P_Q,.ﬂ Q’l’z)

Z Wiz /‘;

/Rm

_, \ -
- , ( O
N7
Nermala etal / Contemporancity of Language and Literatuse in the Robotized Millensinm 411). 2032, 6379 \
1 l i

Contemporaneity of Language and Literature in the Robo 11,ed
Millennium
Vol: 4(1), 2022
REST Publisher; ISBN: 978-81-936097-3-6
Website: http://restpublisher.com/ book-series /clirm/

;‘x'/

.

"Top E-Learning Websites for Knowledge Seekers: A
Comprehensive Selection Guide"

*. . .
Nirmala Shivram Padmavat

Nutan Mahavidyalaya Selu, Maharashtra, India.
*Corresponding Author Email:drnspadmavat@gmail.com

Abstract: E-Lcarning Websites for Knowledge Secckers: A Comprehensive Selection  Guide.
Introduction: The choice of e-learning websites is essential for those looking for online education. Given
the wide range of platforms accessible, considerable thought should be given to aspects like course
variely, cost, interactive features, user reviews, and website repute. A wisely designed e-learning
platform can open up a world of information and learning opportunitics. Research Significance: The
choice of c-learning websites has a big impact on research since it affects how successful and efficient
online learning experiences are. Learning engagement, contentment, and academic success can all be
improved by having a clear understanding of the standards for selecting dependable, user-friendly
systems. This study's findings can help educators, organizations, and students choose the best e-learning
platforms for their needs. Methodology: A decision-making strategy called the weighted sum method
produces a weighted total to rank options according to how well they perform against various criteria.
Alternative parameters: Sitel, Site2, Site3, Sited4, Site5, Site6 Evaluation parameters: usability,
reliability, portability, personalization, learning community Result: From the results it is seen that Site 4
Stands on the top of the table by securing the 1% rank which was acquired by using WSM method.
Conclusion: The first ranking is obtained by having the lowest preference score.

Keywords: E-Learning, Fuzzy Logic, WDBA, COPRAS, ranking criteria.

1. INTRODUCTION

E-learning is a term describing a contemporary method of teaching and learning that makes use of electronic
media, notably the intemet, as a means of disseminating information. Through the use of virtual classrooms and
network-enabled tools, it departs from conventional classroom-based learning. E-learning is essentially the use
of digital platforms and web-based learning tools to deliver instruction to students via digital channels including
computers, CD-ROMs, the internet, and DVDs. The emphasis is on utilizing technology to streamline the
delivery of education and produce engaging learning environments for students (Mahanta & Ahmed. 2012). The
concept of e-learning is basced on this movement towards electronic media, such as computers and the internet
(Covella & Olsina Santos, 2002). [1] Information technology has had a significant impact on schooling. The
teaching and learning process is being revolutionized by e-learning, a new technology created by web
developers. For the purpose of knowledge acquisition, it makes usc of electronic media including the internet,
video/audio tapes, and intranets. E-learning refers to educational activities carried out on networked computers
and other electronic devices, enabling higher education students to learn whenever and wherever they want
without having to physically visit academic institutions. E-learning and remote learning are synonymous due to
the flexibility and freedom (o learn outside of the traditional classroom setting. [2] With its accessibility,
affordability, and high-quality learning opportunities, e-learning is becoming a more popular way of instruction.
Research emphasizes the significance of elements including study modules, user interface, and support in
determining the cffectiveness of c-learning. With the use of multimedia tools and graphical animation, c-
Jearning platforms play a significant role in delivering interesting content. Organizations arc using c-learning
services more frequently, and renowned colleges provide free course materials. With the proliferation of
cducational websites, selecting the best platform is essential. This study suggests using the PIV approach to
resolve the selection problem [3] On analyzing, choosing, and ranking e-learning websites. extensive study has
been done. It has been suggested to employ a number of characteristics and criteria, including as staft support,
interactivity, credibility, quality assurance, learner assistance, content quality, and user-friendliness. Different
approaches have been used, including fuzzy axiomatic design, AHP, and distance-based approximation.
Influential factors include ones like dependability, culture, uscfulness, and support. These studicy
enhance user happiness and e-learning results while taking into account elements like system quality
stability, and accessibility. [4] This study paper suggests a novel method for assessing and choosin
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websites termed Tingwstic hesitant fuzzy TODIM (LUF-TODIM). The method miakes use (,.!.h,"g;lf‘]“f;‘tl\.l[{
hestant tuzzy sets (fl{l-‘Sx) to deal with the ambiguous assessment data that C\'pL‘H_S supply. I.hc “‘P‘}mf(l ntLi o
Worst Method (BWN). which uses a constrained optimization model 1o determine the \_\'Clghf-“ of ‘3“‘; “ “_
crtena, s also muroduced in this study. To further rank the ¢-learning websites and dc(crx‘mnc which th. ..m‘\(t '()f
network teaching is, a modified TODIM approach is offered. An actual case is used to |Hnstmt‘c tl|u:I11>’L 0 'I l‘L
LHE-TODIM model. and a comparison is made to show the benefits of the suggested ljlctlll(»tl for ev .l]ll.lllll% L:
lcarming websites. [5] E-learning has become a popular and economical way ol education in the Con(cm.por.'lr.):
environment, enabling learners' flexibility and accessibility. Effective techniques of evaluation and SCIFCKIOI.I ‘ng‘
required as a result of the popularity of ¢-lcarning websites. The COPRAS, VIKOR, and WDBA m_uln.-ultnl{utu
decision-making approaches are used in this study to tackle this issue. These approaches have benc'flls IITC!U‘d.m(o'
simplicity, adaptability in weighing selection criteria, and capacity for handling a huge number of P0>;5'b'““_cs'
The study uses these techniques in an effort to offer a method for determining and choosing the best L-Icnml.ng
websites. [6] The growing use of E-learning websites in academic institutions today has presented students with
a difficult choice: "How to select the best E-lcaring website?" Multiple criteria are employed to_analyscs and
rank the options in this problem. which has been classified as a MADM problem. MADM strategics have b_CC”
shown to be successtul in resolving difficult real-world issues and can otfer decision-makers thorough .rzml}'mgs
of potential options. The current study emphasizes the requirement for a [ramework to solve the ranking issue
with E-leamiig websites utilizing MADM methods. Even though techniques like AIP, TOPSIS, VIKOR, and
WDBA have been used in xhis‘silualinn. they have several drawbacks including high complexity and SIf)\V '
exceution. Academics, administrators, and others would benefit from an cffcctive sclection of c-learning

websites. [7]The goal of this study was to determine the best selection criteria for c-learning websites. Th}cy

came up with 45 selection criteria in total, which they divided into two primary categories: quality
considerations and E-leamning-specific ones. To organize these criteria, a six-level hicrarchical framework was

created. While the second level included the two primary criteria. the [irst level indicated the goal of choosing

an c-learning website. Ten sub-criteria and 35 sub-sub-criteria were present in the third and fourth levels,
respectively. In order to assess the relative importance of each criterion, the priority weights have to be

calculated at the fifth level, The final level of the hicrarchy concentrated on choosing the top e-learning website

according to the established criteria. [8]Given that selecting the best website requires taking into account a

number of difterent factors, the selection of websiies is in fact a muli-attribute decision-making (MADM)

problem. On the basis of their unique issucs and goals, various researchers have carried out mvestigations in this

field using various MADM techniques. For instance. the Analytic Hicrarchy Process (AHP) was used in one

study to choose the top website for online advertising while taking into account five different factors. AHP was

utilized in another study to assess relative weights and Grey Relational Analysis (GRA) to rank alternatives

when choosing internet advertising networks. In a related study, the Fuzzy Analytical Hicrarchy Process

(FATIP) was used to assess the quality of e-commeree websites, and the Fuzzy Set Theory and Technique to

Order Preference by Similarity 10 Ideal Solution was used (o pick mobile commerce websites.[9]Various facets

of leaming efficacy. performance, user experiences, and perspectives have been examined in previous e-learning

studies. These research' main conclusions are as follows: Douglas and Van Der Vyver tested the effectiveness of

c-learning for off-campus swdents by giving them access (o all of the text's multiple-choice questions and

answers. Performance on multiple-choice and theory questions in the final test was enhanced as a result of the '
strategy. In-a conventional. instructor-led graduate course, Capel and Hayne looked into users' prior onlinc

learning experiences, satisfaction. perceived clfectiveness. and quality of online learning units. They looked at

consumers' happiness and opinions ol seli-paced independent study courses’ efficiency. Huang and Capel

assessed the effectiveness. level of pleasure. and perceived advantages of online educational games. [10]The

development of information and communication technology has completely changed the way that knowledge is

acquired and shared. revolutionizing the tield of education. As a result of educators realizing the potential of

web technology. e-leaming platforms are now widely used all over the world, The issue for school
administrators is still getting people 1o use their e-learning programmers. It's important for c-lcaming websites

1o have strong usability so that users may interact with (he platform in a natural-and spontaneous way. This

study used Shackle’s usability paradigm and created a survey questionnaire to evaluate usability attributes. The

South Eastern University of Sri Lanka (SEUSL) linal-year undergraduate population. which included both

scasoned and novice users of e-learning websites. participated in the survey. According to the study's findings,

the results were not signiticantly impacted by the students' level of familiarity with c-learning websites. whether

they had some or none at all. Tl
promoting nawiral and spontay

study did, however, support the importance of usability characteristics in
ous interactions with e-learning platforms. [11] There is a lot of potential for
ents on a bigger scale by integrating information and communication technology
(1CTY with fearni opcsses through online courses. For instance, using multimedia in problem-based learning
iging sitwations can inspire and interest students while also promoting the growth of
gAbilitics. An and Regolith emphasize the fact that even while working on the same problem,

engaging and involving siy

severaf Atndent’eroups may have distinet learning needs, interests. and problem-solving strategics. By enabling
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participation in the qu;“iny -’r;)C ’leu }u..s_c varying ncud.f. Ih.csc interactive components 1r(su;;‘_'_1§.:.:.‘ cnt
be just as beneficial as ll"u.li‘lion»LlM .m;‘{nalfc it more mlcrcs‘lmg, Studies have shown that online 'cd'ucuutm can
and Terder, it i CS‘«‘:nli‘qI L ‘.1 m(.}:ﬁ of education, and in some cascs even more so. /\ccordmg lo Sll;n'\'cs
leaming courses. I:ll‘lm'c ‘mcr\.f”““‘lz;.t1‘&1.11(] the 'L!cm’un(ls ol potential Sll{l(lcnl.\' while (lcyclop.l[]g, clfective c-
slltesi e, wesltiog ‘ini |,1u l.sl 'L’.l.n.bc cl[ccl.wcly met by c-lc.'||'p||ng courses by I(ICI.\ll(ylllg them n'ml
pl'()gm”m}crs h:\‘\'c ‘opcnf;d y i tle(?(‘)(wuumng cxperience, Furthermore, it's cm'lcal to recognize [Imt'c-lcurnn}g
30 i rolin iy, e ‘np‘ acu‘:sls‘ o (|‘u:\|1ly education fof' those \Yl\() fmghl not have otherwisc hnd. it
(hanks to: e-leamning ()lchr'TH w‘uln.l't.fu.d ol).sl‘;\cl‘cs 1o cducation in other situations now }1z}vu aceess m'c(lucuu'on
learning CX]?CI‘iCIlccs'll\'ll cv;l [ u %].mll‘mg programmers I‘H‘I.VC the potential to 'hc participatory and interesting
cdncuﬂ?»n,[ ‘2'“:'|C'\lrni|; , ;(l )% -hll‘o.lt.(l‘l(.),lhc needs ol different i\'ludcnls :u}(l give them aceess o Ing'h-q.uu]ny
fearine: £l 1 by g, § n.mum.u referred o as C()mpl‘ncr-:nsmslcd Ic;n'nmg, Web-based Icarning, (’h.slnbulcd
dctlivcr‘-;m:m“[‘i;nLkz‘il::g. O,l. llFlﬁ‘l‘ncl-busc(! I':n'nmg,. refers 1o a .numbcr of ways l‘llill lcclmolog)j is usc«! N
_ ation, puter-assisted learning and distance learning are the two primary types of c-learning.
}JS.{n.g computers o dcli‘v.ur stand-alone multimedia packages for (caching and learning is known as computer-
e{) tl‘li'hc‘h(l)?lxl::i‘;[lill.::zl(;?'l]}]-I~](|I\>,I~LI‘:lul I?urning cxpcricncgs arc often the main focus f’f Lhi.si method, wh'ich also makes
! I resources Lo improve the teaching material On the other side, distance learning uses digital
lCChn.()logy lo give education to students who are spread out geographically. 1t enables students o aceess
learning resources and take part in sessions remolely, typically from a central location. Teleconferencing, chat
rooms, discussion boards, and instant messaging services like Microsoft MSN, Yahoo Messenger, and Skype
are Jl}sl a few of the communication tools that can be included into distance learning. Academics now usc c-
lcm.'mng extensively, so there is a rising demand for formalized rules to help instructors create, manage, and
mznnt'nin their e-learning programmers. The quality of the information may vary duc to the large range of ¢-
learning systems that are offered on the market. While there is some fantastic video available, there is also a
sizable amount of subpar content. To better serve the needs of content creators, cducators, and students, it is
necessary 1o fix the gaps in current e-learning services. In conclusion, e-learning includes a variety of methods
and strategies for teaching while wtilizing technology. Although c-learning has become more popular in
academia. it still needs standardized norms and needs its service and content shoricomings to be filled.[13]

2. MATERIALS & METHODS
Selection of E-Learning Websites: c-learning websites that provide high-quality, accurate, and up-to-date
content. The courses, lessons, and materials should be well-rescarched, professionally presented, and aligned
with vour learning objectives. Variety of Courses: Choose c-lcarning platforms that offer a wide range of
courses and topics. This ensures that you have access Lo diverse learning opportunities and can find courses that
match your interests and learning needs.
Usability: Uscr-Friendliness: Usability is closely related to the coneept of user-friendliness. A system or
product is considered usable when it is intuitive and casy Tor users to interact with. Tt should require minimal
’w cffort for users 1o understand its functionality and accomplish their tasks cfliciently. Efficiency: Usability plays
g a crucial role in improving efficiency. A usable system enables users to complete tasks quickly and accurately.
without unnecessary delays or errors. Well-designed interfaces, clear navigation, and streamlined workilows
contribute to increased productivity and user satisfaction.
Reliability: Consistency: Reliability refers o the consistent performance ol a system or product over time. A
reliable system delivers consistent results and behavior. without unexpected or unpredictable variations. Users
can depend on the system to perform reliably under dilferent conditions and usage scenarios. Availability:
Reliability also relates to the availability of a system. A reliable system is accessible and operational when users
need it Tt minimizes downtime, system failures, and interruptions, ensuring that users can rely on it 1o be
consistently available and accessible.
Portability: Platform Independence: Portability refers to the ability of a system or software to run on different
platforms or operating systems without requiring significant modifications. A portable system can be casily
deployed and executed on various hardware or soliware environments. ensuring compatibility and Nexibility for
wsers. Code Reusability: Portability ofien involves designing and developing software components in a modular
and reusable manner. By separating platform-specific code from the core functionality, developers can create
portable code that can be casily adapted and reused across different platforms. This approach saves time and
effort in developing and maintaining separate codebases for cach platform.
Personalization: Customized User Experience: Personalization allows tailoring the user experience 1o
individual preferences, needs, and characteristics. By collecting and analyzing user data, such as browsing
behavior, purchase  history, or demographic information,  personalized  systems can deliver  content.
recommendations, und services that align with the user's specific interests and preferences. Adaptive Interfaces:
Personalization enables the adaptation of user interfaces based on user profiles and contextual informati
Interfaces can be dynamically adjusted to suit the user's language, accessibility requirements. d
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3. WEIGHTED SUM METHOD (WSM)
the weighted sum method.

ently concentrates on the
The weighted

A approach that s frequently used to solve muli-objective OpURIZALIon 1SSUCs 15
Althougt it has been wsed extensively in many different sectors, the literature frequ
apphcation dselt rather than ;Il];ll\/lll;_' the method m detail or taking preferences mnto ncunAml. e
PPHETon 8¢ 1 e , renllv restricted to 1ssues with just two objective
sim approach has many apphications. although they ‘.uc’lyplull.)', uslnstu - s 1 the weighted sum
fanctions By methodically altering the weights, Koski and Stlvennomen (1987) use w e 5

X : Thaie 41aem od reducing a four-bar space USSS
approach 1 create several Parcto optimum solutions. Their use nvolved reducing | s
volime and nodal displacement. The technique was also applied by Kassaimah etal. (1995) to the “‘:""“ "3“' o
aptimization of Taminated plates. They sought to reduce deflection while increasing the c!'mcu! bud\.lln:‘ s n
stress Although several weighting schemes were taken mto account, and the ussou':l(cd S(.’l.““o”,ﬁv\;'u:]
contrasted. the method wsell and the expression ol preferences were not completely ilx\"CSl'!:"“lCd' I'he “%"‘;.i m”
sum approach was used by Proos et al. (2001) o optimize the topology in (Wl)-dimCI'ISI()nzl| plu.nul stress
sttuations. They sought to increase the nataral frequency's first mode while minimizing compliance. To
accurately depict the Parcto ideal set. the weights were changed. A weighted sum was uscd b)" Saramago ;m.(l
Steffen (1998) in their optimization-based method o combine two objective functions and forecast robotic
moton, They were irrelevant 1o the decision-making process because the weights in their case Imd'lh‘c same
value. In conclusion. the weighted sum approach has been widely applied in multi-objective np(m‘uzal’mn.
although rescarch on the method itself or the expression of preferences has not received as much uncm.lon. The
supplicd examples demonstrate its use in a variety of optimization problems with two objective funcll(ms,’blll
additional study is required to see whether it can be applicd to more challenging issues and take preferences into
account [1[The method tor bi-objective optimization that is cffectively introduced in this paper establishes a
Pareto front and can he expanded to cover multiple abjectives. Traditional weighted-sum techniques, which are
frequently employed m multiobjective optimization, have drawbacks include creating solutions that arc
unevenly distributed along the Pareto front and Failing 1o identify solutions in non convex regions. By adaptively
altering the werahts among the objective functions to concentrate on uncharted territory, the suggested method,
known as the adaptive weighted sum method. addresses these limitations, This method dynamically moditics the
weights while the optimization process is taking place, in contrast to the conventional approach, which depends
on a priork werght selections. In order o direet the search towards promising arcas, it also contains extra
mequality constramts, By contrasting the adaptive weighted sum method with aliernative approaches in two
numenical examples and o straighttorward steuctural optimization issue, the study illustrates the usefulness off
this approach, The findings demonstrate that the sugyested strategy effectively neglects non-Pareto optimal
solutions while productng well-distnbuted solutions along the Parcto front and identifying Parcto optimal
solutions even m nogconvex regions. The use of equality constraints in the Normal Boundary Intersection
approacii which results i the inclusion of non-Parcto optimum solutions, 1s also highlighted as a potential
weakness e the rescarch, The proposed approach incorporates inequality constraints to get around this
restriction. Overall the vesearch mtroduces areliable bi-objective optimization methodology that outperforms
more established weehniques, The exhibited results contirm that the proposed adaptive weighied sum teehnique
is efficient i locuting well-distributed Parceto optimal solutions, including those in non convex regions, while
ignoring non-Pareto optinal solutions.[ 2]When there is only one criterion 1o be optimized, single-dimensional
issues are frequently solved using the Weighted Sum approach. By calenlating the weighted sum of the eriterion
values for cach aliemanive, the best alternative can be identilied in these situations, The Weighted Sum
approach, for instance. determines cach alternative's score as the product of its actual values for cach eriterion
and the accompanying weights when there we e alternatives and neriteria, The option that maximizes this
score s the ideal one, T0is more ditficult 1o use the Weighted Sum approach for multi-dimensional decision-
making, though Tn wlllnin situations, 1t may be dilficult to direetly combine distinet dimensions using the
addiive uphty assumption since they may have different units. According to the additive utility assumption, it is
possible to add ghe vdlaes of many ceriteria 1o determine the overall utility or worth o a certain choice. It may
not be suft Giply add the eritevia together when they have ditferent measurement seales or units, As a
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xiul]il\l;:),?:&;i ')(“‘;‘\“‘L“;li';‘:ril\‘:cI‘M) Inmllmdol_ogies. are frequently wtilized in multi-dimensional decision-making
rélative l'clcv;ﬁmc i A?m(;ug1‘cvnlu;\~lnon and ranking of alternatives, these mcllm(ls. lnk_c into account the
assessed. In conclusion \:ll "t;‘\ ll\c‘ {lf\qc-otfs Ewlwccn thcn.l. :mfi the many sc;}les or uaits in which they are
FREHE oL be :mpr(l\ “via,t‘ ;l . the .\ ‘{lghth Sum method is a snnplc. strategy for mw—dungnsmlml pl'olﬂcms: it
Such situations ihmtld bt ((1)(1] ‘Ijl‘lill‘(l-dlmCIlSIOlml prqblcms \\’hCl.l various Cl‘ll.Cl'I(l l“":‘f various scales or units.
i8 typically ll<C({ ke ﬁL-a[ th‘atd‘ by n.wrc soplnsnc.ulcd (CC'hlllql.l%‘.\' like MCDA.[3] lhc‘\vughlcd sum mclhod
\hc‘ an(lu f.mm B \x's . fltagu of the strategy dgscnbcd to ldCHtlf.y the gcn'cml shape of th'c convex regions of
adhusting the \\'ciulm yi\flgtned ‘snm. ap'prouch I.IWO‘VCS scqucnlml!y geuing Pareto optimum solullups by
iR apﬁonch mi:ht\n(ft\l:‘ l01 ‘lhu OI:!JCL'[I\'C functions. Hg\vcvcr, during this phufc, lh\)t con\‘%'nno'nal weighted
S it s neht n c a? e “.) detect nOR convex portions of.lhe_ Pn‘rcm front. The Parcto front's non convex
on ¢ identified and taken into consideration in later optimizations. The patches that need additional
I.ChnCl“Cl‘\l are cl?0§c11 based on the size or importance of the patches that make up the Parcto front. The arcas of
interest for oblaining a more precise depiction of the Parcto front are these chosen patches. More equality
constraints arc rﬂd(_lcd to speed up the relinement process. By limiting the optimization process 1o the chosen
pz}\chcs, these limitations enable more targeted sub optimization within these arcas. By doing this. the strategy
trics to 1.101.1c and cnhance the Parcto front representation, especially in non convex regions that were missed in
the prchmlnary stage using the weighted sum method. This two-stage method, in general, combines the initial
exploration of lbc convex regions using the weighted sum method with the refinement and identification of the
non convex regions using selective optimization and the insertion of extra equality constraints. The goal of this
slre.\lcg‘y is (o produce a more precise and thorough depiction of the Parcto front.[4]By giving weights to cach
Obj‘CClE\-‘C function, the weighted sum approach for multi-criteria optimization reduces the issuc to a single-
objective optimization. Each objective function's relevance Qi(x), where X stands for the decision variables, is
reflected in the choice of weighting coefficients, denoted as i. Finding the choice variables' ideal values to
maximize or minimize the weighted sum ol the objective functions is the goal. The weighted sum approach has
various restrictions and downsides while being widely used and simple to use. One of the challenges is that the
Pareto optimal set may not always be accurately and completely represented by merely continually altering the
weights. Instead of capturing the whole set of Parcto optimal solutions, the weighted sum technique have a
tendency to concentrate on a single point on the Pareto front. Furthermore, as noted in the reference [3] (not
specified in the current context), minimizing the weighted sums of objectives in multi-criteria optimization
issues can have some drawbacks. The failure to accurately capture trade-offs between competing objectives, the
absence of sensitivity analysis, or the potential loss of significant Parcto improvements are a few examples of
these downsides. Tt is significant to rgmember that, despite the weighted sum method's popularity and
widespread use in multi-criteria optimization, it may not always provide a complete and accurale representation
of the Pareto optimal set, necessitating the use of additional techniques or improvements to address  its
shortcomings. [5] A well-known and frequently discussed idea in multi-objective optimization is the weighted
sum technique. Since its introduction by Zadie [$3], it has received significant attention in the literature. Using a
weight vector, the method entails lincarly combining cach of the distinet goal functions of a multi-objective
problem (MOP) into a single objective. The weighted sum approach was mostly applied in an a priori and
interactive manner prior to the popularity of evolutionary multi-objective (EMO) algorithms. A weight vector is
predefined before the search in the a priori technique, but weights are gradually adjusied in the interactive
approach. These methods cnabled the investigation of many Parcto optimum solutions. The weighted sum
approach, for instance, is used (o oplimize multi-objective structures in [54], where weiohts are pre-deflined and
several Pareto optimal solutions are produced by methodically altering the weights during many algorithm runs.
Similar to [55]. weights are changed in the weighted sum approach for topology optimization to produce various
Parcto optimum solutions. In EMO algorithms, the weighted sum approach is used o search for a number of
Parcto optimal solutions in a single run. This method is embedded with a set of pre-defined weights. An
example of a multi-objective genetic algorithm that uses the weighted sum approach with random weights is
used in [56] to find cffective solutions. The weighted sum approach. with evenly distributed weights, is applied
in the MSOPS [57] and MOEA/D [17] algorithms. Overall, both independently and as a component of EMO
algorithms, the weighted sum method has been widely applicd in multi-objective optimization. Tt provides a
flexible method for investigating and obtaining a variety of Pareto optimal answers to multi-objective
optimization issues. [6] Black box simulation multiobjective optimization is dealt with by the suggested method,
PAWS (Pareto front Approximation with an Adaptive Weighted Sum method). PAWS is an iterative weehnique
that employs a trust region approach and a metamodeling framework 1o enhance a group of non-dominated
points towards the Pareto front. Based on the given data, a met model is built for cach individual objective
function in PAWS Tor each itexation. The sampling region Tor the met models is chosen using the trust region
approach, which was developed as a result of Conn et al's (2000) research. This facilitates efficiently ny jeating
the objective space. The next step is to look for Pareto optimum sites using the weighted sum approad i
weight combination in the weighted sum technique is determined adaptively, which distinguishes PA
other systems. Tt incorporates every existing non-dominated point, enabling a more thorough
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figér_éi:}fri’ﬂxc Pareto front. The study's numerical findings chow that PAWS has the ability 1 Pm,furmz:}:’}:;
the Parcto front even when the Pareto front is nonconvex. This shows that PAWS is @ Pol,cmml dpp“;' evenl
dealing with multiobjective black box simulation optimization problems and achieving 2 wide range 9 Jati :
distributed Parcto solutions. Overall, PAWS improves the scarch for the Pareto front in a black box sn,ﬂ(;l’ 5 ml:
multiobjective optimization context by combining metamodeling, trust region approachcs. zm(_J . ‘jpm-
weighting.[7]For analyzing mutations in genetic investigations. the proposed method introduces 4 weighte ’_Sflm
methodology. A weighted total of the mutation counts is used to evaluate cach individual after the mutations .xrlc
categorized according to their function. such as by gene. The objective is 10 determine whether affcc?cd people
have more mutations than unaffected people. Permutation is used to take into account the w:mghlm‘,-’ of
mutations and the requirement of seeing a mutation in order to incorporaté it in the study. Permutation u_1c|udcs
randomly switching the discase state between those who arc afflicted and those who arc x'u')l. 'ullowmg\lhcu
statistical analysis to be adjusted. Jmportantly, cven in the presence Of linkage disequilibrium (LD). @
measurement of the non-random relationship between genetic variations, permutation preserves the proper olod

I error rate. By weighing variations differently when determining an individual’s genetic Joad, the Wc.'ghmd'Sl.Im
technique varies from the CAST (Combined Annotation-Dependent Depletion) method. The technique zwou’ls
being excessively influenced by common mutations by assigning morc weight to unusual mutations 11
unaffected individuals. In contrast, if several common mutations are present in

a group, the CAST technique
may be dominated by their influence, resulting in the existence of many mutations in practically all individuals.

The CAST approach may make use of frequency thresholds, as suggested by the CMC (Combined Multivariate
and Collapsing) method, to Jessen (he impact of frequent variants. The choice of (hresholds can impact the test
findings, and choosing biologically appropriate thresholds might be difficult. All mutations are included in the
weighted-sum technique, but their weights are depending on how frequently they occur in people who arc not
affected. This method eliminates the requirement for frequency criteria, allowing for a morc flexible analysis. In
conclusion. the suggested weighted-sum method organises mutations by function and uses a weighted sum
methodology to analyse mutations in genetic investigations. To account for weighting and the requirement of
seeing mutations, permutation is used. The strategy prevents the dominance of common variants seen in other
approaches by placing an emphasis on rare mutations in unaffected individuals. Additionally, it doesn't reliant
on frequency thresholds, giving the analysis flexibility. [8]The non-uniform distribution of oplimal solutions and
the inability to find optimal solutions in non-convex regions are the weighted sum method's tWo fundamental
flaws. The adaptive weighted sum (AWS) method, which adds extra inequality constraints to direct the
optimisation process towards undiscovered regions, was created by the authors of the rescarch to solve these
shortcomings. The AWS technique gets around these issucs by adding a new viable zone that is bounded by
additional inequality constraints and calls for more investigation. This strategy enables a more thorough look for
ating well-distributed answers, locating Parcto optimal solutions cven in non-convex
the AWS technique has proven to be successful in
addressing bi-objective optimisation problems. It is crucial to remember that the AWS method's carlier iteration
was created especially for bi-objective optimisation issues. The authors' goal in this study is to broaden the
applicability of the methodology to issues with more than Lwo objectives by presenting & generalised
multiobjective adaptive weighted sum method. This distinction is used to sct the new method suggested in the
bi-objective method.Overall, by including additional inequality constraints.
offering a more thorough method for multiobjective optimisation. the
ghted sum method addresses the drawbacks of the conventional
links between the assertions

the best answers. By gencr
regions. and jgnoring non-Parcto optimal solutions,

paper apart from the original
improving solution spacc exploration, and
gcnemlised multiobjective adaptive wei
[9]1t's challenging to understand the context and the precise
in the passage you provided because il seems to cover a wide range of subjects in numerous fields. Tt refers to
analytical methods to establish interference paramelers in a diode version for solar modules.
i-cell downlink systems in MISO (Multi-Input Single-Output) systems with the
and the suggestion of solution based on a branch and bound
the Weighted Sum approach for ranking, the design of

weighted sum method.

the application of
the consideration of mult
Weighted Sum-Rate Maximisation problem,

stratcgy. Additionally, it discusscs the usage of
eighted MMSE (Minimum Mean Square Error) approach, and the evaluation of

(ransceivers using the W
ure, current, and voltage purameters. It's

stic curves Al, A2, A3, and A4 based on jrradiance, temperat
h jusliﬁcntion or insightful observations in the absence of additional background or
targeted inquirics. Pleasc Jet me know if you have any specific querics or require clarification on a certain topic.
and 111 be pleased to help.[10]In the excerpt you gave, the Weighted Sum Method (WSM) is emphasised as a
well-liked and frequently applicd subjective multi-criteria decision-making technique. 1t is derived from
Multiple Attribute Decision Making (MADM) techniques including Simple Additive Weighting (SAW), Fuctor
Rating. and Simple Scoring ¥ethod. The WSM is renowned for its applicability and simplicity, making it usable
% or-no background in mathematics. Fach choice receives a scorc in the WSM
factors. with cach criterion weighted in accordance with its significance. The process
¢ highest scores for cach criterion, taking into account various levels of cach criterion. and

£ ccores for each level. The WSM simplifics the process of shortlisting or screening criteria and

charactert
difficult to offer a thoroug

by practitigners with i
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waits, values, £ and connecting of data 1o generate recommendations or rankings by takingdato :n‘;_(-)mu

nlnd needs associated with cach component, The WSM offers a structured method Ccision-
using (he \Vci;:::ﬂ:lmgl‘lm:\?\sﬁ‘;i”!" ()[)Eif)ll.‘«" according lo n‘nu'mhcr ()F§|‘ilcx‘ia and their rclq(ivc weigh!s.[l 1TWhen
times the C“ll'cspnnd;H . L'II ".’t| ‘(\\'hMj. cach alternative's V.illllC is caleulated l)}l‘ ud(lmg the nu.nl)ulc values
selection eriterion are 5‘- k':'l“”\ SL'\'C‘IV‘{I‘ rc.s'c:n’ch I!uvc used Ihfs stralegy | 19, 20]. lhg weights :}smgncd lo cach
altemative i :l%s‘c\';c; hl .L‘lll into ijlsld(.'l'al!l()ll belore computing “lC ’\vcxgluc‘d total in the WSM \VIIFrU 2ach
drawbacks, 1] > g t.lhk‘i'(')n' is seores for cach .'i.CICClI()H criterion, I"I.1c WSM has drawn criticism for a few
S though. One eriticism of the method s that attribute weights are not clearly defined and that
different types of inform fim : o el T ,
‘ 8t 1o the |.'|ci< Al 1~|:]-‘l“1lm .‘m‘~ ‘;uhlcd \\’ll|l(v)lll a clear |ncl|lm|0‘|0g_\:/ for doing s0. Ihg {‘cstllts may be skc\v.cd
: it 6 WSM n-“;,i\s 'anl‘u weight (Iulclrmlnnlmn process. which introduces Slll?JC'CUVIIy. Another comp!mnl
‘ R ghtignore the connections or dependencies between characteristics. Because the technique
(‘l(')C;?'v not explicitly capture the information about dependencies between qualities, it may result in the loss of
| t\l,lxlﬁl_zll'l].lfl;O,MCdg-c. or l‘clnlioml}ips bcl\.\'ccq c'rilcriu.yl)_uc 10 115 simpliclily and case of use, the WSM i; still a
i cll-likec ‘m‘d' usceful method for multi-criteria decision making despite these shortcomings. When using the
WSM. in decision-making situations, researchers and practitioners should be aware of these limitations and take
\ lhcm_lplo account.[12]The significance of the lincar weighted sum approach in establishing the best carbonation
ﬂ conditions for stwrenpthening the characteristics ol recycled conerele aggregates (RCA) is highlighted in this
work, which is significant. The researchers were able to reduce processing time significantly by using this
| strategy to determine the ideal pretreatment and carbonation times. This discovery offers a more effective and
i cxpc.dlcnl method. which has significant potential for the building industry. The study also demonstrated how
'} Ca-rich ¢ffluent from ready-mixed conerele batching plants can be used in real-world applications. This cffluent
i: llu‘n.cd out to be helpful in enhancing the characteristics of RCA. This emphasises the signilicance of
‘ environmentally friendly practises in the building industry, where waste materials can be recycled to improve
the quality of aggregales.The study also showed relationships between the mechanical and  durability
| characteristics of conerete built with standard coarse aggregates and carbonated RCA. This knowledge aids in
‘i the .dcvclopmm.u of more durable and sustainable construction techniques by offering useful insights into the
| performance of concrete made using reeyeled resources. This work adds to the corpus of knowledge on waste
‘ utilisation, improving carbonation conditions. and comprehending the characteristics of concrete made using
recycled aggregates, The research has applications in the construction sector, with possible advantages in terms
of productivity, sustainability, and concrete quality.[13]

4. RESULT AND DISCUSSION

making by me

TABLE 1: Selection of E-Learning websites

Selection of E-learing websites
usability | reliability | portability personalization learning community
Sitel 3.20 4.00 4.20 4.00 4.20
Al Site2 740 7.20 7.80 8.40 8.20
)) Site3 5.80 540 6.20 120 5.20
Sited 8.87 RA0 8.87 7.80 8.87
Site$ 0.0 [ 3K 7.0 0.60 0.40
Siteo 8o [ RS3 8.87 8.33 8.00

Table 1 shows the Selection of E-Learning Websites using the Analysis Method Alternative: Sitel, Site2, Site3. Siteh, Sites.
Site6 and Evaluation parameters: usability. veliability. portability. personalization, learmning community.
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FIGURE 1. Sclection ol E-Learning Websites Q

Figure 1 shows the Sclection of E-Leaming Websites using the Analysis Method the usability has the Highest value in site 4
and lowest value in site ©. The reliability has the Highest valug in site 3 and lowest value i site 1. The portabihity has the
Iighest value in both site 3 and site 5 and lowest value in site 1. The personalization has the Highest value in site 2 and
lowest value in site 1 and The learning community has the Highest value in site 4 and lowest value in site site L

TABLE 2: Normalized Data

NORMALIZED DATA IR
usability reliability portability personalization learning community
Sitel 0.360767 | 04759672 0.48027057 0483333333 ().480270575
Site2 0.834273 0.8440797 ).879363606 | 0.924404487
Site3 0.65389 | 0.6330398 | 0.09898534 0.3 0.586245772
Sited 1] 09847597 | 0.928571429 !
Sited 0.721533 | 0.6799331 0.85682074 0.785714286 0.721533258
Site6 0.96936 | | 0.991666667 0.901916373

Table 2 shows the Normalized Data for Alternative: Suel. Site2. Site3. Sited, Site3. Site6 and FEvaluation parameters:
usability, reliability, portability, personalization. leaming community.

12

NORMALIZED usability

. “
108 NORMALIZED reliability
06 ; NORMALIZED portability
04 | g0 NORMALIZED
| é : i personalisation
o2 R + NORMALIZED learning
U ] community
i ;
0 (i» oA L
fel site2 Site3  Sited  SiteS  Site6
FIGURE 2. Normalized Data
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Sites, Sites and F\"lluarll'n ized Data for Selection of e-learning websites Alternative: Sitel. Site2, Site3, Sited,

i5 150 the Moo dHuation parameters: usability, reliability, portability, personalization, learning community. Tt
MaxXimum in Normalized Value )

TABLE 3. Weightages

— Weightaoes
i usability | reliability portability | personalization learning community
Site} 0.2 0.2 0.2 0.2 0.2
%_{ 0.2 0.2 0.2 02 0.2
| Sue3 | 0.2 0.2 0.2 02 0.2
Sited | 0.2 0.2 0.2 0.2 0.2
| Sies | 0.2 0.2 0.2 0.2 0.2
Siteb | 0.2 0.2 0.2 | 0.2 0.2
Table 3 shows Weight ages used for the analysis we take same weights for all the parameters for the analysis
1 TABLE 4. Weighted normalized decision matrix
L Weighted normalized decision matrix
: usability relisbility | portability personalization learning community
Sitel 0.072155 | 0.09519343 | 0.09603411 0.096666667 0.096034113
Site2 0.166855 0.16881591 0.17587373 0.2 0.184892897
Site3 0.130778 012661196 0.13979707 0.1 0.117249154
Sited 0.2 019693193 0.2 ().185714286 - 0.2
Sites 0.144307 0.13599062 0.17136413 0.157142857 0.144306652
L Siteb | 0.193912 0.2 6.2 0.198333333 0.180383315

Table 4 shows weighted normalized decision matrix using the Analysis Method Alternative: Sitel. Site2, Site3,
Sited, Site3, Site6 and Evaluation parameters: usability, reliability, portability, personalization, leaming

community.
1.2
—-— Weighted normalized
* A\ Y, decision matrix
A /N / " >
A / \ / learning community
08 \ / . .
\ / % Weighted normalized
i / L9 ;/ decision matrix
)} £ 06 ,»! personalisation
l i Weighted normalized
0.4 decision matrix
portability
- 02 Weighted normalized
decision matrix
| reliability
} 0

l Sitel Site2 Site3 Sited  SiteS  Site6

FIGURE 3. Weighted Normalized Decision matrix

Fioure 3 shows the weighted normalized decision matrix Analysis Method Afternativer Sitel . Site2. Site3. Sited. Site3, Site6
and Evaloation parameters: usahility. reliabiliny, portabiliny. personalization. learmmg. communication.
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_ "
| Preference Score
Sl 0asen2nes?
T 0RIGHTII
L Suey 0619430084
| Siwed 0.98266622 |
L Sites 0753010931 [ 4]
[ Sile 0972628711 2

~ ) . _ e Cite 3 i 3rd Rank. The Site 3 in 3™ Rank.
Table 5 shows the final rank of this paper the Site 1 in 6th Rank, The Site 2.m _\l_ll Rank, Th,k_ Site Jl"" ) I“‘:;k\
The Site 4 in 1 Rank. The Site 5 in 4% Rank and The Site 6 in 2™ Rank. The final result is done by using the
WSM methad

i Preference Score

Rank

Sitel Site2 Site3 Sited Site5 Siteb

FIGURE 4. Preference Score & Rank
FIGURE 4 shows the preference score and rank on the basis of my analysis and the result is obtained by using the WS

method Site 4 stunds on the top by sceuring 1 position on the table.

5. CONCLUSION

In today's digital age. the selection of e-learning websites has become paramount for individuals secking quality }§
online education. With a plethora of platforms available, it is crucial to carelully evaluate and choose the right
website that aligns with one's learning goals and preferences. The process of selecting an e-learning website
mvolves considering various factors such as course variety, affordability, interactive features. user reviews, and

the reputation of the platform. Firstly. the range and diversity of courses ottered by an e-learning website play a
significant role in it appeal. A well-rounded platform should provide a wide sclection of courses spanning
various disciplines and skill levels. Whether someone is interesied in language learing, compulter
programming. or busmess management. having access 10 a diverse catalog cnsures the ability 1o pursuc
individual interests and goals. Affordability is another crucial consideration. While some c-learning websites
offer free courses or have affordable subscription plans. others may have higher price points. Evaluating the
cost-to-value ratio is important to ensure that the chosen platform provides high-quality cducational content thal
Justifies the investment. Interactive features areatly enhance the e-learning experience. Features like video
lectures. quizzes. assignments, discussion forums. and interactive: simulations factlitate active learning and
learner engagement. The presence of sueh inferactive elements not only fosters deeper understanding but also
provides opportunities for practical application and collaboration with fellow fearners, User reviews and
testimonials can serve

ds valuable insights into the effectiveness and credibility of an c-learming website,
Reading reviews and/leedback from current or previous users can olfer aglimpse into the user experience,

course quality, and dverall satisfaction. Platforms with positive feedback and a strong community of learners are

i gely jo pivide arewarding educational journey. Lastlv, the reputation ol an e-learning website should be
' v 1 ablished and well-known platforms ofien have a track record ol delivering high-quality content,
mstructors, and reliable technological infrastructure. Researching the background. rack record. and
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