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ABSTRACT

In a rapidly evolving and ever-changing world, aaalging international environment where there ispjeof information
and products, the sale and consumption of goodmisntegral part of most of the world's inhabitdndsily routine.
People make decisions and make choices on whatipt®they will consume depending on the needswhayto satisfy.
Therefore, it is essential to look at it, motivatioand feelings of consumers that lead to recegtpetific decisions
concerning the choice of products or products sEwithey consume daily. Also, maximizing custortildy,uongoing

customer relationships, creating and developingdirtechnology, for instance, require emotionakiligence.

The aim of this empirical paper is to explain thetives, emotional and non-emotional, and the degishaking
process that lead consumers to the product matketugh use of psychometric tools of emotional ligtehce and
emotional empathy that administered to young adatid social media consumers. Also, the utility ®fghometrics and
innovative techniques in measuring consumer behasimdicated through the present study. The figdi demonstrate
amongst others that emotional ability may provideeffective perspective providing ways to marketeder to appeal

consumers with a means for selecting and targetorgsumer groups likely to buy or use their prodarcservice.

In conclusion, Consumer Decision Making Process lmarpromoted and evaluated by psychometric assessme
tools and also via innovative data analyses sucmashine learning methods and the findings of ttesent project can

be expanded for further research.
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INTRODUCTION

In recent years, terms, consumer behavior, philogabd marketing, and purchasing behavior modelshaeen proposed
by large multinational companies and domestic, omadiand even small businesses to attract an egezaiging consumer
size. Business and marketers' goal is to reachucosis by offering financial incentives and a netwof psychological

and psychoanalytic factors to be in the subconsoidwonsumers/clients and thus to direct theiakih.

In a rapidly evolving society and in an ever-chagginternational environment where there is pleafy
information and products, the sale and consumpifogoods is an integral part of the majority of therld's inhabitants'
daily routine. People make decisions and choosé proaucts they will consume depending on what tlvapt to satisfy.
Therefore, it is essential to look at consumergivations and feelings that lead to specific degisiregarding the choice

of products or services they consume daily. Alsaximizing customer utility, ongoing customer redaships, creating
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and developing "smart" technology, for instanceuie emotional intelligence. The present revievstisdied whether
there is a link between the theory of consumer Wiehand emotional intelligence through specifiggtsometric scales of

consumer behavior and emotional state.

Contemporary research on Consumer Behavior cossalevide range of factors influencing the consuaret
acknowledges a broad range of consumption acsvitieyond purchasing. Two primary components th#tidnce
consumer behavior are personality and emotionalligénce. Personality' refers to the pattern olthhts, feelings, and
behavior that makes each separate from others.eTéfésct the way of think, feeling, and behavingdods itself and
others. Emotional intelligence (El) can be defiresd the ability to monitor one's own and other pe'spemotions,
discriminate between different emotions, label thappropriately, and use emotional information tédguhinking and
behavior. Trait El is "a constellation of emotioself-perceptions located at the lower levels abprality.” In lay terms,

trait El, refers to an individual's self-percepsanf their emotional abilities.

Human behavior is significantly influenced by eroos, not just logic. Consumers are often very evnati and
intuitive in their behavior, working through thenters of brain feelings and regardless of consciess control. If the
basis of consumer behavior is emotion, the samedfation is the relationship between business andwuer. Of course,
since the basic function of the brain is to prediotl compare, this with little words mean that tiaichitecture is based
on control and it balance between functions. Fangxe, the left hemisphere (logical thinking) deaith the past and the

future, right (sentiment) deals with it now, thuddncing two basic brain functions.

The Consumer Behavior Theory examines how indivgluaake decisions to spend their available ressurce
(money, time, effort) on various items for consuimpt Consequently, the Theory of Consumer Behawioludes the

answer to the following questions:
* What do consumers buy?
*  Why do they buy it?
* When do they buy it?
e Where do they buy it from?

* How often do they buy it?

Our emotions play a very important role in our §ivas through successive phases we lead to deaisikimg.
Feelings help us to consolidate our limits; thesodlave the potential to serve as an internal nao@lethical compass and
are essential for making a good decision. Scienliatze highlighted the importance of Emotionallligence in achieving
personal and collective goals, the success ofrdarpersonal relationships, and the important itgkéays in defining our

purchasing behavior (Figure 1).
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Figure 1: Pyramid Outline.

Psychological Theoretical Framework ancE-Marketing

The hierarchy of needs based on Maslow's theorgiwhas been developed in the field of clinical peyogy and is use
to explain the orientation of human behavior to treed-motivation, can be an important arearesearch for the
optimization of vaious techniques of marketing. According to Maskottieory, there are five levels of human need
hierarchical order: (1) Normal (2) Security (3) lepv(4) Assessment and <assessment and (5) Sfulfillment or
completion. Just needs a level mig person will go to the next level. It should f¢en that online services of marketi
and online advertising products can meet the naadsspirations in five hierarchical levels. Thamraason for the wid
acceptance of Maslow's theory is prob;, its simplicity. A number of surveys and studsegport the view that consurr
behavior in the field of erarketing and online advertising is geared towahndstargetAlso, incentives affect the nature
and volume of the necessary information, and tianner in which such information will be used byg&ting the mos

appropriate choice of the online produi.e., at the choice that offers the most desired marahces of achievin
Decision-Making

Decisionmaking is a field of interest fcphilosophers, and other scientiftsm applied research fields likbehavioral
neuroscientists, neuropsychologistsd marketers. A crucial poithat drives research in this fieis the theme that people
who are appearei have the same optic, finally make different choices. It is not cléarwhat way the cognitive ar
neurological processes lead peopldifterent outcomeslt is true thatational economic models and the traditional the
of decision-making that is applied economicsdo not predict in an accurateay the human behavioral models
decisions and choicéblalkiopoulos et al, 202.. Neuromarketing and neuroeconomics in genis an emerging field that
could provide adequate explanatianscombinationwith similar scientifc perspectives antheories from psychology,

economgs and behavioral neuroscie (Figure 2).
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Figure 2: Pyramid Outline.
Emotional Intelligence Measurement Model

The above dominant models in the study of Emotidmilligence led to the creationf corresponding measurement to
The problem of the measurement of Emotional Igelice lies both in the emotio its background and its relative

recent discovery and study. However, these efimdgeflected in the following too
Emotional Quotient Inventory (EQ-I) (Bar-On, 1997)

Evaluates 15 factors, emotionally and socially,ugexd into the scales: Intrapersonal, Interpersofdiptive, Stres
Management, Positive, General Disposition & Totaldfional Intelligence. It is a srassessmermeasure of Emotional
Intelligence which has been developed as a measwmotional and social ability, behavior that go®s an appreciatic
of one's emotional and social intelligence. Thisl oes not measure features of personality or itegrability but the

mental ability to successfully meet your environtaérequiremen(Bar-On, 2004).

In particular, the behavior of the consumer in tharket of products or services, the purchase ofthviis
influenced by emotional or emotional impact, wdifferent marketing methods used by modern entegprin order t
attract consumersConsumers daily choose products and make purchasemet their needs. Apart from the ratio
motivations (e.g.satisfaction of a need) that lethose to make a marikghere are also emotional motives that affeci
way consumers act. Because emotions are part afatisions we make in our lives, we need to stumly Important the
emotional motivations that lead us to our final idiens are, and if there are sstically significant differences i
emotional consumer intelligence that have differatttudes and perceptio In this way, we will try to describe tt
characteristics of the consumers, to estimate dreeptage of each category and to predict thavior of consumers
about the decisions they take, as well as the fadt@mt determine the extent to which Emotionatlligence affects th

attitudes and their perceptions.
Trait Emotional Intelligence (EI)

Emotional Intelligencewas evaluated using t standardized psychometric scalerait Emotional Intelligenc
Questionnaire(TEIQuehased on the Trait model of emotional intelligeasei proposed by K.V. PetrideTEIQue is
developed in order to examiral the dimensions of trait emotiol intelligence mod¢ and consists of fifteen (15)
subscales classified under four (4) factors: “being, selfeontrol, emotionality and sociabil(Cooper & Petrides, 2010;

(Petrides, & Furnham, 2006;2003)so, TEIQueis a psychometric tool useful identification of ffective aspects of
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personality anchas been used in numerous stuwherein included research stientific fields such as neuroscie,
behavioral geneticqpsychopathologyaddictive behavior and general heal#spinosa &udenstine 2019;Sarrionandia,
&Mikolajczak, 2019;Sechioi&Cabras, 202)

Brand Personality Appeal (BPA)

The personality of a trademark consists of a coatiin of human features associated with a bransis@uoers use tt
personality of a brand name as a means of pergerification but also positioning on the prodirciquestion, with the
result that itoften appears as a personality identity with thesqaality of that trademark. Within a consumer stygia
brand is no longer the subject of financial excleamgcognition, and consumers themselves. Consunsershe bran
when their personality helghem identify, place, and recognize themselveshSurcadaptation of course also depend
the ability of the mark to make it attractive tonsamers. For this reason, the brand personality beudiscreetattractive,
and recognizable to all consumérbese brand features determine its personalityalpiléy of a brand to reach consum
by combining the human characteristics associatid i (Figure 4). Many empiricatesearche on brand-consumer
relationships has shown that brand personalityws consumers to express themselves by shaping rmeheng the
relationship between brands and consumers. Forrégson, consumers tend to buidevelop and strengthen their

relationship with the brang@Freling et al.,2010).
The Conceptual Model ofBrand Personality Appeal Scale
e H1: Brand relationship quality has a positive effecM@®M transmissiol
e H2: Brand personality appeal has a positive effectrand relationship qualit
» H3: Brand personality appeal has a positive effect @\\ransmisson.
» H4: Attitudes toward advertising have a positive effectbrand personality appe
» H5: Attitudes toward advertising have a positive ef@etbrand relationship quali
» HB6: Attitudes toward public relations have a posititfe& on brand personality appe

e H7: Attitudes toward public relations have a posititfe& on brand relationship quali

Brand
Personality
Appeal

Attitudes
toward
Advertising

H3
Word-of-Mouth

Transmission

Brand
Relationship
Quality

Attitudes
toward
Public Relations

Figure 4:BPA Conceptual Model.
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The Balanced Emotional Empathy Scal(BEES)

Balanced Emotional Empathy ScgMehrabian, 196;2000),is a unidimensional scalaeasuring affective or emotior
empathy. It is a self-repotvol consisting of thirty (30) items. Half of thekems are positily worded, whereas half of
them are negatively wordeEmpathy is separaten two types: cognitive and emotional empi. Cognitive aspect refers
to understanding instinctively another personoughts, feelings and actions, whereas emotionalaém is mostly the
feeling of emotion of ottrepeople indicating a compassionate perspe. This second aspect of empathy is measby
BEES but alsoife components of emotional intelligel are measured: Self-awarenesgnaging emotions, motivatir
oneself, empathy and social ski(Bigure 6. As far asthe psychometric properties od the tool, it is mefe to have
internal consistency (alpha=.87), testest reliability (r=.77 and predictive validity for identifying people wittotentia
to behave in an aggressive or violent ma. It is a psychometric tool with psychometric pradf= which evaluates the
emotional aspect of empatfiylehrabian, 199; 1997;2000).

Self-Management Self-Awareness
Managing emotions Recognizing omes emotions
and behaviors to and values as well as one’s
acheive one’s goals strengths and challenges

Socdal &

Social . Responsible
Awareness Emotional Decision-Making
Showing H Making ethical,
understanding Il'ealrnlng cnn-_:truct(_?\re choices
and empathy about personal and
for others sodal behavior

Relationship Skills
Forming pesitive relationships,
working in teams, dealing effectively
with conflict

Figure 5: BEES.
The Empathy Quotient (EQ)

Empathy is an essential part of normal social fiomitg, yet there are precious few instrumentsni@asuring individug
differences in this domafMuncer& Ling, 200€. The Empathy Quotient (EQ) is a 88m questionnairdesigned to
evaluate empathy in adult§his psychometric tool was developed by Simon B-Cohen at the University of
CambridgéBaron-Cohen & Wheelwrigl, 2004).This specific measure can be administdrganental health profession:
to evaluate social skills imeurodevelopme disorders and even betweemarketers and other professionals who

administer it as a casual measure of temperamemiaath: in the general populatiofucksmith et al., 201.

NAAS Rating: 3.0C— Articles can be sent teditor@impactjournals.L




| A Data Mining Approach of Consumer Decision Makingrécess and Emotionelntelligence on Marketing 60

EMPATHY
Mixed component

—

e
/ ,
Alfective {

| Coampanent

Cognitive
Component#

q :hw

SYMPATHY™*

Figure 6: EQ.
Personality, Emotions and DecisiorMaking in Consumer Behaviol

The role of mood and personality characteristicddaisiol-making has been explored in foreign literat(Gohm&Clore,
2002; Luce, 1998; Ruth, 2001Jhe analysisthoroughly understands how customers, accordinghéir personality
characteristics, use emotional knowledge to malfecttfe choices. An increasing body of researchuses on th
emotions present in situations of consumption, abstronger understaing of emotional management skills can hay
profound impact on the results of customer succEssotional intelligence, the personality of conswneand the

consumer behavior of young adults who are usessdhl networks are the subject of currenearch.

Consumer emotional intelligence is defined herghasperson's ability to use emotions to attainapgmum
consumer result, comprised of a range of emotiakdlls of the first order that enable people to erstand the
implications of emotionapatterns that underliconsumers’ decisionmaking and to reason and solve problems base¢

them(Mayer and Salovey 1997).

In developing knowledge of consumer behavior, éebeinderstanding of emotional ability can havesiderable
value. For instare it can provide answers to questions sas how does emotional processing affect purcha
decisions; which choices are more readily madeigl f1s. low El customers; how could EI affect redaships betwee

core customer variables such as impuly and purchase intention?

Furthermore, we may also be able to classify thomesumers who make the highest (and lowest) gt
consumer decisions with this understanding of eonali ability. For instance, consumers with highelsvof nutritional
awaremss that lack the emotional capacity to understemdh emotions are important and how to controsthemotion:
against unhealthy eating are likely to make denssiof poor quality Recognizing these emotional deficits will provid

way of enhancing #hconsistency of consumption decisions subseqt (Gkintoni et al, 2015; Halkiopoulos et al, 20.

Recent advances in personality psychology can allewo predict consumer motivation with regardhe effect
of personality characteristics on consu behavior. Traits are characterized as permanentamsistent behavioral habi

behaviors, emotions, which differ from person tospe
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Researchers have historically been interestedaimieg how people vary, so they put a great dealak into
figuring out how to quantify, chart, and describergonality characteristics. In order to identifyrqmnality traits, an
attempt was made through trait theory. Trait thémplies that a set of quantitative measurablebaities or units known

as traits are composed of personality.

Traits are pre-dispositional and relatively stablributes. Each personality has a specific comizinaof
characteristics and given its stability, it canassumed that individuals with a given combinatiéreltaracteristics will

behave consistently through situations and ovee.tim

Researchers are now re conceptualizing what cleaistats are and where they come from—with charesties

that motivate their decision-making being recogdias chronic predictors.

Researchers, for instance, have related personctiyacteristics to various outcomes such as equél
purchasing patterns, political affiliation, useraftural language, pet choice, the state of onesopal living room, and
even more significant outcomes of life such as digp morbidity, and career achievement. Some resermties have
shown that people in disease-ridden settings apipdae less accessible and extroverted personptisgibly because they

are less inspired to explore and interact with &li@hich reduces the chance they will become tefiic
Emotion-Based Strategies in Consumers

Emotion is a crucial aspect of decision-making amtyment, since it offers valuable knowledge abshb we are and
how we communicate with others. Nothing is underdt@bout how emotions impact marketing efficiendhe

application of emotional theories to marketing basstributed to research focused on:1) Emotion eaalyst to actions, 2)
Emotion as a result, and 3) Emotion as an effecinarketing relationships as mediated or moderatexthanges and

relationships, what is the role of emotions and ldavwconsumers use emotional tools to improve mengcetecisions?

A requirement for good judgment in human beingsni®tion-based decision-making, the capacity toemsetions
when making decisions. Emaotional empathy is antabilat makes it possible to understand humangséseparateness and
at the same time to interact by attending to amqéencing others' emotional experiences. Empatltlya ability to consider

and react appropriately to others' feelings, thtsjgittitudes, and acts in order to support thoseed.

Empathy is often seen as an indicator of the othiemted thought and reactivity of a person ovédir@gented
response. It is commonly accepted that empathy tiwcadimensional, multifaceted construct: cognitempathy and
emotional empathy. One difference between the timeendsions is that when they see or identify witmeone else's
misfortunes, emotional empathy refers to the emati@rousal one feels, while cognitive empathytesldo the mental
awareness of someone else's misfortune withoutngagkperienced it before. Emotional empathy is thaze one's
tendency to be emotionally conscious. People wiop slompulsively will lack emotional empathy, anatideon-making is

more intuitive rather than reasonable.
Consumer Emotional Ability Scale (CEAS)

The Consumer Emotional Ability Scale explores thatdbution of emotional influences as prognosffeas, moderators
and mediators of actions, seeking to explore hoaplgeuse actual emotions and emotional knowledgghénsense of
consumption to perform desirable behaviors. Toiobdadesired outcome, the use of emotional (or itivgh knowledge

implies the capacity to process and use this inftion. The definition of emotional competence amel way it applies to
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behavioral sucess in marketing is regulated by the CEAS. Scasetb on four emotional skills underlying (i
perceiving, facilitating, understanding, managiThis instrument enabled further analysis of how gomal intelligence
influenced consumer relationshiptoomes. Brief overview of skills: The F«-Branch Consumer Emotional Intelliger

Model Branch name:
» Perceiving Emotion (Branch

The capacity to detect feelings in oneself, othiaisgs, things, items, packaging, and ostimuli.
e Facilitating Emotion(Branch 2

The capacity to produce, use and experience enstgnrequired in other cognitive processes to sspfeelings o

implement them.
e Understanding Emotion (Branch

The ability to understand consunretated emotional information and undersi how emotions combine, blend to get

and change.
* Managing Emotion (Branch

The ability to be responsive to and modulate emetio oneself and others in order to facilitate l@mwass and creation

user applications and relationships.

/ ognitive _1\
\\_ (Suug;n;tence ;‘-:-7__7""
'< chmme 1
// o \\ Calibration / N
& “5..':::“ ) _ — e
D ‘/écmsume;'\\l
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’\ Cahhr'mm ‘__/
/ f;motion;; \ _
Confidence
Figure 7: CEAS.
METHODOLOGY

Machine Learning and Data Mining techniques werplia@ in this study to analyze emotional aspects@isume
behavior through the psychometric methods providedhe previous section of consumers of social nete: The

methodologywhich was implemented, consists of three conctefes

Digital questionnaires were generated and postedtive website http://www.cicos.gr during the fistep.

Subsequently, data from the questionnaires wasnautaand preprocessed. 2€-consumer ases have been collected in

particular.

| Impact Factor(JCC): 5.239— This article can be downloaded fromww.impactjournals.u




[ 72

Halkiopoulos C, Antgmaulou H & Gkintoni E |

The data set for review consisted of demograplEmehts of respondents, such as gender, placetbf birrent

place of residence, educational history of bothpsedents and their parents, parents' professiooiad, jand all

psychometric test subscales.

The data set was analyzed on the basis of datangntechniques during the third stage, and the fiigsliwere

evaluated. More precisely, classification algorithmere used in order to explain the underlying éidgatterns in the

data. Decision trees are a powerful way of repitasgrand enabling (psychological) analysis of resutepresenting

subsequent decisions and variable outcomes oyeaified time.

Data Mining Techniques

Data Mining or the discovery of knowledge from detses is the finding - interesting, self-evidefisaure, and possibly

useful - information or patterns from large datasassing grouping or categorization algorithms #rel principles of

statistics, artificial intelligence, machine leamgiand database systems (Maimon & Rokach, 2010). gdal of data

mining is the automatic or semi-automatic analyfidarge amounts of data to extract an interesfiaiern that was

previously unknown, such as clusters of data rex@ehlistering), anomaly detection and dependerfci@selation rules).

Knowledge extraction as a process consists ofdpetitive sequence of the following steps:

Data Clearance, to remove noise, incorrect dathuanecessary information.
Data Integration, where multiple data sources @odmbined.
Data Collection, where data related to the analyisess is retrieved from the database.

Data Transformation, where data is transformedomsalidated into forms suitable for mining, perfang) for

example, summary or aggregation functions.
Data Mining, an essential process where intelligeathods are applied to extract data patterns.
Method Evaluation, to identify interesting methakat represent knowledge.

Presentation of knowledge, where the techniquegmesentation and representation of knowledgeused to

present the extracted knowledge to the user.

Data mining involves some of the following claseéprocesses:

Anomaly detection: The identification of unusuatalantries, which may be of some interest or arrdhe data

requiring further investigation.

Association rules: Searches for relationships betweariables. For example, a company can colletzt da its
consumers' shopping habits and, using correlatiasy can calculate which products are usually botagether

and use this information for purchasing purposes.

Clustering: The process of discovering groups @andtires in data that are "similar" in some waithaut using
known structures in the data.

Classification: The process of generalizing knowactures for their application on new data.

Regression (statistics): Finding functions that eidHe data with the least error.
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RESULTS
e Correctly Classified Instanc@&7 97.3485 %
» Incorrectly Classified Instanc&s2.6515 %
» Kappa statistic 0.9648
* Mean absolute error 0.007
* Root mean squared error 0.075
* Relative absolute error 3.2455 %
» Root relative squared error 22.9153 %
» Total Number of Instancex64

Association Rulespresent association or correlation between iters. gt association rule has the form of

A—B, where A and B are two disjoint item sets (FiglLig.

sex

— || S i s 5 0 %
. : 2l il e O T e
—=- " -—'__“—F_v- —‘_ _— e I(.—.-. - .
Figure 8: Descriptive Statistics.
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Figure 9: Graph Rules.
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Parallel coordinates plot for 100 rules
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Figure 10: Parallel Coordinates Plot.
Table 1

Detailed Accuracy by Class

TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class
1,000 0008 0857 1,000 00923 00922 1,000 00988 1
1,000 0,000 1,000 1,000 1,000 1,000 1,000 1,000
1,000 0,09 00962 1,000 00981 00976 1,000 1,000
0.963 0,006 0990 0963 0977 0961 1,000 0.999
0,929 0,000 1,000 00929 00963 00957 1,000 00996
1,000 0009 00938 1,000 00968 00964 1,000 0996
1,000 0,000 1,000 1,000 1,000 1,000 1,000 1,000

Weighted Avg. 0,973 0,006 0975 0,973 0974 0,965 1,000 0,998

L I R, T N UL S |

Table 2
Confusion Matrix
a b cde f g =-classified as
120 000 0 0] a=1
018 0 0 0 0 0| b=2
0 051 000 Of c=3
0 0 2104 0 2 0| d=4
200 1.39 0 0] e=5
0O 00 0 030 0| f=6
0O 00O0O0OO23| g=7
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Figure 11: Decision Tree.

Minimum support: 0.65 (172 instances)

Minimum metric <confidence>: 0.9

Number of cycles performed: 7

Generated sets of large itemsets:

Size of set of large itemsetsL(1): 22

Size of set of large itemsetsL(2): 127

Size of set of large itemsetsL(3): 138

Size of set of large itemsetsL(4): 16

Best Rules Found:

B53=1 B60=1 B64=1 180 ==> B56=1 180 <conf:(1)>(#t1) lev:(0.06) [16] conv:(16.36)

B68=1B92=1 177 ==

> B72=1 177 <conf:(1)> lift:(1)2év:(0.13) [34] conv:(34.19)

B43=1 B60=1 B64=1 177 ==> B56=1 177 <conf:(1)>(#t1) lev:(0.06) [16] conv:(16.09)

B52=1 B60=1 B64=1 174 ==> B56=1 174 <conf:(1)>(ift1) lev:(0.06) [15] conv:(15.82)

B60=1 B64=1 201 ==

B53=1 B64=1 198 ==

B43=1 B60=1 195 ==

B31=1 B60=1 189 ==

B43=1B57=1 189 ==

B31=1B57=1 186 ==

> B56=1 198 <conf:(0.99)> lift@R) lev:(0.06) [15] conv:(4.57)
> B56=1 195 <conf:(0.98)> lift@R) lev:(0.06) [15] conv:(4.5)
> B56=1 192 <conf:(0.98)> lift@R) lev:(0.06) [14] conv:(4.43)
> B56=1 186 <conf:(0.98)> lift@R) lev:(0.05) [14] conv:(4.3)
> B56=1 186 <conf:(0.98)> lift@R) lev:(0.05) [14] conv:(4.3)

> B56=1 183 <conf:(0.98)> lift@&) lev:(0.05) [13] conv:(4.23)
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B31=1 B64=1 186 ==> B56=1 183 <conf:(0.98)> lift@R&) lev:(0.05) [13] conv:(4.23)

B57=1 B64=1 186 ==> B56=1 183 <conf:(0.98)> lift@&) lev:(0.05) [13] conv:(4.23)

B57=1 B64=1 186 ==> B60=1 183 <conf:(0.98)> lift{T) lev:(0.1) [26] conv:(7.4)

B68=1 B76=1 186 ==> B72=1 183 <conf:(0.98)> liftZ2) lev:(0.12) [32] conv:(8.98)

B52=1 B64=1 183 ==> B56=1 180 <conf:(0.98)> lift@R&) lev:(0.05) [13] conv:(4.16)

B57=1 B60=1 B64=1 183 ==> B56=1 180 <conf:(0.98jt(1.08) lev:(0.05) [13] conv:(4.16)

B56=1 B57=1 B64=1 183 ==> B60=1 180 <conf:(0.98jt(1.17) lev:(0.1) [26] conv:(7.28)

B57=1 B72=1 180 ==> B60=1 177 <conf:(0.98)> lift4T) lev:(0.1) [25] conv:(7.16)

B79=1 B92=1 180 ==> B96=1 177 <conf:(0.98)> lift14) lev:(0.08) [21] conv:(6.14)
DISCUSSIONS

The purpose of this empirical study was to exptam motives, emotional and non-emotional, and theisibn-making
process that lead consumers to the product maM@ing adults and social media consumers were adtaneid
psychometric scales measuring their emotionaltgbilhnovative methods of analysis were appliedtfar interpretation
of the results. Data mining rules extracted froipet#ive sequences. Specifically, 264 cases ofreswemers extracted. In
the parameter of trait emotional intelligence aadipularly the results of the psychometric scdl@BIQue, females (age
range: 18-21) have shown lower sociability and éomafity rather than males of the same age rangeth® other hand,
males (age range: 22-24) indicate normal ratekenfactors of emotionality, sociability and wellihg, whereas females
of this particular age range, tend to present Bigtiability. Both males and females (age rangevel®b years) present
normal rates in the four factors of TEIQue and higtiues in the majority of the scale CEAS questiémscluding
guestions 2,5 and 7 where the observed values iwéogv rates).Regarding gender, male over womepeaged to occur
more influenced by their personality in their com&w behavior via social media as it affects the wfthink, feelings and
behaving towards themselves and others. In oth&lesdhat administered (BEES, EQ)in the emotiorsabmeter of

empathy, no significant differences can be refeamd also, there were not sex differences betwedasand females.

The proposed study can be useful in some respéfitis.advances in empirical understanding of theeulyihg
dimensions of emotional ability, and advances ipchemetrics and in innovative computational methoflanalysis,
research may now begin to develop useful instrumémtassess a consumer’s level of emotional abith this
knowledge, researchers will begin to understand thmse emotional abilities affect, not only indivéd decision making,

but also group interactions.
CONCLUSIONS

In order to conclude and clarify the consumer ba&hanf young adults on social networks, one gendedérmination of
outcomes can be exported. In the field of marketthig paper may be a convenient tool for inteipgepsychological
issues of young adulthood in the male-female ematiantelligence community. The magnitude to whjghnning is
beneficial in ensuring consistent use of healthises depends on its capacity to adapt the pravisfdacilities to support

consumer decision-making.
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The approaches outlined in this article have inetudpproach to the consumer behavioral analystsctra
help clarify the required reforms. Modeling the d@pment of individual expectations for primary hieeare providers
offers an alternative valuable method to considher trade-offs between the characteristics of theviger on which

consumer decisions are based.

In addition, the findings indicate that variatidngecision-making, as measured in an experimeettihg, are
related to the socioeconomic and behavioral charatits of the sample. Further research couldwalioe decision-

making strategies of massive samples to be preblaieghe basis of surveys of small sample sizes.

In certain ways, health care options are diffefemtn those discussed in most consumer research; tme
does not assume a simple transition of methods finensetting to another. Some of the possibilibethe transition of
psychometric modeling techniques to the study osamer health care decisions have been demonshwatbis research.

The outcomes are positive and promote further wotkis direction, despite the many problems remngimunresolved.
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