
criteria).

3.1. Analysis of Hyper-Parameters’ Effect on the 3−MPL Performance According to Partition Rate and
Normalization Methods

The following section outlines the performance of normalization methods such as non-normalization,
decimal, median and z-score methods.

3.1.1. Hyperparameter’s Effect on 3-MLP Peformance According Unscaled (Non Normalization)
Method

Hyper-parameters’ effect on the 3 − MPL performance criteria (R2 and MAPE) shows same trends.
Third and fourth order-interaction effects between number of nodes (N), learning rate (LR), sample
size (S), activation functions on R2 and MAPE are not significant at 5% level for all partition rate.
However, the interaction effect of individual factors and first-order interaction (1) varies from one
partition rate to another except for the interaction between learning rate (L), sample size (S) and node
(N) as well as the interaction between learning rate and activation functions (AF) which are shown to
be significant from one partition to another. The following table shows the level of significance of the
interactions at at 1‰and at 5% threshold.

Table 3. Effect of hyper-parameters on 3−MLP performance: p-values from ANOVA

H-parameter df
Partition rate (%)

65-35 70-30 75-25 80-20 85-15
R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE

S 6 0.001 0.07 0.001 0.68 0.001 0.08 0.001 0.51 0.001 0.10
N 10 0.08 0.70 0.001 0.67 0.55 0.001 0.001 0.001 0.46 0.55
LR 7 0.19 0.19 0.64 0.23 0.17 0.03 0.41 0.54 0.68 0.51
AF 16 0.001 0.12 0.001 0.07 0.001 0.001 0.001 0.28 0.001 0.46
L:AF 127 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.25 0.001 0.02
S :N 76 0.99 0.78 0.001 0.54 0.03 0.01 0.14 0.001 0.88 0.64
S :AF 27 0.001 0.001 0.001 0.36 0.001 0.01 0.001 0.86 0.001 0.001
LR :S 35 0.67 0.67 0.08 0.66 0.01 0.001 0.16 0.55 0.01 0.61
LR :N 70 0.74 0.74 0.28 0.71 0.03 0.001 0.73 0.001 0.90 0.50
N :AF 175 0.15 1.00 0.09 1 0.02 0.98 0.04 0.99 0.46 1
S :N:AF 307 0.59 0.001 0.01 0.001 0.95 0.33 0.34 0.99 0.32 0.001
S:N:LR 520 0.001 0.03 0.001 0.01 0.001 0.001 0.001 0.001 0.001 0.1

Interaction plot related to activation function and learning rate on R2 and MAPE reveals that the trend
are similar from one partition rate to another.We note however an increase of the R2 when the rate
allocated for training increases. The interaction plot also shows that activation function Tanh and
Identity (TI), Logistic and Identity (LI) performed better on 3-MLP for all learning rates (Fig 1) when
applying this method for normalization.
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Figure 1. Interaction plot of activation function (AF) and LR on R2 and MAPE under unnorm

However, the interaction effect between node, learn rate and sample size by applying multiple compar-
isons of treatments by means of LSD and a grouping of treatments showed a difference in performance
related to hyperparameters combinations. This process has allowed the optimal selection of those
combinations according to the number of nodes and the minimum sample size with respect the R2

and MAPE. We note moreover, as elaborated by the table, that the optimal sample size for the 3-MLP
configuration is ni = 25 from one number of node to another.

Table 4. Interaction effect of S:L:N on 3-MLP performance acording to R2 and MAPE from LSD.

node learn rate sample size R2 MAPE
1 0.65 25 18.43 6.21
3 0.35 25 21.11 7.18
5 0.35 25 19.24 4.74
7 0.35 25 20.24 5.95
9 0.55 25 18.01 6.25

11 0.75 25 17.99 5.95
13 0.65 25 16.44 4.23
15 0.55 25 18.68 2.75
17 0.35 25 20.37 2.59

The relative performance of the hyperparameters on the 3-MLP model showed that the use of the
hyperbolic as activation function with a partition rate of 75% for training and 25% for testing with
a number of nodes equal to 13 at the hidden layer and a learning rate of 0.75 led to the best 3-MLP
model performance. The next table illustrates the relative performances.

Table 5. Effect of hyper-parameters on 3−MLP performance according to minimal sample size and
unnorm method.

AF node L S Partition rate (%)
65-35 70-30 75-25 80-20 85-15

R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE
TI 1 0.35 25 16.89 6.64 7.12 7.33 6.37 6.99 5.82 9.00 0.85 7.23
LI 3 0.35 25 2.68 9.71 7.97 15.01 2.92 7.91 2.76 21.04 19.64 14.62
LI 5 0.35 25 4.53 9.38 4.68 10.31 15.50 7.87 24.91 8.76 13.89 9.50
TI 7 0.65 25 13.70 12.10 13.77 9.14 13.23 7.79 16.02 15.14 35.25 11.08
TI 9 0.75 25 12.02 6.78 12.25 5.46 15.26 8.67 8.67 7.54 32.48 5.15
TI 11 0.55 25 9.21 9.07 16.58 6.63 13.56 11.75 14.85 10.97 35.72 5.71
TI 13 0.75 25 12.75 11.14 17.94 8.14 28.15 9.40 18.66 15.16 37.96 7.52
TI 15 0.55 25 12.68 7.06 12.40 9.26 17.80 10.53 20.65 9.53 47.85 10.55
TI 17 0.75 25 13.73 5.48 10.78 7.61 14.28 8.33 19.11 19.46 32.21 6.09

AF: Activation function, Node: number of unit at hidden layer, L: Learning rate, S: Sample size.
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3.1.2. Hyperparameter’s Effect on 3-MLP Peformance According to Decimal Method
Hyper-parameters’ effect on the 3 − MPL performance criteria (R2 and MAPE) shows different trend from one partition to
another and from order of interaction. . Third and fourth order-interaction effects between number of nodes (N), learning rate
(LR), sample size (S), activation functions on R2 and MAPE are not significant at 5% level for all partition rate. However, the
first and second order interaction effect is noted between the leanring rate (L) and the activation function (AF) and between the
sample size (S), the number of nodes (N) and the learning rate. The table below shows the significance level at the 5% and 1%
threshold.

Table 6. Effect of hyper-parameters on 3−MLP performance according to decimal method : p-values
from ANOVA.

H-parameter df Partition rate (%)
65-35 70-30 75-25 80-20 85-15

R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE
AF 15 0.33 0.001 0.33 0.001 0.81 0.001 0.20 0.001 0.18 0.001
N 16 0.85 0.82 0.74 0.36 0.43 0.57 0.92 0.41 0.02 0.16
L 7 0.54 0.001 0.55 0.001 0.53 0.001 0.72 0.001 0.70 0.001
S 6 0.001 0.57 0.001 0.001 0.001 0.36 0.001 0.001 0.001 0.14
N:AF 143 0.001 0.04 0.24 0.15 0.03 0.08 0.65 0.25 0.42 0.01
L:AF 127 0.02 0.01 0.001 0.001 0.01 0.001 0.04 0.03 0.49 0.001
L:S 55 0.001 0.58 0.77 0.95 0.04 0.63 0.89 0.26 0.09 0.33
L:N 55 0.980 0.96 0.45 0.54 0.78 0.01 1 0.001 0.84
S:N 62 0.83 0.40 0.98 0.38 1 0.17 0.97 0.50 0.01 0.33
S:AF 143 0.28 0.60 0.001 0.001 0.77 0.13 0.83 0.34 0.89 0.001
S:N:AF 1007 0.25 0.15 0.05 0.22 0.48 0.001 0.35 0.001 0.25 0.56
L:S:N 504 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.47

The tendency revealed by the interaction between the activation function and the learning rate is that of an oscillation.
However, we note a regular performance of the exponential activation function (EE) and the linear one (II).From one partition
rate to the other the trend is similar (Fig 2)

Figure 2. Interaction plot of node (N) and LR on R2 and MAPE: decimal method

The application of decimal for data normalization showed that the second order interaction between N, L and S in function
of the node and the optimal learning rate, 25, 50 and 75 are the minimum sample sizes according to R2 and MAPE. See table 7.
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Table 7. Interaction effect of S:L:N on 3-MLP performance acording to R2 and MAPE from LSD :
decimal method.

node learn rate sample size R2 MAPE
1 0.25 25 11.15 25.03
3 0.15 25 11.15 25.01
5 0.45 25 10.13 24.62
7 0.35 25 10.11 24.39
9 0.25 25 9.62 23.98

11 0.45 25 9.75 23.75
13 0.25 50 9.75 23.26
15 0.35 50 9.61 13.69
17 0.15 75 9.54 13.49

The performance related to the hyperparameters on the 3-MLP model showed that the use of the linear activation function
with a partition rate of 85% for training and 15% for testing with a number of nodes equal to 3 in the hidden layer, for a learning
rate equal to 0.35 with a sample size ni = 25 led to the best performance of the model. The table 11 hereby illustrates the relative
performance.

Table 8. Effect of hyper-parameters on 3−MLP performance according to minimal sample size and
decimal method.

AF node L S Partition rate (%)
65-35 70-30 75-25 80-20 85-15

R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE
II 1 0.75 25 27.24 6.01 27.24 6.01 25.77 5.52 24.09 2.69 45.05 6.5
II 3 0.35 25 24.64 1.62 24.64 1.62 19.77 3.88 19.20 6.59 57.32 3.75
II 5 0.15 25 11.00 3.10 11.00 3.10 11.41 3.21 48.83 1.13 41.74 4.21
II 7 0.25 25 17.72 3.73 17.72 3.73 18.33 1.74 32.46 29.56 56.44 6.65
II 9 0.25 25 26.48 1.71 26.48 1.71 22.20 2.95 16.34 1.99 51.39 7.01

EE 11 0.45 25 8.12 8.71 8.12 8.71 28.30 6.48 25.23 4.14 49.66 5.5
EE 13 0.15 25 29.78 9.97 29.78 9.97 34.29 13.11 36.04 7.75 53.64 5.64
EE 15 0.15 25 18.64 11.94 18.64 11.94 9.38 10.07 40.12 6.42 36.58 6.20
EE 17 0.15 25 23.69 9.05 23.69 9.05 26.60 5.69 43.90 10.69 52.51 4.45

3.1.3. Hyperparameter’s Effect on 3-MLP Peformance According to Median Method
Hyper-parameters’ effect on the 3 − MPL performance criteria (R2 and MAPE) shows that the second and third order-interaction
effects between number of nodes (N), learning rate (LR), sample size (S), activation functions on R2 and MAPE are not significant
at 5% level for all partition rate. However, the first and second order interaction effect mainly between the leanring rate (L) and
the activation function (AF) and between the sample size (S), the number of nodes (N) and the learning rate is noted. The table 9
below shows the significance level at the 5% and 1% threshold.
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Table 9. Effect of hyper-parameters on 3−MLP performance according to decimal method : p-values
from ANOVA.

H-parameter df Partition rate (%)
65-35 70-30 75-25 80-20 85-15

R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE
AF 15 0.33 0.001 0.33 0.001 0.81 0.001 0.20 0.001 0.18 0.001
N 16 0.85 0.82 0.74 0.36 0.43 0.57 0.92 0.41 0.02 0.16
L 7 0.54 0.001 0.55 0.001 0.53 0.001 0.72 0.001 0.70 0.001
S 6 0.001 0.57 0.001 0.001 0.001 0.36 0.001 0.001 0.001 0.14
N:AF 143 0.001 0.04 0.24 0.15 0.03 0.08 0.65 0.25 0.42 0.01
L:AF 127 0.02 0.01 0.001 0.001 0.01 0.001 0.04 0.03 0.49 0.001
L:S 55 0.001 0.58 0.77 0.95 0.04 0.63 0.89 0.26 0.09 0.33
L:N 55 0.980 0.96 0.45 0.54 0.78 0.01 1 0.5 0.001 0.84
S:N 62 0.83 0.40 0.98 0.38 1 0.17 0.97 0.50 0.01 0.33
S:AF 143 0.28 0.60 0.001 0.001 0.77 0.13 0.83 0.34 0.89 0.001
S:N:AF 1007 0.25 0.15 0.05 0.22 0.48 0.001 0.35 0.001 0.25 0.56
L:S:N 504 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.47

The application of the median for data normalization shows a relatively identical performance trend considering partition
rate under the AF and L interaction .Interaction has shown that 3-MLP model likely perform better with logistic linear (LI) or
hyperbolic linear (LI) compare to other actvations functions (Fig A2).

Figure 3. interaction plot of activation function and learning rate on R2 and MAPE

The second order interaction effect between N, L and S according to node and the appropriate learning rate, showed that the
minimum sample size for the optimal hyperparameter configuration is equal to ni = 25 according to R2 and MAPE. Table 10
displays their relative performances.

Table 10. Interaction effect of S:L:N on 3-MLP performance acording to R2 and MAPE from LSD :
median method

node learn rate sample size R2 MAPE
1 0.15 25 28.84 3.05
3 0.35 25 26.86 3.15
5 0.15 25 26.42 3.05
7 0.65 25 26.31 2.62
9 0.45 25 25.97 2.78

11 0.35 25 26.21 4.44
13 0.55 25 25.64 3.38
15 0.45 25 26.22 3.61
17 0.35 25 25.97 3.05

3.1.4. Hyperparameter’s Effect on 3-MLP Peformance According to Median Method
The relative performance of the hyperparameters on the 3-MLP model showed that the use of the hyperbolic activation

function with a partition rate of 85% for training and 15% for testing with a number of nodes equal to 13 in the hidden layer, for
a learning rate equal to 0.35 with a sample size of ni = 25 led to the best performance of the model. The table 11 illustrates the
relative performances.
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Table 11. Effect of hyper-parameters on 3−MLP performance according to minimal sample size and
decimal method.

AF node L S Partition rate (%)
65-35 70-30 75-25 80-20 85-15

R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE
TI 1 0.65 25 25.48 4.35 25.12 6.00 27.63 5.32 27.16 15.26 71.29 3.07
TI 3 0.45 25 23.76 6.81 42.68 7.63 43.86 5.58 33.80 4.10 63.63 13.03
TI 5 0.15 25 35.57 4.99 38.45 3.63 26.72 5.06 46.79 5.87 58.21 7.24
LI 7 0.65 25 22.82 7.99 34.96 2.73 26.75 4.81 58.63 2.76 55.20 8.62
TI 9 0.25 25 21.92 5.47 20.49 6.12 41.72 6.21 34.24 13.99 53.27 3.62
LI 11 0.25 25 28.91 7.75 44.65 6.47 38.68 9.58 33.38 2.63 62.39 3.84
TI 13 0.35 25 24.22 7.58 26.73 5.46 42.27 10.81 42.93 16.89 67.88 4.43
LI 15 0.25 25 59.91 4.24 43.66 6.15 36.81 7.38 35.31 3.43 25.21 6.70
LI 17 0.15 25 61.02 3.91 42.39 4.80 40.49 7.38 36.07 9.42 31.91 9.48

3.1.5. Performance of Minmax Normalization Method on 3-MLP
Hyper-parameters’ effect on the 3 − MPL performance criteria (R2 and MAPE) shows tendency of significant difference

between them. In contrast to the previous normalization methods, the individual effects are significant except for the learning
rate. Furthermore, the first and second order interaction between learning rate and activation function and between learning
rate, node and sample size are significant. The following table 12 shows the level of significance of the interactions at 1‰and at
5% threshold.

Table 12. Effect of hyper-parameters on 3−MLP performance according to minmax method : p-values
from ANOVA.

H-parameter df Partition rate (%)
65-35 70-30 75-25 80-20 85-15

R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE
S 10 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
L 7 0.20 0.20 0.30 0.40 0.10 0.92 0.02 0.82 0.10 0.92
AF 10 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
N 10 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
S:N 10 0.001 0.030 0.001 0.370 0.001 0.020 0.001 0.610 0.001 0.02
S:AF 10 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
L:S 21 0.13 0.13 0.70 0.72 0.53 0.89 0.48 0.71 0.53 0.89
L:N 70 0.80 0.80 0.42 0.74 0.46 0.69 0.96 0.70 0.46 0.69
N:AF 10 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
L:AF 127 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
S:N:AF 10 0.001 0.010 0.001 0.03 0.001 0.57 0.001 0.09 0.001 0.57
L:S:N 344 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.090 0.001 0.001

The trend illustrated by the interaction graphs between the activation functions and the learning rates over partitions rates
is that of perfect similarity as indistinguishable dice at touch. High performance are reccorded for learning rate in range of [0.15;
0.45]. Activations functions as such LE, LL, LT, TE, TL, TT functions expressed highest performance compared to other. The Fig
4 shows their performance considering R2 and MAPE.

Figure 4. Interaction plot of node (N) and LR on R2 and MAPE under minmax
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Implementing minmax for data normalization showed that the second-order interaction between N, L, and S according to
the number of nodes at the hidden layer and the optimal learning rate, resulted in minimum sample sizes such as 50, 75, 100 for
the selection of optimal hyperparameters based on multiple comparisons of treatments using LSD and a clustering of treatments
on R2 and MAPE . The table 13 displays the relative performances.

Table 13. Interaction effect of S:L:N on 3-MLP performance acording to R2 and MAPE from LSD :
minmax method.

node learn rate sample size R2 MAPE
1 0.35 75 59.88 4.28
3 0.15 75 61.14 4.83
5 0.15 100 60.60 4.54
7 0.25 50 59.71 4.32
9 0.15 100 60.35 4.70

13 0.35 75 58.13 4.62
15 0.35 50 59.20 4.78
17 0.25 75 58.92 5.03

The relative performance of the hyperparameters on the 3-MLP model showed that at a partition rate of 85% for learning
and 15% for testing with the logistic activation function (LL) or the hyperbolic logistic function (TL) with respectively a number
of nodes equal to 9 and 11 in the hidden layer, for a learning rate equal to 0.15 and 0.25 with a sample size ni = 100 led to a
better performance of the 3-MLP model. Applying these hyperparameters separately with this sample size led to relatively close
performance in terms of R² and MAPE. The table 14 illustrates the relative performances.

Table 14. Effect of hyper-parameters on 3−MLP performance according to minimal sample size and
minmax method.

AF node L S Partition rate (%)
65-35 70-30 75-25 80-20 85-15

R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE
LL 1 0.15 50 61.00 1.73 63.54 3.07 65.22 1.87 71.69 1.21 87.25 1.58
LE 3 0.15 100 87.34 0.75 74.45 0.76 73.78 0.62 63.20 0.63 80.13 0.84
TL 5 0.25 100 82.27 0.78 86.11 0.75 76.68 0.55 72.98 0.76 88.40 0.66
LL 7 0.15 100 75.13 0.75 77.43 0.58 83.16 0.87 71.57 0.86 87.95 1.03
LL 9 0.15 100 77.91 0.70 78.36 1.16 68.03 0.87 82.29 0.58 90.08 0.51
TL 11 0.25 100 79.14 0.62 75.65 0.67 80.18 0.77 77.45 0.65 91.70 0.57
TL 13 0.35 75 76.21 0.69 73.14 0.61 79.27 0.65 78.09 0.81 88.29 0.48
LL 15 0.15 50 58.33 1.25 88.78 0.65 67.39 1.54 60.28 1.21 78.01 0.67
TL 17 0.25 75 79.29 1.13 79.40 1.18 74.54 0.85 67.13 2.15 88.86 0.78

3.1.6. Performance of z-Score Normalization Method on 3-MLP
Hyper-parameters’ effect on the 3 − MPL performance criteria (R2 and MAPE) shows interactions are significant according

to partition rate. Especially, individual effects are significant except for the learning rate. Furthermore, the first and second order
interaction between learning rate and activation function and between learning rate, node and sample size are significant. The
following table 15 shows the level of significance of the interactions at 1‰and at 5% threshold.

Table 15. Effect of hyper-parameters on 3−MLP performance according to minmax method : p-values
from ANOVA

H-parameter df Partition rate (%)
65-35 70-30 75-25 80-20 85-15

R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE
S 10 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
L 7 0.20 0.20 0.30 0.40 0.10 0.92 0.02 0.82 0.10 0.92
AF 10 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
N 10 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
S:N 10 0.001 0.030 0.001 0.370 0.001 0.020 0.001 0.610 0.001 0.02
S:AF 10 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
L:S 21 0.13 0.13 0.70 0.72 0.53 0.89 0.48 0.71 0.53 0.89
L:N 70 0.80 0.80 0.42 0.74 0.46 0.69 0.96 0.70 0.46 0.69
N:AF 10 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
L:AF 127 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
S:N:AF 10 0.001 0.010 0.001 0.03 0.001 0.57 0.001 0.09 0.001 0.57
L:S:N 344 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.090 0.001 0.001
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The use of z-score in the process of reducing the data to the same scale and to a relatively smaller value, has probably
proved high performance performance of the 3-MLP regarding R2 and MAPE when using a learning rate in the range [0.15,
0.45] with activation functions such as LI, LT and TT. This trend as shown in Fig 5 performance is similar from one partition rate
to another.

Figure 5. Interaction plot of activation function (AF) and L on R2 and MAPE: z-score method

The z-score method for data normalization considering the second order interaction between N, L and S according to the
node at hidden layer and the appropriate learning rate, showed that 50, 75, 100 are the minimum sample sizes according to
R2 and MAPE for which optimal hyperparameters would be obtained for the 3-MLP setup. The table 16 shows the relative
performances of these hyperparameters.

Table 16. Interaction effect of S:L:N on 3-MLP performance acording to R2 and MAPE from LSD :
z-score method.

node learn rate sample size R2 MAPE
1 0.45 75 8.05 59.13
3 0.15 75 8.86 59.63
5 0.45 100 7.76 62.57
7 0.25 75 8.77 59.29
9 0.35 50 8.71 59.13

11 0.25 75 8.45 59.13
13 0.35 75 8.42 58.94
15 0.45 100 8.23 58.80
17 0.25 50 8.41 58.63

The performance of hyperparameters on the 3-MLP model showed that at the 80%-20% or 85%-15% partition rate used
for training and testing respectively, the model performed better with respect to R² and MAPE. The logistic-linear (LI) or
logistic-hyperbolic (LT) activation functions have given better results. Better performance is obtained for nodes equal to 3, 5 or
15 at the hidden layer for learning rates equal to 0.15 or 0.25 with a sample size of ni = 100 as elaborated in Table 17.

Table 17. Effect of hyper-parameters on 3−MLP performance according to minimal sample size and
z-score method

AF node L S Partition rate (%)
65-35 70-30 75-25 80-20 85-15

R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE
LT 1 0.35 50 75.87 2.48 68.93 5.13 77.04 2.91 84.75 3.33 88.89 2.42
LI 3 0.45 75 78.45 4.17 66.03 3.09 86.72 3.41 91.42 9.22 85.92 2.65
LT 5 0.25 100 67.28 2.96 70.63 2.20 64.41 4.16 77.68 3.80 90.51 2.23
LI 7 0.25 100 68.33 5.37 76.56 4.83 83.31 4.08 89.35 2.75 77.44 6.73
LI 9 0.15 75 70.99 6.46 72.53 4.86 69.28 2.42 82.59 4.01 86.71 3.09
LI 11 0.25 50 67.27 4.14 70.07 2.74 79.19 5.65 84.17 3.66 88.71 2.64
LI 13 0.45 75 69.80 6.24 73.05 3.54 66.88 4.18 74.29 3.74 87.61 3.10
LI 15 0.15 75 69.39 3.65 64.86 4.22 74.25 11.13 71.47 4.80 93.50 3.14
LI 17 0.15 100 74.64 5.11 76.13 3.28 76.83 3.71 82.71 7.23 88.99 3.86
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3.2. Relative Performance of 3-MLP According to Normalization Methods and Partition Rate
The performance of the 3-MLP model considering hyperparameters reveals that all normalization methods outperformed at

the partition rate 85% versus 15% for training and testing respectively. From one partition method to another, the unscaled
ors without normalization method underperformed compared to the other methods. However, the minmax and z-score
normalization methods perform better at each partition rate with better performance at 85%vs25%. Those performances are
recorded with a minimum sample size ni = 100. The logistic (LL) and hyperbolic-logistic (TL) activation functions with the
number of nodes in the hidden layer equal to 9 vs 11 and the learning rate equal to 0.15 vs 0.25 respectively led to the best
performance of 3-MLP with respect to the perofmance criteria . Meanwhile, with the LT activation function using the z-score
normalization method with a learning rate of about 0.25 and with 5 nodes in the hidden layer, the 3-MLP model performs
somewhat similarly to the two previous configurations (Table 19).

Table 18. Comparison of norm methods and partition rate performance :(A1)

N-M S AF node L Partition rate (%)
65-35 70-30 75-25

R2 MAPE R2 MAPE R2

mean cv(%) mean cv(%) mean cv(%) mean cv(%) mean cv(%)
without 25 TI 13 0.75 12.75 97.98 11.14 95.56 17.94 114.46 8.14 120.77 28.15 95.42
decimal 25 II 3 0.35 24.64 134.29 1.62 84.80 24.64 134.29 1.62 84.80 19.77 121.13
median 25 TI 13 0.35 24.22 132.27 7.58 104.80 26.73 138.45 5.46 90.42 42.27 89.52
minmax 100 LL 9 0.15 77.91 25.26 0.70 42.41 78.36 17.73 1.16 124.42 68.03 39.77

z-
score

100 LT 5 0.25 67.28 21.34 2.96 86.61 70.63 25.55 2.20 87.09 64.41 27.11

Table 19. Comparison of norm methods and partition rate performance :(A2).

N-M S AF node L Partition rate (%)
75-25 80-20 85-15

MAPE R2 MAPE R2 MAPE
mean cv(%) mean cv(%) mean cv(%) mean cv(%) mean cv(%)

without 25 TI 13 0.75 9.40 103.57 18.66 92.85 15.16 60.20 37.96 88.14 7.52 72.90
decimal 25 II 3 0.35 3.88 200.98 19.20 130.89 6.59 140.05 57.32 76.44 1.81 177.63
median 25 TI 13 0.35 10.81 198.78 42.93 200.12 16.89 90.45 67.88 80.04 4.43 100.82
minmax 100 LL 9 0.15 0.87 123.43 82.29 14.03 0.58 32.39 90.08 9.96 0.51 24.89

z-
score

100 LT 5 0.25 4.16 95.78 77.68 19.00 3.80 106.00 90.51 6.36 2.23 47.71

4. Discussion
The assessment of hyperpameters in the construction of a 3-MLP model with the Levenberg Marquardt algorithm showed

that z-score and minmax normalization methods give a different reading of the neural network models performance. Z-score is
the better when the objective consist of assessing variability of the model while minmax leads to the construction of a model
leading to approximate more the characteristics of the data derived from an environment. However, we observed that there is a
relatively small difference in performance between them. This could be justified by the fact that these methods have partly in
common an interval [0.1] on which they limit the original values (raws observations) according to [21,22]. This performance of
z-score is due to the fact, according to [23]based on his study, the capability of z-score to transform data and maintains integrity
of separate samples from different experiments and laboratories without remarkable loss of information content because of its
skill to provide a way of standardising data across a wide range.

With respect to the minimum sample size (ni = 100) for training 3-MLP models, is not far off the one found by [20], i.e. a
minimum value of 100 versus 150. This sample size (100) on which [24] has assessed methods of dataset scaling has obtained
hightlight result. However, results that have been found out compare to those of [20] have shown a difference about type of
model architecture developed, i.e. the number of nodes at the hidden layer is 9 versus 6. This difference could be explained by
the resampling technique or the number of repetitions performed and on which each model expressed its performance.About
total number of node at hidden layer sinks a lot of anchor : the determination of formulas for calculating the number of nodes in
the hidden layer, which is a function of the number of nodes in the input[25,26].According to [27] the size of the hidden layer
neurons is between the input layer size and the output layer size.If this is insufficient then number of output layer neurons can
be added later on [25,26]. However, despite a number of those principles for determining suitable node at hidden layer, none is
universally accepted in context of estimating the optimal number of hidden layer nodes[28]. In the limit, one could rely on
heuristics to compute a number that can be used as a starting point for a search towards the optimum number of hidden layer
nodes [29].

With regard to partition dataset, according to [28], the use of too few training samples in neural networks is not favourable
to capture information contained in the data base as such, standard deviation and variance/covariance matrix hidden in dataset,
that means. High is sample size for training more model is accuracy. Those experimental conclusions are verified over study:
the higher the training rate, the better the model performs.
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It was found that when we have the logistic activation function at the hidden layer and at the output layer, the model is more
adequate. This result is opposed to the one of [30] which reveals that a model with Tanh at the hidden layer and at the output
layer simultaneously performs better. This difference in results could be due to differents methodologies applyied. However, in
[31] it has been applied for performance comparison of neural network training algorithm logistic function both at hidden and
output layer due to its strenghthen non-linearity.

It has been tackled over study varying learning rate, it figured out that applying a learning rate of 0.25 led to the best
performance of the model. That is in [22] learning rate of very high value implies a loss function that goes to the road of
increasing values when growing iteration number for synaptics weights updatin. In contrary, with low rate, this one goes
to the road of slow-convergence or non-convergence of loss function. Base on [32] that tackled problem of general effect of
learning rate and memorentum terms commonly encountered in learning stage for optimal network model configuration, came
at conclusion, based on experimental outputs, that when learning rate belongs to [0.2 ; 0.5] combine to momentum of around
[0.4 ; 0.5] , model supplied outstanding performance.

5. Conclusions
The configuration of a neural network or a 3-MLP model requires the choice of optimal hyperparameters for their high

performance,particulary in prediction contexts. Considering the above, applying a minimal sample size equal to 100 leads
to prove that minimax is the appropriate normalization method of the training data for the choice of these hyperparameters.
Furthermore, the logistic activation function( LL) followed by the hyperbolic-logistic function ( TL) have performed better.
An arbitrary choice with respect to the learning rates 0.15 and 0.25 could be applied as a starting point for the choice of
hyperparameters. However, we note a gap in our study, that of not being able to apply our results on real data in order to
distinguish between hyperparameters that have a relatively close tendency according to the normalization method and partition
rate with regard to the performance criteria. A perspective that is emerging on the horizon is that of evaluating the performance
of the 3-MLP model by varying the number of iterations that would be carried out by the LM algorithm for the optimization of
synaptic weights.
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Appendix A. Boxplots and tables

Figure A1. Interaction plot of activation function (AF) and LR on R2 and MAPE (next).
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Figure A2. interaction plot of activation function and learning rate on R2 and MAPE under me-
dian(next).
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