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Abstract: Based on the PLS-SEM structure, validation is required for each part of the model for the structural
model, measurement model and overall model. This study’s objective is to outline the measurement and
structural criteria required to develop the model. It also, presents a Robust Partial Least Squares-Path Modeling
(RPLS-PM) via. Winsorization which meludes the intemal and external models. The relationship between an
indicator variable and latent variables i1s depicted by the external model whilst the relationship between
exogenous latent variables and endogenous latent variables 1s recounted by the mternal model. The RPLS-PM's
outputs and mputs were derived by considering electricity generation data relating to Al-Zawya Steam Power

Plant, Libya.
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INTRODUCTION

Partial Least Square-Path Modeling (PLS-PM): Two
approaches can be described when the structural
equation model 15 considered for estimation of the
relations: the Covariance-Based SEM approach (CB-SEM)
which 18 widely employed 15 used chiefly to confirm
(or refuse) a theory (Haw ef al, 2016) and the
variance-based SEM (PLS-SEM) approach 1s used to
develop theories while conducting exploratory research.
The path models include few elements: the structural
model (denoted as inner model in PLS3-SEM) which
defines relations amongst the Latent Variables (L Vs) and
the measurement models (signified as outer model n
PL3-SEM) which defines the relations amongst LVs along
with their measures, 1.e., their ndicators (Garson, 2016). In
this context, two different types of measurement models
are considered: one for the exogenous LVs (1.e., the
constructs defining model’s other constructs) and one for
the endogenous LVs (1.e., those constructs explamed by
the model) (Joseph et al., 2014).

In this study, a new model s developed based
on the SEM and parameters are determined by
employing the PLS-SEM that make use of real data
concerming Al.-Zawya Steam Power Plant, Libya, taken
from the oil sector m Libya. This study emphasises on
SmartPL33 (Ringle ef al., 2015), since, it includes the
structural as well as measurement models for data analysis
which are also, freely available to the research community

worldwide. To mitigate or eliminate the impacts of
outlying data points, robust methods are employed.
Therefore, a new robust PLS-SEM Model 1s proposed in
this research which builds on robustification of the
covariance matrix employed m the classical PLS algorithm
(Cassel ef al., 1999). In this study, a robust estimator of
covariance 18 selected n  which Winsorization
(Winsor, 1895) 13 employed as an estimator to determine
covarlance matrix in multivariate data set to decrease
outlier’s permicious mmpact (Clark, 1995).

Data sources: Real data on power generation has been
used 1in this study which were gathered and compiled by
Al -Zawya O1l Refining Company’s Technical Department
in Libya (Gawedar and Ramakumar, 2016). These data
extend until 2016, Libyan governmental sources
(government reports lhke the Oi Survey of Libya)
including General Directorate of Power Plant and the
Energy Research Center are the key data collection
sources that also, support national capacities for data
collection (Giuma and Khiri, 2016).

MATERIALS AND METHODS

In this study, the variables used to develop and
evaluate the model include:

»  Output items: electricity (MW) and fresh water (m”)
generation
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¢ TInput data: the following key inputs are required in
this analysis

*  Desalination data: the amount of steam (tons per day)
and seawater (m*/day) needed to produce fresh water

¢+ Steam power plant requirements, steam turbine
(ton per day) and boiler (m’*/day of distilled water)

* Additive chemical: morphine (litre/day), phosphate
(kg/day), anti-scale (L/day) and hydrazine (I./day)

¢+ Maintenance and operation: average cost for
chemical treatment (LYD/day) and day of fuel
(LYD/day)

e Output items: fresh water (m’) and electricity
generation (MW)

* Input data: the mmportant mputs needed for this
analysis include the following

¢  Desalination data requirements which include:
seawater (m¥day) and the amount of steam
(tons per day) to produce fresh water

*  Steam power plant requirements: boiler (m*day of
distilled water) and steam turbine (ton/day)

¢+  Additive chemical: phosphate (kg/day), morphine
(L/day), Hydrazine (L/day ) and anti scale (L/day)

*  Operation and maintenance: average cost for day of
fuel (LYD/day) and chemical treatment (I.YD/day)

A robust and efficient estimator of covariance: The
Winsorized mean for jth vamable and the estimated
Winsorized covariance (Croux and Rousseeuw, 1992)
matrix between W, and W, variables are defined as
follows:

woo N 1
WJ_mZW (1)

W,
W= and Sy (W, W,)=
. 2
Wp
L S, w,-nw,w
(n-1)i= Bk Y

For developing an alternative for the variance-
covariance matrix, a robust estimator (the wmnsorized
estimator) represented by W has been employed m this
research in place of the usual mean vector. Also, the
inverse of Winsorized covariance matrix.

Su 15 used instead of the covariance matrix’s
wverse, since, the out liers can impact both the
covariance and mean. Thus, the new robust variance-
covariance matrix 13 employed for developing the Robust
Partial Least Square (RPLS) and 3, P, are the parameter
estimates that are written as follows:

— N
ZWQ“ (X1) = (Xl _W) S%;JQ“ (X1 _W) (3)
Where, 83, : inverse of the sample covariance matrix.

RESULTS AND DISCUSSION

Description of the model: A two-step model-building
approach was put forward by Anderson and Gerbing
(1988) which focuses on the analysis of two models that
are conceptually distinct, 1e., a measurement model and
then the structural model. The relationships amongst
measured (observed) variables as a result of the latent
variables are specified by the factor model or the
measurement model. Similarly, relationships amongst the
latent variables are specified by the structural model as
suggested by theory. In the arrow diagram presented in
Fig. 1, it is assumed by the researchers that a latent
variable (unmeasured) summarizes each block of the
manifest variables (measured) (Tenenhaus et al, 2005).
The researchers also recommended the symbols for
endogenous latent variables: steam power plant SPP(1),)
sigrifying steam turbine and boiler; DW(1),) denoting the
desalination urnits (steam and seawater), chemical additive
CA (1) referring to morphine, sodium triphosphate,
anti-scaleand hydrazine, the exogenous latent variables
denoted by the symbol OP (£;) which also, represents
chemical treatment and fuel costs, output (r,) is
represented by electricity and fresh water. The two
indicator variables y, and y, combine to form DW
and y,, y, for SPP. Four indicator variables v, v, v, and
ys (sodium triphosphate, morphine, hydrazine and
anti-scale) form CA. Two indicator variables x, and x, x are
included for the exogenous latent variable OP Model.
8,-0, signify the measurement error for DW, SPP and CA,
respectively. The w, and w, characterise the measurement
error for OP. In the final set, output deals with the
relationship between an endogenous latent variables (1))
and the indicator variables (y, and y,;) 8, and 8,, signify
the measurement errors for output. The measurement
models DW, SPP, CA, OP and output latent variables
(electricity and fresh water) are described by the sets
including endogenous variable which can be represented
as M, Mw vi (I=1, 2, ..., 10). Seawater, boiler, steam, steam
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Fig. 1: Structural model and measurement model of DW, SPP, CA, OP and output

turbine, morphine, sodwm triphosphate, anti-scale,
hydrazine and the exogenous variables that are described
as £, x, (1= 1, 2) (chemical and fuel treatment) fall under
measured variables, A, (1 =1, ..., 10) represent the correlat
ion coefficients between endogenous latent variables, w,
(1 =1, 2) and the indictor variables and the correlation
coefficients between the exogenous latent variable and
indictor variables. Also, according to researchers, £
signifies the error of estimate for the endogenous latent
variables, i =1, 2, 3, 4 while 8-8,, and &, €, form part of
the measurement errors and A,;, Asp, Q4 Qs Ass, Ay, Qo
A, A, and Q,, for the regression coefficients signifying
the endogenous latent and exogenous latent variables
(Vinzi et al., 2009). The following presents the overall
measurement and structural models of SPP, DW, CA, OP
and output.

The concept of input and correlation between them
can also be utilised for developing a model of electric
power generation. The results of research studies
conducted by Breeze (2008) and Cardona and Piacentino
(2004) were employed to formulate this model which
confirmed a significant correlation between DW SPP, CA,
OP and the output. The suggested model methodology 1s
described by using it with the real data pertaming to
electricity generation in the Libyan oil sector. The
following additive model is employed m the theoretical
study:

Ny = AN AN, FALN, +Ql4C1 +{ “4)

where the coefficient £, denotes the total factor efficiency
parameter referring to the composite primary factor mputs
1n this sector. Elasticity 1s generated with parameters. The
following describes the structure matrix pertaining to the
measurement model DW, SPP, CA, OP and output
(Ramayah ef al, 2016). The measurement model of
endogenous latent variable (DW):

MENUTH

The measurement model of endogenous latent

variable (SPP):
¥i | )“3 83 6
MR

The measurement model of endogenous latent
variable (CA):

¥s A 8,
¥s _ ;\‘ﬁ [n , ] + 86 (7)
Yo | | s 5,
¥s A 8,

The measurement model of exogenous latent variable

(OP):
MENGEY
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Fig. 2: The measurement model of DW
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Fig. 3: The measurement model of SPP
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Fig. 4: The measurement model of CA

The measurement model of endogenous latent
variable (output):
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Fig. 5: The measurement model of OP
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Fig. 6: The measurement model of output

The model mcludes five structural models, namely the
SPP, DW and CA as well as output structural models and
can be described as follows: the DW structural model is
expressed as:

f, =80, +h W7 +E (10)
The SPP structural model is expressed as:
h, = W2, +Z, an
The CA structural model is expressed as:
hy = Boh, W+, (12)
The output structural model was stated as:

N, = AMT]I+A241’]2+A341’]3+Q14C1+C4 (13)

Figure 1-9 presents the overall measurement and
structural models for DW, SPP, CA, OP as well as the
output.
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Fig. 7: The structural model of DW
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Fig. 8: The structural model of SPP
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Fig. 9: The structural model of CA

Fig. 10: The structural model of output
CONCLUSION

Figure shows the path diagram for an ideal
RPLS-PM Model. In the general factor analysis
framework, terms such as unidimensional measurement
and simple structure are employed to represent the model
meeting two conditions: a subset of indicator variables
defines each latent variable which are considered as
strong indicators for latent variable and there is a strong
relation amongst each indictor variable and other latent
variables. This studies prime focus is on a new model
development based on the Winsorization augmented with
RPLS-PM to determine parameters. The application of real
data gathered from the o1l sector mn Libya 1s employed for
llustrating this developed methodology. This model also,
depicts the structural relationships existing with the
outputs, based on generation of inputs via. generation of
electricity mn AL-Zawya Steam Power Plant, Libya.
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