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Abstract: Humanin and its derivatives are considered as neural cells protecting agents against pathological proteins such as the amyloid protein
precursor that causes the alzheimer‘s disorder. The precise prediction of the properties of humanin in high performance liquid chromatography (HPLC)
optimization method is of paramount importance. Therefore, to achieve this the development of resilient and satisfactory computational intelligence tools
is crucial. In the current study, the comparative potential performance of adaptive neurofuzzy inference system (ANFIS) and multilinear regression
models. The outputs given by the ANFIS and MLR models were compared with the experimental values through two statistical evaluation indices NashSutcliffe efficiency (NC) and Mean squared error (MSE). Graphical illustrations such as scatter plot and time series were employed to compare the
performance of the models. The results of the study indicated that ANFIS outperformed MLR for predicting the maximum retention time (tR max) and
resolution of humanin and its derivatives in HPLC optimization method development. Equally, ANFIS showed the highest value of NC (0.9999/ 0.9992)
for tR max and (0.9998/ 0.9994) for resolution in the training and testing stages respectively. Similarly, ANFIS indicated lowest values of MSE for tR max
and resolution in both the training and testing stages. The comparative analysis of the result demonstrated that ANFIS as a promising non-linear artificial
intelligence based model found to be more reliable and suitable for predicting the performance of humanin and its derivatives in HPLC optimization
method development.
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1. INTRODUCTION
Generally, humanin as well as its derivatives are
considered as neural cells protecting agents against
pathological proteins such as the amyloid protein precursor
that causes the Alzheimer‘s disorder. Alzheimer‘s disease
is one of the neurodegenerative diseases that composed of
cognitive disorders as well as dementia. The curing of this
disease is of vital using agents such as humanin and its
derivatives [1]. Therefore, the analytical determination of
humanin and its derivatives is of paramount importance.
Even though these agents have been studies and
examined in the literature. Regarding the peptide bond
separation, the reverse phase ion-pair high-pressure liquid
chromatography (HPLC) with the used of trifluoroacetic acid
(TFA) as the mobile phase is usually used to serve as an
alternative over the ion-exchange liquid chromatography
[2]. In the optimization method using HPLC technique, the
vital and significant aspect is the achievement of sufficient
separation for all the derivatives within a sound time.
Longer analysis time is the major problem of elution, which
can be resolved using a gradient elution system. Generally,
many samples cannot be separated successfully through
the applications of isocratic conditions but rather through
gradient elution method (also known as solvent
programming): which involves changing the composition of
mobile phase during the separation process in order to
progressively reduce the retention of the sample [3].
Simulation with regard to the optimization of various
chromatographic conditions such as the composition of the
mobile phase (concentration of organic modifier), pH, and
the temperature is important to achieve a good resolution
[4]. The mathematical approach to accomplish such a goal
is defined as optimization. This method involves the
optimization of pH, which gives better selectivity due to the
degree of ionization of the solutes, the mobile phase, and
stationary phase additives, which might affect the pH. It

also focuses on optimizing the composition of the mobile
phase, which is the ratio of the water and the organic
modifier.
Moreover,
the
optimization
various
chromatographic factors such as the composition of the
mobile phase and column temperature are very important in
obtaining sufficient resolution. Considering the high number
of factors that influences separation, it is very difficult as
well as time consuming in reaching the desired separation
conditions, more especially employing the single parameter
optimization method, which involves changing of one
parameter in a time while other variables are kept constant.
Now a day, the global optimization approach through
coupling the experimental and data driven approaches has
been used. This coupling is done according to the suitable
experimental design, whereby the optimal separation
conditions are simulated using artificial intelligence (AI)
based models by employing the output and input variables
of the experimental studies. The applications of AI based
models in the area of chromatography has been reported in
the literature. For example, Zeng et al., described the
qualitative prediction of a rare Chinese herbal medicine
known as Tetrastigma Hemsleyanum using a combination
of principal component analysis (PCA) and Adaboost
method with logistic regression (Adaboost -LR) in HPLC
method development. The combination proves the reliability
of these models in determining the origin of this herbal plant
[5]. Also S. Agatonovic-Kustrin et al., [6] reported the use
of neural networks for HPLC optimization response surface
models compared with multiple regression (MLR) methods.
Many studies based on the applications of data driven
models on HPLC optimization method development can
equally be in [7],[8],[9], [10], [11], [12], [13], [14], [15], [16],
[17] from the literature. Considering the previous related
studies conducted in the technical literature, it is a proof
that AI-based models are promising, satisfactory and
reliable tools in chemical and chromatographic modelling
methods. This study employs the comparative application of
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AI-based model inform of adaptive neuro-fuzzy inference
system and a classical linear model (MLR) for modelling the
maximum retention time (tRmax) and resolution of humanin
and its derivatives in HPLC optimization method
development . The study involves the use of mobile phase
inform of acetonitrile (ACN) and trifluoroacetic acid (TFA)
and column temperature as the input parameters.

2. MATERIAL AND METHODS
2.1 Proposed methodology
In this study, an AI-based model informs of adaptive neurofuzzy inference system and a classical linear model (MLR)
for modelling the maximum retention time (tRmax) and
resolution of humanin and its derivatives in HPLC
optimization method development. The data of this study
was collected from previous experimental studies
conducted by [1]. In this context, tRmax and resolution of
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humanin derivatives were modelled by employing various
input variables inform of concentrations of acetonitrile
(ACN) and trifluoroacetic acid (TFA) and column
temperature. Though other chromatographic variables can
be employed or be simulated using similar approach.
Practically, it is hard to determine a single data driven
approach that has higher performance over other models in
simulating various chromatographic properties. It is
therefore very difficult to choose a specific model in a
certain study by modelers. The motivation of this proposed
technique is to predict the maximum retention time (tRmax)
and resolution of humanin and its derivatives in HPLC
optimization method development using the concentrations
of acetonitrile (ACN) and tsrifluoroacetic acid (TFA) and
column temperature as the corresponding input variables.
Fig. 1 demonstrated the flowchart of the proposed
methodology.

Fig. 1. Flowchart of the proposed methodology
2.2 Adaptive neuro-fuzzy inference system (ANFIS)
Even though, ANNs tools are one of the broadly use AIbased model which is motivated by copying the brain of
human being, as a result of its resilience of mimicking with
a high complex connection between the input and output
models of the data collections [18]. ANFIS has been
demonstrated to be a successful software that incorporates
the approach of the fuzzy Sugeno model that benefits from
both fuzzy logic and ANN in one system. ANFIS has been
recently used in predicting and modelling complex datasets
[7].ANFIS is also a real-world estimator because of its
capacity to approximate real functions. Fuzzy logic converts
the input data into fuzzy values via the application of
membership functions. The numbers range between 0-1

[19]. Furthermore, in the ANFIS model, nodes work as
membership functions (MFs) and also allow the modelling
between the relations of the input with the output. Assume
the FIS contains two inputs ‗x‘ and ‗y‘ and one output ‗f‘, a
first-order Sugeno fuzzy has the following rules.
Rule 1: if μx is A1 and μy B1then f1= p1x+q1y+r1
(2)
Rule 2: if μx is A2 and μy is B2 then f2= p2x+q2y+r2
(3)
A_1, B_1,A_2,B_2 Parameters are membership functions
for x and y inputs
p_1,q_1,r_(1,)
p_2,q_2,r_(2,)
are
outlet
function
parameters. The structure and formulation of ANFIS follows
a five-layer neural network arrangement.
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Fig. 2. The architecture illustration of ANFIS model
2.3 Multi-linear regression (MLR)
Multi-linear regression (MLR) is the commonest linear
method employed by modelers in predicting different
variables as used in different field of study in science,
engineering, health science and social sciences. It aids in
understanding the linear relationship between the predictor
and the input variables [20]. It explores the interaction
between the variables and describes the relationship
between them by keeping the independent variables fixed
and varying one. Nourani et al., (2020a), can correlate the n
regressor variables and the dependent variable y:
y= b_0+ b_1 x_1+ b_2 x_2+ b_3 x_3+⋯+ b_i x_i+ξ
(4)
In Equation 4, x_i represents value of the i^th predictor,
b_istands for coefficient of the i^th predictor, b_0 is the
constant of regression and ξ is the error term.
2.4 Performance criteria indices and validation method
for data-driven models
Usually, for any form of data-driven approach, the
performances of the models are evaluated through different
criteria based on a comparison between the simulated and
experimental values. In this work, the Nash-Sutcliffe
coefficient (NC) as a goodness-of-fit (RMSE) and meansquared error (MSE), were used for the evaluation of the
models:

∑

[

∑

[

]
̅̅̅̅̅

]

(5)
MSE = ∑
(6)
Where N,
, ̅ and
are the data number, observed
data, average value of the observed data and computed
values, respectively.
For the validation technique, different types of validation
methods can be applied such as cross-validation (i.e., k-fold
cross validation), holdout and leave one out. In this work
the k-fold cross-validation is used, which is regarded as the
process employed in order to reduce the problems of
overfitting. In this technique, the initial data set is
categorized into same-sized subsets of k [21]. From the k-1
data subsets, one will be retained and employed for
validation purposes and the remaining subsets will be
maintained and utilized for training purposes [22]. Thereby,
the validation will be repeated in k-folds [20]. The result of
these alternations is considered as the average of the
validation efficiency of the k-subsets. Generally, k-values
are determined via the sample availability, mostly from 210. One of the major advantages of the k-fold cross
validation process is that in each round, the training and the
validation set are independent from each another. This
leads to a performance objective that provides a good
foundation for the model optimization [23].

Fig. 3. Demonstration showing the k-fold cross-validation [24].

112
IJSTR©2020
www.ijstr.org

INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 9, ISSUE 08, AUGUST 2020

3.
APPLICATION
DISCUSSION

OF

RESULTS

ISSN 2277-8616

training of the data in the models, the data set were
statistically evaluated as seen in Table 1, these analysis
were done generally in order to understand the nature and
behaviour of the data prior to the modelling.

AND

The models (MLR and ANFIS) were analysed in order to
predict the qualitative properties of humanin and its
derivatives in HPLC optimization method. Before the

Table 1. Correlation and statistical analysis
Correlation Analysis
ACN

TFA

Tem.

tR (max)

Resolution

ACN

1

TFA

0.001912

1

0

0

1

tR (max)

-0.58953

0.667744

-0.10871

1

Resolution

-0.49755

0.596748

0.114871

0.469788

Tem.

1

Statistical Analysis
ACN

TFA

T

tR (max)

Resolution

Mean

32

0.0697

35

18.2131

14.5043

Median
Standard
Deviation

32

0.07

35

11.375

15.46

1.9169

0.0187

11.4076

17.4756

3.9957

Minimum

28.6

0.036

15

2.98

6.48

Maximum

35.4

0.1

55

62.2

20.96

The correlation analysis was employed in order to
demonstrate the relation that exists between the
parameters, which is shown using a linear function. The
correlation strength does not depend on the sign or the
direction. Positive sign shows that an increase in the first
variable will lead to a direct increase to the second variable,
while a negative sign demonstrated an inverse relationship
between the first and the second variable. It can be seen
from table 1 that there is higher correlation between TFA
and the output variable tR (max) and Resolution with a
correlation value of R=0.667744 and 0.596748.
3.1 Results of the data driven models
The performance skills of the data driven models are

demonstrated in table 1. Based on the comparative analysis
of the models, it can be observed that all the two data
driven approaches have the ability of predicting the tR
(max) and resolution of humanin and its derivatives using
HPLC technique. However, ANFIS gives superior and
higher alternative as compared with MLR in both the
training and testing stages as far as the performance
evaluation indices used in the studies NC and MSE are
concern. However, the performance accuracy of the models
in terms of NC indicated that ANFIS outperformed MLR
model and boost its performance accuracy by 26% and 5%
for modelling of tR (max) and Resolution respectively in the
testing stage.

Table 2: Results of the MLR and ANFIS models
Training

Testing

NC

MSE

NC

MSE

ANFIS-tR(max)

0.9999

0.0029

0.9992

0.0991

MLR-tR(max)

0.8484

96.8501

0.7375

31.4717

ANFIS-Reso.

0.9998

0.0337

0.9994

0.0337

MLR-Reso.

0.9732

5.7025

0.9533

5.7025
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3.2 Comparison for MLR and ANFIS models
The comparative performance of the results can be equally
demonstrated using a scatter plot. From Fig. 4 it can be
observe that ANFIS is more robust as compared to MLR in
modelling the qualitative performance of humanin using
HPLC technique. Close comparative analysis of the plot
shows the strong agreement between the experimental and
simulated values were associated with the ANFIS model.
Further comparison of the mean square error (MSE) is
equally shown in Fig. 5. It is worth to mention that the errors

from both models (MLR and ANFIS) were within the
acceptable range in both the training and testing stages,
except in modelling of tR (max) using MLR model, even
though the performance of ANFIS is much higher as
compared with that of MLR. This verified that the non-linear
model has the ability of capturing the complex and chaotic
system in the simulation of tR (max) and Resolution in
HPLC optimization method development. This was in line
with the studies of [25],[26].

74
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Fig. 4. Scatter plots for MLR and ANFIS for tR (max) and Resolution in HPLC optimization method development
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Fig.5: Comparative analysis of the performance error of the data driven approaches

Measured values

More also, Figure 6 demonstrated the time series response
plot for modelling the performance of both tR (max) and
resolution in HPLC optimization method development. The
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extent by which the values were spread i.e between the
observed and predicted values has proved table 2 above.

7

8

9 10 11 12 13 14 15 16

Times series
(a)
Actual-tR max

MLR-tR max

ANFIS-tR max

115
IJSTR©2020
www.ijstr.org

Measured values

INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 9, ISSUE 08, AUGUST 2020

ISSN 2277-8616

25
20
15
10
5
0
1

2

3

4

Actual-Resolution

5

6

7 8 9 10 11 12 13 14 15
Time Series
(b)

MLR-Resolution

ANFIS-Resolution

Fig. 6 Time series for (a) tR (max) and (b) Resolution in HPLC optimization method development

CONCLUSION
The current work explored two different data driven
approaches, consisting of classical linear model (Multilinear
regression analysis (MLR)) and a non-linear model inform
of Adaptive neurofuzzy inference system (ANFIS) for the
simulation of the qualitative properties of humanin and its
derivatives using tR (max) and resolution in HPLC
optimization method development. The study employed the
use of mobile phase and column temperature as the
corresponding input parameters. In this work, the data were
obtained from previous experimental designed published in
the technical literature as discussed in chapter two. Based
on the comparative predictive analysis of the models, the
result obtained proved the efficiency of ANFIS as a nonlinear model over MLR with a considerable and satisfactory
performance accuracy. With regard to the goodness of fits
in terms of NC the ANFIS model outperformed the MLR
model and increase its performance skills by 26% and 5%
for tR (max) and resolution respectively. Generally, the
artificial intelligence based models displayed higher
performance accuracy as compared with the classical linear
approaches and are therefore regarded satisfactory and
reliable tools for modelling the performance of humanin and
its derivatives using HPLC technique. The results equally
indicated that other non-linear model, optimization methods
as well as other techniques such as principle component
analysis (PCA), genetic algorithms (GA), ensemble
technique and hybrid data driven algorithms etc can be
employed in order to ascertain the performance accuracy of
the models. Conflict of interest: The authors declared that
there is no conflict of interest in submitting this work
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