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Abstract

In contemporary educational contexts, the importance of academic excellence and the essential
skills of teachers is becoming increasingly critical. The demand for continuous professional
development has become paramount, as educators must constantly adapt to new technologies,
teaching methods, and student needs. Consequently, understanding which competencies are
critical for effective teaching and how they can be cultivated remains a major issue in modern
educational systems. However, a key challenge facing academic institutions is the lack of a clear
and comprehensive framework for defining and assessing teacher competencies in Higher
Education (HE). Many studies have attempted to identify a competency model by examining both
the conceptual framework exploring educational concepts as well as learning theories focusing on
teaching staff roles and competencies in higher education. However, many of these studies remain
purely theoretical, while others concentrate on narrow categories, failing to provide a
comprehensive and practical competency framework tailored to academics. Without such a
framework, educational institutions struggle to establish consistent and reliable methods for

developing and assessing their teaching staff.

At the same time, a gap remains in how specific teaching competencies can be effectively
identified and measured. Traditional methods for evaluating teacher performance, such as student
surveys and peer assessments, often rely on standardized, quantitative data, which may overlook
nuanced insights embedded in open-ended student feedback. Furthermore, the rapid advancement
in Machine Learning (ML) techniques and Sentiment Analysis (SA) offers new opportunities for
exploring educational data in more sophisticated ways. However, there is a lack of research
investigating how these methods can be utilized for assessing teacher competencies and how they
compare to traditional techniques. Consequently, despite the acknowledged significance of
teaching skills in achieving high-quality education, the absence of internationally recognized
standards, along with the limited use of innovative data analysis techniques—including methods
employing ML algorithms—restricts the meaningful evaluation and development of teaching

practices.

These gaps—both in defining a clear framework for teacher competencies and in measuring
them—represent a key area that this research aims to address. By establishing a detailed
framework for teacher competencies and exploring innovative data analysis techniques, this study
will provide valuable insights into how student feedback can be leveraged to assess and improve

teaching quality.
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This research aims to address these challenges by identifying, evaluating, and developing a
framework of competencies tailored to higher education, with the ultimate goal of improving
teaching quality. More specifically, the initial aim of this study is to do extensively assemble, analyze
and synthesize previous research in order to investigate and identify teaching staff competencies
derived from the roles and tasks attributed to university professors. Through an original in-depth
review, an attempt is made to identify and classify the teaching staff competencies in higher
education, revealing the gap between the perceived and actual importance of various
competencies. Subsequently, by employing SA and ML methods, this study analyzes qualitative data

from student feedback to gain deeper insights into their perceptions of teacher competencies.

The findings of this research advocate for the integration of these innovative data analysis
methods into teacher evaluation and development programs, offering essential tools for enhancing
teaching quality. These findings are compared to the competency framework that emerged from
our previous research, providing a unique opportunity to validate and expand our understanding

of what defines effective teaching in higher education.

Through our aims and objectives, this research seeks not only to define the competencies
necessary for effective teaching but also to explore innovative techniques for measuring them using
student feedback data. By bridging the gap in defining educator competencies and developing
methods for their assessment, this research aims to offer valuable insights that will improve both
teaching quality and student learning experiences in higher education. Finally, the results
underscore the importance of continuously adapting teaching skills to meet the demands of
technological and educational advancements, ensuring that teachers are well-equipped to address

the contemporary challenges in higher education.

Keywords
Teacher quality; Teacher competencies; Student feedback analysis; Open-ended data; Topic
modeling in education; Sentiment analysis in education; Machine learning; Teaching evaluation;

Learning analytics; Data mining
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NepiAnyn

Jta olyxpova ekmaldeuTIKA TAaiola, n onuacia ¢ akadnuaikng aploteiag Kal Twv Bactkwv
Se€lotTwy Twv ekMASeVTIKWY Yivetal oloéva kal o kpiowwn. H amaitnon ywa ouvexn
emayyeApatiky €EEAEN £xel KaTtaoTtel TPwTApXLKA, KoOwG oL ekmaldeuTikol TPEMEL va
TPOooapUOloVTOL CUVEXWE OTIC VEEC TEXVOAOYIEC, TIC LEBOSOUC SLI6AOKOALOC KOL TIC AVAYKEG TWV
doutntwyv. Katd ouvémela, n katavonon Twv LKAVOTATWY ToU €Elval Kplolweg ywo tnv
QTOTEAEGUATIKI SLO0OKAALO KOL TOU TPOTIOU LE TOV OTIOL0 PUItopouV va KaAAlepynBolv mapapével
peilov {ATnUa ota cuyxpova EKMALSEUTIKA cuothuata. Qotoco, Ula POk TPOKANGCNH ToU
avTIUETWIilouv T akadnuaikad Wpupata sival n éAewpn evog cadol¢ Kal OAOKANPWHUEVOU
mAatolou yla tov KaBoplopd Kal tnv afloAOynon TwWV LKOVOTHTWV TWV EKMALSEUTIKWY OTNV
TpwtoBaBuia Exmaibeuon (AE). MoAAég peléteg €xouv Tpoomabnoesl vo mpocodlopicouv éva
LOVTEAO LKOWVOTNTWVY TWV EKMALSEVUTIKWY, £EETATOVTAC TOOO TO EVVOLOAOYIKO TAQiGLO TtoU Slepeuva
TIC eKTMOLOEUTIKEG EVVOLEG 000 KoL TG Bewpleg pdbnong mou eotldlouv OToUG POAOUG Kal TLC
LKOVOTNTEG TOU SLSOKTIKOU TIPOCWTILKOU oTNnV TpLtoBadula ekmaldeuon. AMO QUTEG TG UEAETEG
GA\ec TapOpEVOUV KaBapA BewpnTIKEC Kol QAANEC ETUKEVIPWVOVTOL OE OTEVEC KATNYOPLES,
QITOTUYXAVOVTOG £TCL VA TIOPACXOUV £V OAOKANPWHEVO KOl TIPOKTIKO TAQIOLO LKOWVOTATWV
TIPOCOPUOCHEVO OTOUC akadnuaikouc. H oamouciot &vog TETOOU TAQLOIOU avaykalel Ta
EKTIALSEUTIKA LOpU AT va aywvilovtal va KaBlepwoouv oUVETELG Kal aflomioteg ebddoug yla tnv

QVATTUEN KaL TNV afloAoynon tou SLEAKTIKOU TOUG TIPOCWIILKOU.

Tautoxpova, TAPAUEVEL €va KEVO OTOV TPOTIO HE TOV OMOL0 WMoPoUV va EVIOMLOTOUV Kol va
METPNOOUV ATMOTEAECATIKA CUYKEKPLUEVEG EKTIOLOEVUTIKEG LKAVOTNTEG. OL mapadootakeg pEbodol
yla TNV afloAdynon Tng amodoong Twv eKMOLSEUTIKWY, OTWE OL €PEUVEG dOoLTNTWY KOl oL
aELOAOYNOELG ATIO OUOTLUOUG, Bacilovtal CUXVA OE TUTIOTIOLNIEVA, TIOCOTIKA Sedopéva, Ta omoia
evbExeTal va mapaBAEnouv SLadopomoLNUEVES LOEEC TIOU EVOWATWVOVTAL OTA OXOALA OVOLXTOU
TUTIOU €pWTNACEWV TwV doltnTtwy. AN TNV AMAn, n toxela MPoodog OTIC TEXVIKEG MNXAVIKAC
Mabnong (MM) kat otnv Avaluon JuvaloBiupatog (AZ) mpoodépsl véeg eukalpleg yla tv
gfepelvnon Twv ekmalbeuTikwy Sedopévwy pe To e€eAlypévoug Ttpomous. QoTtooo, UTIAPXEL
EMewpn €pesuvag mou va Slepeuvd WG oUTEG ol péBodol pmopolv va xpnotpomnolndolv yla T
0€LOAOYNON TWV LKOVOTNTWY TWV EKMALSEUTIKWY KOL TIWE CUYKpIvovTal HE TIG MOpaSOCLAKEG
TEXVIKEC. KTA GUVETELQ, TIPA TV AVOYVWPLOUEVN onpooia Twv SteakTtikwy €lotnTwy yla thv
enitevén exmaidsuong uPnAng moldtnTag, N amoucia SLeBvwg avayvwpLoPEVWY PoTUNWY, padl
LLE TNV TIEPLOPLOPEVN XPAON KALVOTOUWY TEXVIKWY avaAluong 8e8opévwy - cupmepAapBovopévwy
nEBOSWVY Tou Xpnotpomololv aAyoplBuoug ML - meplopilouv tn ouclactiky afloAdynon Kot

QVATTUEN SLEOKTLKWV TIPAKTLKWV.
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AUTA TA KEVA -TO0O 0TOV KaBopLlopd evog oadoug MAALGloU yLa TLG LKOWVOTNTEG TWV EKMOLSEUTLKWV
000 KOl 0TN HETPNOH TOUG- AVIUTPOCWIIEVOUY £vayv BaoLko TOUEN TTOU OTOXEVEL VA OVTLLETWITIOEL
autn n épeuva. Me Tn Onuloupyia evog AsmTopepoUC TAOLOIOU yla TIC LKOVOTNTEG TWV
EKTIALSEUTIKWY KOl TN SLEPEUVNON KALVOTOUWY TEXVIKWVY avaluong SeSopévwy, auth n HEALTN
TAPEXEL TIOAUTLUES YVWOELS YLO TO TIWE Umopel va aglomotnBet n avatpododotnon twv doltntwv

yla tnv afloAoynon kat tn BeAtiwon tng notdtntog StdaockaAiag.

H nmapoloa £psuva 0TOXEVEL VO AVTILETWITIOEL QUTEC TLG TTPOKANOELG evtomilovtag, afLoAOYwVTOG
KOL QVOMTUCOOoVTAC £Va TTAQCLO LKOVOTATWY TIPOCAPUOCUEVO OTnV TpLtofabuta ekmaibeuon, pe
OMWTEPO OTOXO TN BeATiwon NG moldtnTog TN StbaokaAiag. Mo CUYKEKPLIEVA, O APXLKOG OTOXOC
QUTNG TNG LEAETNG ElvaL N EKTEVAC CUYKEVTPWON, avAAuon Kal cUvBeon MPONYOUUEVWY EPEUVWV
LE OKOTIO TN SlEPEVVNON KAl TOV TIPOGSLOPLOUO TWV LKAVOTHTWY TOU SI8AKTIKOU TTPOCWTILKOU TTIOU
QTOPPEOUV QMO TOUCG POAOUG Kal Ta KaBrnkovta mou anodidovtal oe KaONyNTEG MAVENLOTNLIOU.
Méoa amd plo Tpwtotunn o BAabog avaokOmnon, EMIXELPEITAL VO EVTOTLOTOUV Kal Vol
taflvounBolv oL KOVOTNTEG TOU OLOOKTLKOU TIPOOWTLKOU otnv Tpltofabuia  ekmaidesuon,
QTOKOAUTITOVTOC TO XAoUA UETAEY TNG AVTIANTITAG KAl TNG TMPOYHOTIKAC onuooiag Twv dladopwv
LKOVOTATWV. TN OUVEXELD, HE TN Xpnon HeBodwv A kat MM kal tnv avaAucn TOLOTIKWVY
SeSopévwy amod tnv avatpododotnon Twv GolTtNTWV ATOKTWVTAL BaBUTEPEC YVWOEL OXETLIKA UE

TG AVTAAWPELG TWV EKTTALSEVOUEVWV VLA TIG LKAWOTNTEG TWV EKMALSEUTIKWVY TOUC,.

Ta gupnApOTA AUTAG TNG EPEUVAC CUVNYOPOUV UTIEP TNG EVOWMATWONG QUTWV TWV KOLVOTOUWV
pneEBOSWVY avaAluong SeSoUEVwY O TMPOYPAMMOTA OELOAOYNONG KAl OVATTUENG EKTTALSEUTIKWY,
npoodépoviag Paolkd epyadeia yla tn BeAtiwon g mowotntag tng SidaockaAiag. Autd ta
EUPNLATO CUYKPLVOVTOL LLE TO TTAALCLO LKAWVOTATWY TIOU TIPOEKUE Ao TNV aPXLKr €PEUVA LLOC TIOU
otnpixOnke otnv PLPAloypadio, mapexovrag pia Lovodik gUKALplol VO EMLKUPWOOUME KAl va
SlEUpUVOUPE TNV KATAVONOH HOG YL TO TLopilel TNV amoteAeopotikr) Stbackalia otnv Tpitofaduia

ekmaidevon.

Mo cuyKeKpLUEVQ, N TTapovoa £psuva eoTLAlovVTaG oToV 0pLopd, TNV afloAdynaon Kot Thv evioyuon
TWV LKOVOTATWY TWV EKMALSEVUTIKWY CUMPBAAEL TOAUTIAEUpO OTOV XWPO TNG TPLTOPABULOC
eknaidevong. Me tn olvBeon BewpnTIKWV MAALCLWY, KAULVOTOUWV HEBOSOAOYLWV KOl TIPOKTLKWV
edappoywv, MPOAYEL TNV KATAVONON YLOL TIC OTTOTEAECUATIKEG SLOOKTIKEG TIPAKTIKEG Kal Tov poAo
TOUG OTNV TPOWBNON TNG CUMMETOXNAG KAl TN LKAVOTIOINONG TwV UAONTWY 0TV EKMALSEUTIKA

Sladikaota. OL Bactkég ouvelodopég auThg Tt StatplPrg meptypadovral we e€Ng:

Avarmntuén mAaLoiou LKOVOTNTWY EKMALSEUTIKOU: INUOVTIKA cUMPBOAR aUTAC TNG €peuvac sival n

Slapopdwon evog OAOKANPWHEVOU TAALCIOU KOVOTATWY EKMOLOEUTIKWY OTNV TPLtofadula

ekmaidevon, Onweg SnUooleUTNKE oTNV gpyaocia pag pe TitAo «Avookomnon tng €PEUVag yLa TIG
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LKOVOTNTEG TWV EKTMALSEUTIKWY otV Tpttofadua ekmaideuvon» (Dervenis et al., 2022). Autd Tt0
mAaiolo xpnolpelel wg Bacikd onueio avadopds ywa tn SlaoddAlon TNG MOLOTNTAG OTNV
MPOcAnYn, TNV EMOYYEALOTIKI aVATTTUEN Kot TNV afloAdynon Tou SLdaktikol mpoowrtikoU. MNépa
onmd TNV TPOKTIKA Tou afla, to TAaiclo SleUKOAUVEL TOV OUGCLAOTIKO SlaAoyo HeTafl Twv
evOLAPEPOUEVWY, CUUTIEPIAAUBAVOUEVWY TWV UTIEUBUVWV XAPAENG TTOALTIKAC, TWV EKTTALSEUTIKWY,
TWV EPELVNTWV Kal TwV SleuBuvtwy ekmaideuong, evioxUovtag pLo GUAAOYLKN TIPOCEYYLON YLa TN
Awaodpaiion Mowotntag (AM) kat tnv eknmaldeuTikn BeAtiwon. Aivovtag Epudaaon otov e€€xovta poAo
QUTWV TWV LKAVOTATWY OXL Hovo otn dadikaoia Stdaokaliag-pabnong aAAG KoL OTo EPYACLOKA
KOL OTOL EUPUTEPO KOWVWVLKA TEPLBAAAOVTA, TO MAQICLO UTIOYPAUULIIEL TOV OUGLACTIKO POAO TOUG

OTNV QTMOTEAECUATLKNA OMOKPLON OTLG TPOKANOELG KOl TNV EMITEVEN BEATIOTWY ATMOTEAEGLATWVY.

Katvotouoc ebapuoyn tne MM otnv eknaidsuon: Auti n dlatplpn yedupwvel To XAOUA LETAEY

TWV MOPASooLaKWV HEBOSWV EKTTALSEUTIKAG AVAAUGNG KoL TWV aVOSUOUEVWY TEXVIKWV MM, 0mwg
SnuootelTnKe og pla amo TIg HeAETEG paG He Titho "Sentiment analysis of student feedback: A
comparative studying employing lexicon and machine learning techniques" (Dervenis et al., 2024).
Ale€ayovTac pLo cUYKPLTLKN avaAuon cupBatikwy kat MM mpooeyyicewv, aflohoyel ta avtiotoya
duvatd onuela Kol MEPLOPLOUOUG OTNV KATAVONON Twv ekmaldeutikwv Sedopévwy. H épsuva
evtomilel PBEATIOTEC TPAKTIKEG yla TNV avaAuon O6edopévwy Keylévou, Olaitepa TNV
ovatpododotnon Twv HadNnTwy, TAPEXOVTAS AELOTILOTEG YVWOELS OXETIKA UE TIG LKAVOTNTEG TWV

EKTTALSEUTIKWY KOIL TOUC TTAPAYOVTEG TTOU €MNPEAIOLV TNV LKAVOTIOINGN TWV LadnTtwv.

Evowpdtwon texvikwyv AY otnv afloAdynon kavotAtwy: Mia emumAéov cUBOAN AUTAG TNG EPEUVAG

elval n epapuoyn Twv TEXVIKWV A oTNV afLOAGYNON TWV LKAVOTATWY TWV EKTIALSEUTIKWY, TIOU
avolyel véoug §popoug yla thv afloAdynon tng amoteAeopatikotnTag e Stdaokaliag kat tov
EVTOTILOWO TteploXwV Tpog BeAtiwon, onwe dnupooteltnke oe GAAN PeAETN pe TiTAO «Assessing
Teacher Competencies in Higher Education: A Sentiment Analysis of Student Feedback» (Dervenis
et al,, 2024). H olykpLon Twv TexViKkwy Tou Bacilovtal oe Ae€iko kol o MM péoa oto mAaiolo Tng
ekmaidevong mpoodépsl pa Loxupry Bdaon ylo HEAAOVTIKA £psuva MAVWw ot UeBOSouG

0€LOAOYNONG LKAVOTTWV.

MpowBnon tou pdAou TNG TEXVNTAG vonuooUvNg otnv ekmalbeuTikr) avaiuon: Authi n épeuva

UTIOYPOUUIZEL eMiong TIC SuVATOTNTEC TWV EPYAAEiWV TTOU UTTOOTNPL{OVTOL Ao TEXVNTH Vonoouvn,
onw¢ ta chatbots, otnv amlomnoinon kot T BeATiwon TG avaAuong TwV oXOAlwY Twv padntwv,
Omw¢ avoAletal oto Xelpdypado pag mou Ppioketal eni Tou mMAPOvVTog uld avabewpnon mPog
dnuooisvon. EmiSelkviovtag tn okomuotnta xprong chatbot yia A kat e€6puén yvwung, n LeEALTN
UTIOYPOUUIZEL TNV IKAVOTNTA Toug va e€opBoloyilouv Tig Stadikaoie¢ ouAAoyNG Kal epunvelag

S6ebopévwy. Auth n ouvelodopd OxL LOVO QTTAOTIOLEL TN PO AVOAUTIKWY €pyacLwy, oAAG Kot
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LEYLOTOTIOLEL TO EUPOG TWV TIPAKTIKWV TIANpodopLwV Tou eival SLaBECLIEC 0 eKMALEEUTIKOUG Kal

SLoELPLOTEG.

MNpaktikn edapuoyn: Ta gupAuota autng Tng SLaTpLBr¢ £XOUV AUECEC OUVETELEG OTNV

EKTIALOEUTLKN TIOALTIKH KL T(PAKTLKA. Mapgxovtag pia SoUnUEVN TTPOCEYYLON VLA TOV KABOPLOUO Kot
™V afLOAOYNON TWV LKAVOTATWY TWV EKMOLSEUTIKWY, OQUTH N £peuva umootnpilel tn AnYn
anodpacewv PAaocel oToleiwv oe Beopikd Kal eBviko eminedo. EmumAfov, oL peBodoloyieg Kat ot
L6€e¢ MoU TtapoucLalovtal o QUTH T LEAETN PoodEpouv MOAUTLUA epyadeia yia Tn BeAtiwon Tng

nolotnTag tng StdaokaAiag Kat, Kat' EMEKTACN, TWV LABNCLOKWY EUTTELPLWY TWV EKTIOLEEUOUEVWV.

JUVOTTTIKA, auth n SlatplBry ouvelodEPEL OUCLAOTIKA OTOV TOMEQ TNC QVWTATNG eKmaibsuong
opilovtag £va Loxupo MACLCLO TWV LKAVOTATWY TWV EKTTALSEUTIKWY Kol avantiooovtog Lebodoug
yla TNV a€LoAOynor) Toug, e TN XPNOLUOTIolNon KOWVOTOUWY TEXVIKWY aVAAUONG SE80UEVWV KAl UE
N SLepelivnon TWV MaPAyOVTWY IOV EMNPEGIOUV TNV ATTOTEAECUATIKOTNTA TN StdackaAiag. Méow
OUTWV TWV ouvelopopwy, N €peuva OXL MOVO €UMAOUTIZEL TNV akadnualkn katavonon, aAd
Slaodalilel eniong 6t n AE mapapével cUUPATH HE TLG TTOYKOOULEG EKTTOLOEUTIKEG TTIPOOSOUG,
EVIOYUOVTAG TIPOKTLKEG TIOU QVTIUETWII{OUV TG €EEALOCOUEVEC OVAYKEG TwV HaONTWVY, TWV
EKTIOLOEVUTIKWY KOL TWV UTIEVLBUVWV XApaéng TMOALTLKAC Kat mpoodépovtag AVCELC yia Tn PeAtiwaon
TOOO TWV SLOAKTIKWY TIPOKTIKWY KAl TNG ToLoTNTAC TNG S1800KaAlOC 000 Kol TwV Habnolakwy
anoteAeopdtwy otnv tPLtoBabula eknaidevon. TéEAog, Ta amoteAéopota umoypaupilouv tn
ONUaoLa TNG CUVEXOUG IPOCOPUOYAC TwV SeflotTwy SLEaoKAALAG, WOTE VA AVIATIOKPIVOVTAL OTLG
QTTALTAOELG TWV TEXVOAOYLIKWVY KAl EKMALSEVUTIKWY TPoodwy, Slacdaiilovtag OTL oL EKMALOEUTIKOL
elval kaAd €EOMALOMEVOL ylA VO QVTLLETWIILOOUV TIG OUYXPOVEC TIPOKANCELG oTNV TPLtofabduia

ekmaidevon.
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1. Introduction

1.1. Introduction to the subject

In today’s rapidly evolving educational landscape, the need for competent educators has never
been greater. The quality of teaching, which directly impacts student learning outcomes, is
increasingly recognized as a critical factor in the development of intellectual and professional
capital—not just on an individual level, but even at the level of an entire nation. This growing
recognition has driven educational reforms worldwide, with a focus on identifying, developing, and

enhancing teacher competencies, particularly in higher education.

Competencies, broadly defined as the combination of knowledge, skills, and abilities that enable
individuals to perform effectively in a given context (European Commission, 2008), are essential for
educators. For example, understanding effective teaching methods, being proficient in the use of
digital tools for learning, and creating an inclusive and encouraging classroom atmosphere are vital
competencies for educators in the modern era. For teachers, these competencies include not only
expertise in a specific subject area but also pedagogical skills, social abilities, and personal
development strategies that foster an engaging and effective learning environment. The demand
for continuous professional development has become paramount, as educators must constantly
adapt to new technologies, teaching methods, and student needs. As a result, understanding which
competencies are critical for effective teaching and how they can be cultivated remains a key

challenge in our educational systems.

At the same time, the role of data, particularly student feedback, in evaluating and improving
teaching practices has drawn significant attention in recent years. Academic institutions, with
access to vast amounts of educational data, are increasingly turning to data mining and SA methods
to extract valuable insights from student feedback. This data, often collected through traditional
closed-ended questionnaires, can reveal crucial information about various aspects of the teaching
and learning process, such as the effectiveness of teaching methods, the competence of instructors,
and the alignment of course’s content with learning objectives (Rybinski, 2023; Mayordomo et al.,
2022). However, despite the availability of large datasets, traditional methods often fail to fully
capture the richness of student perspectives, especially in open-ended feedback. This highlights the
need for more advanced data-driven approaches to analyse textual data and uncover deeper
insights. Contemporary approaches and techniques that use ML algorithms, drawn from other
fields, such as .... can be utilized to analyse and categorize subjective information within text,
offering a promising solution to this challenge. By leveraging these computational methods to

analyse and categorize subjective information, institutions can gain a more nuanced understanding
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of how students perceive their instructors and the overall learning experience. These approaches
will help not only identify strengths and weaknesses in teaching practices but also provide reliable
data that can inform curriculum design and teaching strategies (McDonald et al., 2019). The
integration of such advanced analytical techniques can assist institutions in making data-informed
decisions to improve teaching quality, ensuring that educators are better equipped to meet the

diverse needs of their students.

In conclusion, the need for educators to possess a wide range of competencies is central to
improving the quality of education. As institutions strive to meet the challenges of a constantly
changing educational environment, the integration of data analysis techniques, such as SA, topic
modeling and machine learning, provide powerful tools for evaluating and improving teaching
practices. By harnessing the wealth of student feedback data, universities can make informed
decisions that not only enhance teaching effectiveness but also contribute to the overall
improvement of student learning experiences. This ongoing process of reflection, analysis, and
adjustment is essential to creating an educational system that is both adaptive and responsive to
the needs of its learners. All of the above served as the foundation and starting point for our
research, guiding us in the search of a specific framework for teacher competencies and methods

for measuring them.

1.2. Research problem

One of the primary challenges in HE is the lack of a clear and comprehensive framework for
defining and measuring the competencies of educators. While it is widely accepted that teacher
effectiveness directly impacts student learning outcomes, a significant gap remains in
understanding which specific competencies are essential for effective teaching. This gap is
particularly evident in the absence of an internationally recognized framework for identifying the
critical competencies that educators should possess. Without such a framework, educational
institutions struggle to establish consistent and reliable methods for assessing and developing their

teaching staff.

At the same time, there is still a gap in how specific teaching competencies can be effectively
identified and measured. Traditional methods for evaluating teacher performance, such as student
surveys and peer assessments, often rely on standardized, quantitative data, which may overlook
nuanced insights embedded in open-ended student feedback. Furthermore, the rapid
advancement in ML techniques and SA offers new opportunities for exploring educational data in
more sophisticated ways. However, there is a lack of research investigating how these methods can

be utilized for assessing teacher competencies and how they compare to traditional techniques.
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These gaps—both in defining a clear framework for teacher competencies and in measuring
them—represent a key area that this research aims to address. By establishing a detailed
framework for teacher competencies and exploring innovative data analysis techniques, this study
will provide valuable insights into how student feedback can be leveraged to assess and improve

teaching quality.

1.3. Research aims and objectives

The primary goal of this research is to address the existing gap in HE regarding the definition and
measurement of teacher competencies. Specifically, this study seeks to identify and create a
comprehensive framework of the competencies required for effective teaching. The absence of
such a framework provides an invaluable opportunity to evaluate and improve teaching practices,
asitis crucial to understand which competencies are fundamental to fostering student learning and

enhancing overall teaching quality.

To achieve this goal, the research will pursue the following objectives:

e Identifying and defining the core competencies of teaching staff higher education: This
objective aims to create a clear framework outlining the competencies necessary for
effective teaching, drawing on both theoretical foundations and practical insights from

existing literature.

e Exploring the extent to which these competencies are addressed in the current literature:
This objective will involve a review of existing studies and frameworks related to teacher
competencies, identifying what has been covered and highlighting gaps that remain in

understanding the full spectrum of competencies required for successful teaching.

e Exploring the use of student feedback data, particularly written text, to measure teacher
competencies: This objective will examine how SA techniques and ML algorithms can be
applied to student feedback in order to assess specific competencies and gain insights into

effective teaching.

e Comparing and evaluating different data analysis techniques for measuring teacher

competencies: This objective will examine various methods, including ML approaches and
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lexicon-based techniques, to determine their effectiveness in analyzing student feedback

and providing accurate assessment of teacher competencies.

e Examining how the nature of a course affects student perceptions of teacher competencies:
This objective will explore whether student perceptions of teacher competencies vary

based on factors such as the difficulty of the course content.

e Exploring the relationship between competencies identified through Topic Modeling (TM)
and those documented in the literature: This objective will compare competencies derived
from student feedback analysis using appropriate algorithms, with those proposed in

existing educational frameworks, assessing alignment and potential discrepancies.

e Examining the effectiveness of chatbots as data analysis tools in student satisfaction
surveys: This objective will focus on whether chatbots can be used effectively to analyze
student feedback, particularly in terms of their ability to measure sentiment and provide

useful insights into teaching quality.

Through these aims and objectives, the research seeks not only to define the competencies
necessary for effective teaching but also to explore innovative techniques for measuring them using
student feedback data. By bridging the gap in defining educator competencies and developing
methods for their assessment, this research aims to offer valuable insights that will improve both

teaching quality and student learning experiences in higher education.

1.4. Contribution

Our research provides a multifaceted contribution to the field of higher education, focusing on
the definition, evaluation, and enhancement of teacher competencies. By synthesizing theoretical
frameworks, innovative methodologies, and practical applications, the research advances our
understanding of effective teaching practices and their role in fostering student engagement and

satisfaction. The key contributions of this dissertation are outlined as follows:

e Development of a Teacher Competencies Framework: A significant contribution of this
research is the formulation of a comprehensive framework of teacher competencies in
higher education, as published in our paper titled “A review of research on teacher
competencies in higher education” (Dervenis et al., 2022). This framework serves as a
pivotal reference point for ensuring quality in the recruitment, professional development,

and evaluation of teaching staff. Beyond its practical value, the framework facilitates
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meaningful dialogue among stakeholders, including policymakers, educators, researchers,
and education managers, fostering a collaborative approach to Quality Assurance (QA) and
educational improvement. By emphasizing the prominent role of these competencies in
the teaching-learning process, workplace environments, and broader societal contexts, the
framework highlights their essential role in responding effectively to challenges and

achieving optimal outcomes.

e |nnovative Application of ML in education: This dissertation bridges the gap between
traditional educational analysis methods and emerging ML techniques, as published in one
of our studies titled "Sentiment analysis of student feedback: A comparative study
employing lexicon and machine learning techniques" (Dervenis et al., 2024). By conducting
a comparative analysis of conventional and ML approaches, it evaluates their respective
strengths and limitations in understanding educational data. The research identifies best
practices for analyzing textual data, particularly student feedback, providing actionable

insights into teacher competencies and the factors that influence student satisfaction.

e Integration of SA techniques in competency assessment: a novel contribution of this
research is the application of SA techniques in assessing teacher competencies, opening
new pathways for evaluating teaching effectiveness and identifying areas for improvement,
as published in another study titled “Assessing Teacher Competencies in Higher Education:
A SA of Student Feedback” (Dervenis et al., 2024). The comparison of lexicon-based and ML
techniques in the context of education offers a robust foundation for future research,

paving the way for more precise and scalable methods of competency assessment.

e Advancing the role of Al in educational analysis: This research also highlights the potential
of Al-powered tools, such as chatbots, in simplifying and enhancing the analysis of student
feedback, as discussed in our manuscript currently under review for publication. By
demonstrating the feasibility of using chatbots for SA and opinion mining, the study
underscores their capacity to streamline data collection and interpretation processes. This
contribution not only simplifies the analytical workflow but also expands the scope of

actionable insights available to educators and administrators.

e Practical Application for Policy and Practice: The findings of this dissertation have direct
implications for educational policy and practice. By providing a structured approach to
defining and assessing teacher competencies, this research supports evidence-based

decision-making at institutional and national levels. Additionally, the methodologies and
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insights presented in this study offer valuable tools for enhancing teaching quality and, by

extension, student learning experiences.

In summary, this dissertation makes a substantial contribution to the field of HE by defining a
robust framework of teacher competencies, employing innovative data analysis techniques, and
exploring the contextual factors that influence teaching effectiveness. Through these contributions,
the research not only enriches academic understanding but also ensures that HE remains in step
with global educational advancements, fostering practices that address the evolving needs of
students, educators, and policymakers and offers practical solutions for improving teaching

practices and student outcomes.

1.5. Thesis outline

Chapter 1: Introduction

This chapter provides an overview of the research, detailing its aims and objectives. Additionally,

it highlights the fundamental research problem and presents the structure of the thesis.
Chapter 2: Literature review - part | (Teacher competencies model)

This section presents an in-depth exploration of the evolving global landscape of skills and
competencies, particularly in the context of higher education. Through a thorough literature
review, we examine both the conceptual framework, exploring educational concepts, and learning

theories, focusing on the roles and competencies of teaching staff in higher education.

Chapter 2: Literature review - part Il (Assessing teacher competencies through student

feedback)

This section presents an overview of the use of data mining techniques in universities today. It
highlights how institutions leverage vast amounts of data, often sourced from student feedback, to
enhance teaching quality. It also discusses the challenges posed by the sheer volume and
complexity of this data and explores how it encompasses various aspects of student experiences,

from course objectives to instructor competence.
Chapter 3: Research design and methodology

This chapter provides a comprehensive overview of the stages involved in the research process
we followed. Through a detailed diagrammatic representation, this chapter aims to describe each

phase of our methodology in a focused and detailed manner.
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Chapter 4: Implementation and results

This chapter aims to provide a comprehensive overview of the implementation process and
results derived from the analysis of student feedback, aligning with the overarching goal of this
dissertation: "Evaluating and Enhancing Academic Excellence: A Competency-Based Model for the
Quality of Teaching". The methods and tools discussed herein are the result of a systematic
application of advanced data analysis techniques across various phases of the research. Specifically,
this chapter integrates insights from five of our published studies, each contributing distinctively to
the analysis of student feedback and the evaluation of teaching quality. While some studies focus
directly on identifying and validating teacher competencies through SA and topic modeling, others
demonstrate the applicability of ML and advanced tools for extracting meaningful insights from

educational data.
Chapter 5: Discussion, conclusions and recommendations

This chapter begins by presenting the conclusions of this research through a detailed discussion
of its key findings. It then highlights the limitations encountered during the study, as well as the
implications for both academia and society. Finally, suggestions for future research are provided to

inspire the research community.

1.6. Summary

This chapter introduces the research topic, focusing on the research problem and the motivation
behind the preparation of this thesis. It defines the aims and objectives of the research, as well as
the overall direction of the methodology followed. Additionally, the outline of the thesis is

presented, identifying the main sections and the structure of the work.
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2. Literature review

2.1. Part 1: Teacher competencies model

This section presents an in-depth exploration of the evolving landscape of skill and competence,
particularly within the context of higher education. It delves into the complexities of defining these
terms in contemporary society, highlighting the various dimensions such as soft and hard skills,
interpersonal skills, and emotional intelligence. Additionally, it sheds light on the crucial role of
educators in fostering learning outcomes and the continuous development of their competencies,
especially within HE. This part of the literature review examines both the conceptual framework,
exploring educational concepts, and the learning theories, focusing on teaching staff roles and
competencies in higher education. Thirty-nine (39) scientific papers were studied in detail from a
total of 102 results, which were eligible based on the preferred reporting items for systematic
reviews and meta-analyses statement. A multi-dimensional approach to teacher competencies in
HE was revealed that consists of six main dimensions with their respective characteristics. Thirty-
three (33) discrete teaching staff competencies were identified and distributed in the

aforementioned dimensions.
2.1.1. Introduction

Skill and competence have always been concepts difficult to define. In the past, however, their
definition seemed a much simpler matter than it is today. Today, the semantics of these terms is as
complex as ever. There are soft and hard skills, skills that are generic and transferable, interpersonal
skills, emotional and aesthetic skills. According to the European education and training policy
(European Centre for the Development of Vocational Training., 2008), "skill" is defined as the ability
to apply knowledge and use know-how to complete tasks and solve problems, while "competence"
is the ability to apply learning outcomes adequately in a defined context (education, work, personal
or professional development), to use knowledge, skills and personal, social and/or methodological

abilities, in work or study situations and in professional and personal development.

Today, more than ever, the challenge of a country's competitiveness is based on highly-skilled
work, across all professional profiles. The European Union has adopted the tendency to upgrade
the skills of its workforce, calling on all its Member States to join this strategic direction by
“Rethinking Education: Investing in skills for better socio-economic outcomes”. In the long-term,
skills can trigger innovation and growth, move production up the value chain, stimulate the
concentration of higher level skills in the EU and shape the future labour market (OECD, 2018; UE,

2012). In addition, as highlighted by the European Commission (Caena, 2013) regarding educational
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competencies, one of the keys to increasing levels of learning is to make sure that teachers have
the necessary competencies for effective learning. In this context, every education system must
adopt the necessary reforms needed for high quality teachers in terms of what competencies are
needed, how these competencies can be identified and developed and what policies can help in
this regard. It is not only necessary to have special competencies such as professional knowledge,
social skills and ability in scientific research but it also necessary to continuously strengthen them,
to inspire students in their future development (Caena, 2013). It is vital that teachers be constantly
encouraged to develop, broaden and cultivate their competencies. In this direction, especially in
the last decade, many countries are moving to review (Caena and Redecker, 2019; Krumsvik, 2014)

and strengthen the profile of their teachers.

Despite the wide variety of approaches to defining the competencies that teachers are generally
required to be able to deploy based on the different national educational policies (Caena, 2013) as
well as the complexity of the concept of ‘competency’ that is used in differing ways, this literature
review attempts to present the competencies of teaching staff in higher education. This chapter
endeavors to collect and synthesize previous research thoroughly in order to identify teaching staff
competencies derived from the roles and tasks attributed to university professors. It also endeavors
to identify the competencies of teachers in HE horizontally, in order to maintain a homogeneous
range, avoiding the inclusion of any domains of expertise that may have additional specialized skills.
Furthermore, an effort is made to examine their impact and importance. Therefore, the research

questions that guided our initial research are:
1. What are the competencies of the teaching staff in HE and what is their impact?
2. To what extent are these competencies addressed in the relevant literature?

In the following subsections of this part, we describe in detail the methodology we followed in
order to collect the relevant literature. Then, relevant tables are used to present the results and
information in a clear and detailed manner. In the last subsection of this chapter, closing remarks

are provided.
2.1.2. Methodology

To get an overall view of the related field, a systematic review was carried out based on PRISMA
methodology. We chose the PRISMA methodology as it represents the gold standard for systematic
reviews in academic research. Its structured approach ensures comprehensive coverage and
minimizes bias in the literature selection process (Page et al., 2021). PRISMA stands for Preferred
Reporting Items for Systematic Reviews and Meta-Analyses. Initially, it was developed as an

evidence-based minimum set of items for reporting in systematic reviews and meta-analyses.
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(Moher et al., 2009). The aim of the PRISMA statement was to help authors improve the reporting
of systematic reviews. PRISMA can also be used as a basis for reporting literature reviews for other
types of research, as in the present study. A search process was thoroughly performed on ACM
Digital Library, IEEE Xplore, Springer, Elsevier and Scholar databases to cover the relevant field.
Boolean operators were used to combine different search queries and proximity operators
(Hammerstrgm et al., 2009) to find words within a specified range. For the purposes of our search
we used the following query in universal format: ((teacher OR "academic staff" OR professor)
NEAR/3 competencies) AND ("higher education" OR "tertiary education"). The NEAR/3 operator in
this search syntax ensures that the terms 'teacher’, 'academic staff', or '‘professor' appear within 3
words of 'competencies' in either direction. Unlike the simpler AND operator, NEAR/3 captures
more relevant results by requiring these terms to be in close proximity, which typically indicates a
stronger conceptual relationship between them. This proximity search helps filter out articles
where these terms might appear in the same document but are not actually discussing teacher
competencies specifically. The '/3' parameter defines this maximum word distance, making the
search more precise than a broad keyword combination. We adjusted it according to syntax
requirements of the above databases and executed appropriate combinations in order to penetrate
the relevant literature and find the appropriate papers for the needs of our research. Between
February and March 2021, the search process was conducted, followed by an examination as to,
which of the 102 retrieved results should be included as eligible or excluded. The examination
criteria had to do with whether they were duplicates, the written language, the title, the abstract
and whether or not the full text was relevant to the purpose of our research. More specifically, in
addition to the 102 retrieved results, another 3 papers were added because of their relevance to
the field although they had not appeared in the search. In the next phase, the initial results were
limited to 93 after having identified duplicates. Next, we screened the titles and abstracts for
articles relevant to our research questions and with a complete text in English. The results were

limited to 69.

Subsequently, the research focused exclusively on the complete content of each of the 69 results

in order to review their eligibility according to:

i) whether the retrieved papers described skills or competencies that were fully or partially

related to the teaching staff in HE and,
ii) whether theories, models and concepts related to the specific field were explicitly mentioned.

Following the above restrictions, 23 papers were removed. In addition, 7 papers were judged

necessary to use for future research purposes.
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Figure 1lillustrates thoroughly the process that was performed based on the template of PRISMA
2020 flow diagram (PRISMA 2020, n.d.), where in the final phase, our bibliographic research

included 39 papers that finally met the research criteria.

c Records identified through ACM Digital
2 Library, IEEE Xplore, Springer, Elsevier Additional records identified
3 and Scholar databases searching through other sources
5 (n=102) (n=3)
()
i
——
M \ 4 Y
Records after duplicates removed
[sTy]
£ (n=93)
!
5 Records excluded, considering their title,
(%]
Records screened p| abstracts and whether they have full
L ) (n=93) text in English (n=24)
'S
o ‘} Full-text articles excluded, due to
= Full-text articles assessed for content being incomplete or irrelevant
S -
=) eligibility R to our research questions or future
w (n=69) research purposes.
(n=30)
————
)
v
- Eligible studies that finally
[J]
S met the research criteria
E (n=39)
——

Figure 1. Relevant bibliography search process flowchart based on PRISMA statement (source: Authors’ own work).

In our analysis we will not focus strictly on the definition of "competence" because we consider
that definitions and concepts are tools scientists use to convey meaning and enable communication
between people exchanging arguments; arguments and ideas matter. Nevertheless, it is worth
noting at least at this point, the approach of ESCO (European Skills, Competences, Qualifications
and Occupations) which, among other things, applies the same definition of “competence” as the
European Qualification Framework (EQF). According to ESCO, “competence” means the proven
ability to use knowledge, skills and personal, social and/or methodological abilities, in work or study

situations and in professional and personal development.

We started our analysis by taking a closer look at the competencies of university teachers by
analyzing concepts, theories and HE teacher roles from the existing relevant literature. Figure 2
summarizes the steps that this section followed to arrive at tangible results. The result of the initial

stage (stage 1) was the final collection of 39 articles based on the PRISMA methodology as described
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in detail in the previous section. Then, in stage 2, these articles were studied focusing on concepts,
theories, principles and teacher roles. Also, through this study, the competency dimension
addressed in the articles was recorded as well as to what extent. For this point, two indicators have
been created which will be mentioned in detail below. Then, in stage 3, following the theoretical
framework and the studies from the existing bibliography that referred to teaching staff
competencies, six dimensions of competencies were identified for our analysis. Also, at this stage,
the discrete competencies were listed, which were then, in step 4, distributed into the above
categories-dimensions. In the final stage (stage 5), the influence of the competencies of the
teaching staff, as well as the other findings of our analysis are summarized and presented in the

relevant tables.

39 eligible Study of the 39 articles Identification of 6
studies that regarding the concepts, competencies
finally met the theories, principles and dimensions.
research criteria teachers’ role.
based on the
PRISMA List of 33 discrete
methodology. List of relevant articles. competencies.

Distribution of the 33
competencies to the 6

dimensions.

Tables 1,2 and 3
were obtained as
results.

Calculation of whether
the dimensions of
competencies appear
and are covered in the
literature we studied.

Figure 2. The study process of the 39 eligible articles (source: Authors’ own work).

It is worth noting that, in general terms, all of the literature reviewed, asserts that university
teacher roles are derived from traditional teacher functions. Consequently, it is necessary to clarify
what these roles are, while at the same time, identify what competencies these roles require within

the specificities of the duties and the mission of university professors (Alvarez et al., 2009).
2.1.3. A multi-dimensional approach of teacher competencies in higher education.

The professor's mission should not be limited to acting as a central point of knowledge transfer
to students alone, but should, through interaction with students, aim at educating and shaping

them in the sense of developing an integrated personality. A university professor has a dual role in
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education, both as a teacher and as an educator. As a teacher, he/she is called upon to provide
appropriate scientific knowledge to students. As an educator, he/she should have a role that
contributes to the formation of the character and personality of a student who complies with the
applicable rules (Mahulae et al., 2020), is kind to their fellow human beings, is active, creative, fair
and cares about the environment (Cebrian et al., 2020). Jerome Delaney (2010), argues that a
teacher should be distinguished by respect, honesty and a constant willingness to help students
learn. Teachers must continually encourage their students, make themselves available and provide
them with guidance. A teacher should be moral and fair to their students. Relevant research
showed that the treatment of students by their teacher in a correct way and guided by fairness has
a positive effect on their results (Blaskova, 2014). The Personality competence dimension concerns
the purely personal aspects of the teacher. It refers to mental and spiritual traits and behaviors that

uniquely characterize the teacher.

In addition, several studies (LOpez-Camara et al., 2018; Bakhru, 2017; Cebrian et al., 2020), good
teaching is that which is also based on the concept of expertise. However, this does not always
mean that experience is the only necessary component for the development of expertise. Teachers
need to know in detail how to teach their subject in terms of learning outcome (Park and Oliver,
2008) but at the same time in an ethical and rational way (G Fenstermacher, 2005). On the other
hand, teaching in general is characterized by uncertainty regarding the diversity of learning
environments and meeting the learning needs of students, requiring the teacher to adapt to each
situation (Vogt and Rogalla, 2009). The Professionalism competence dimension clearly refers to the
subject of one’s professional activity in relation to how specialized a teacher is and how recognized

they are in the field in which they teach.

According to EU Standards and Guidelines for Quality Assurance in European Higher Education
(European Association for Quality Assurance in Higher Education, 2009), teachers are the most
important source of knowledge and learning available to most students. Therefore, it is crucial that
those who teach have a full knowledge and understanding of the subject they teach, the necessary
skills and experience to impart them to students effectively in a variety of teaching contexts and
also have access to feedback on their performance. Another study dealing with the conceptual
approach to teaching staff development is that conducted by Ho (2000), which claims that
conceptions that see teaching as a simple transmission of information are associated with didactic,
uninspiring teaching approaches and also with surface learning in students, while conceptions that
see teaching as facilitating student learning are more likely to be associated with teaching
approaches commonly recommended for deep learning in students. Teachers should place the
student at the centre when designing and structuring educational material. A teacher is, in a way

like a coach who is as good as a parent (Singer and Moscovici, 2008; latrellis et al., 2017). The
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Educational competence dimension refers purely to aspects related to didactics. Itis directly related
to the way that teachers explain a subject to their students and how well they combine methods

and techniques to make it understood by adapting it to the intellectual ability of their students.

Another important dimension is Scientificity which relates to the research that accompanies the
teacher's work. The role of the university professor requires one’s complete dedication to scientific
research, the search for truth, the acquisition of knowledge as well as its promotion and
dissemination through teaching and research, with the ultimate goal of impacting society. Teachers
need to arrive at reliable knowledge by opening up new ways of thinking rather than one-
dimensional views (Tigelaar et al., 2004). They must make the necessary connections with the
knowledge they acquire in order to disseminate it, so that knowledge is constantly evolving and
does not remain isolated and alienated. Research is an essential part of the knowledge building
process. However, there is the perception that teachers who are devoted to research tend to teach
worse because they are busy for long hours. However, results from very important research
conducted by F. Hoffmann and P. Oreopoulos (2009) suggest that there is no strong correlation
between research-focused teachers and teaching-focused teachers. Both categories of educators

have effective and ineffective professors.

According to other views (Mahulae et al., 2020; Bakhru, 2017; Anderson, 2004; Caena, 2011;
Tigelaar et al., 2004; Theall and Franklin, 2001; Long et al., 2014), a good teacher is one who makes
an effort to be in constant contact and communicate effectively with their students by providing
them with information and knowledge. Meaningful interactions enable university professors to
objectively assess their students' progress and guide their future development appropriately
(Blaskova et al.,, 2014). The Communication competence dimension concerns the listening
competencies, accuracy in verbal communication, persuasion and empathy that the teacher uses
as a tool for the educational goal. The elements of this category enhance the effectiveness of the
teacher in terms of the diffusion and understanding of knowledge by others. It contributes to the
absorption of knowledge and avoiding misunderstandings with students and colleagues. With the
right communication competencies, interaction and communication between people becomes

effective and meaningful.

Teachers, in addition to the most important role they play, are also role models for their
students. Our society demands digital competence from its citizens as never before. Teachers need
to be able, not only to clearly demonstrate their digital skills to their students, but to transmit to
them their creative and critical use of this technology. Digital technologies help to enhance and
improve the learning process. Regardless of the teaching approach applied, the instructor’s digital
competence lies in coordinating the use of digital technology in the various stages of teaching, thus
regulating the entire learning process. The digitally competent educator is properly trained to apply
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digital technologies suitably, to design new teaching aids and to provide guidance and support to
their students. Moreover, today more than ever, it is obvious that society needs flexible and
resilient education systems as we face an unpredictable future. Wahab Ali (2020), with thorough
research, focuses on the vulnerabilities of educational institutions that were revealed during the
period of COVID-19. Through the findings of this research, it is confirmed that the digital
competency of teachers is crucial since in times of lockdowns and social distancing as in the COVID-
19 pandemic, online and distance learning is a necessity. The pandemic pushed universities toward
e-learning. To better understand the nature of this competency dimension, the European
Commission has set up the Digital Competence Framework for Citizens (Ferrari and Punie, 2013;
Fitsilis, 2024) and the European Framework for the Digital Competence of Educators and in
particular the DigCompEdu framework (Caena and Redecker, 2019), a widely accepted tool for
measuring and certifying digital competency. This framework is the basis for teacher training and is
addressed not only to the members of Europe but also beyond (Redecker, 2017). Unfortunately,
for many teachers, computer technology and digital competence in general, are still considered as
secondary to the educational process and not a central element of the educational mission. The
Digitality competence dimension is essential for an effective teacher and concerns the set of skills,

knowledge and attitudes that enable the creative and critical use of digital technology.

Following the theoretical framework and the relevant studies from the available literature, we
initially aimed at identifying the main dimensions of the competencies of teachers in HE in a discrete
way. Throughout the process of this exploration, in order to determine the competencies
dimensions, it was found that investigating their characteristics was a powerful key. As a result, the
characteristics of the identified dimensions were delineated, thus reinforcing the meaning of each
dimension, giving it an explicit definition. The result of the described procedure was the
determination of six dimensions of competencies with their respective characteristics, as presented

in Table 1.
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Table 1. A multi-dimensional approach of teacher competencies in HE (source: Authors’ own work).

Competence

dimensions

Characteristics

Appearance in

A: Personality

B: Professionalism

The Personality competence dimension
concerns purely personal aspects of the
teacher. It refers to mental and spiritual
traits and behaviors that uniquely
characterize the teacher. It also includes
emotional mood, patience during
discussions, character and temperament of

a teacher.

The Professionalism competence
dimension clearly refers to the subject of
one’s professional activity in relation to
how specialized a teacher is and how
recognized he/she is in the field in which
they teach. It also refers to how well
he/she knows and applies methods and

principles that govern their field, while
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(Caena, 2013), (Cochran-Smith et al., 2008), (Mahulae et al., 2020), (Crick, 2008), (Park
and Oliver, 2008), (Bergsmann et al., 2015), (Blaskova et al., 2014), (Delaney et al.,
2010), (Blaskova, 2014), (Lépez-Camara et al., 2018), (Panisoara et al., 2014), (Bakhru,
2013), (Barth et al., 2007), (Tripathi, 2015), (Kugel, 1993), (Hoidn and Karkkainen,
2014), (Bakhru, 2017), (Anderson, 2004), (Caena, 2011), (G Fenstermacher, 2005),
(Tigelaar et al., 2004), (Theall and Franklin, 2001), (Long et al., 2014), (Igbal et al.,
2019), (Cebrian et al., 2020), (Hoffmann and Oreopoulos, 2009), (Selvi, 2010),
(Krumsvik, 2014)

(Caena, 2013), (Caena and Redecker, 2019), (Cochran-Smith et al., 2008), (Alvarez et
al., 2009), (Mahulae et al., 2020), (Crick, 2008), (European Association for Quality
Assurance in Higher Education, 2009), (Ho, 2000), (Park and Oliver, 2008), (Bergsmann
et al., 2015), (Vogt and Rogalla, 2009), (Blaskova et al., 2014), (Delaney et al., 2010),
(Blaskova, 2014), (Berliner, 1994), (Lopez-Camara et al., 2018), (Panisoara et al.,
2014), (Bakhru, 2013), (Barth et al., 2007), (Tripathi, 2015), (Kugel, 1993), (Hoidn and
Karkkainen, 2014), (Bakhru, 2017), (Anderson, 2004), (Caena, 2011), (G
Fenstermacher, 2005), (Tigelaar et al., 2004), (Long et al., 2014), (Metzler and
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Competence

dimensions

Characteristics

Appearance in

C: Educational

D: Scientificity

ensuring the interconnection between

theory and practice.

The Educational competence dimension
refers purely to aspects related to
didactics. It is directly related to the way
that a teacher explains a subject to their
students and how well he/she combines
methods and techniques to understand it,
by adapting them to the intellectual ability
of their students. It also refers to a
teacher's ability to be objective and non-

discriminatory towards their students.

The Scientificity competence dimension
concerns the expansion of new ways of
thinking and not one-dimensional views. It

includes the creation of the necessary
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Woessmann, 2010), (Igbal et al., 2019), (Cebrian et al., 2020), (Hoffmann and
Oreopoulos, 2009), (Selvi, 2010), (Krumsvik, 2014)

(Caena, 2013), (Caena and Redecker, 2019), (Cochran-Smith et al., 2008), (Alvarez et
al., 2009), (Mahulae et al., 2020), (Crick, 2008), (European Association for Quality
Assurance in Higher Education, 2009), (Ho, 2000), (Singer and Moscovici, 2008), (Park
and Oliver, 2008), (Bergsmann et al., 2015), (Vogt and Rogalla, 2009), (Blaskova et al.,
2014), (Delaney et al., 2010), (Redecker, 2017), (Blaskova, 2014), (Lépez-Camara et al.,
2018), (Panisoara et al., 2014), (Bakhru, 2013), (Barth et al., 2007), (Tripathi, 2015),
(Kugel, 1993), (Hoidn and Karkkainen, 2014), (Anderson, 2004), (Caena, 2011), (G
Fenstermacher, 2005), (Tigelaar et al., 2004), (Theall and Franklin, 2001), (Long et al.,
2014), (Igbal et al., 2019), (Cebrian et al., 2020), (Hoffmann and Oreopoulos, 2009),
(Selvi, 2010), (Ali, 2019)

(Caena, 2013), (Cochran-Smith et al., 2008), (Mahulae et al., 2020), (Crick, 2008),
(Blaskova et al., 2014), (Lépez-Camara et al., 2018), (Caena, 2011), (Tigelaar et al.,
2004), (Cebrian et al., 2020), (Hoffmann and Oreopoulos, 2009), (Selvi, 2010)
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Competence Characteristics Appearance in

dimensions

connections with the acquired knowledge,
preventing its isolation. It supports that
science and research are the guide to the
well-being of peoples. It refers to the
highly competent scientist and researcher
who bring to light up-to-date, true and

useful knowledge.

E: Communication The Communication competence (Caena, 2013), (Caena and Redecker, 2019), (Cochran-Smith et al., 2008), (Mahulae et
dimension concerns the listening al., 2020), (Crick, 2008), (Ho, 2000), (Singer and Moscovici, 2008), (Blaskova et al.,
competencies, accuracy in verbal 2014), (Delaney et al., 2010), (Redecker, 2017), (Panisoara et al., 2014), (Bakhru,
communication, persuasion and empathy 2013), (Barth et al., 2007), (Tripathi, 2015), (Kugel, 1993), (Bakhru, 2017), (Anderson,
that the teacher uses as a tool for the 2004), (Caena, 2011), (Tigelaar et al., 2004), (Theall and Franklin, 2001), (Long et al.,
educational goal. The elements of this 2014), (Igbal et al., 2019), (Hoffmann and Oreopoulos, 2009), (Selvi, 2010), (Krumsvik,
category enhance the effectiveness of the ~ 2014)
teacher in terms of the diffusion and

understanding of knowledge by others.
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Competence Characteristics Appearance in

dimensions

F: Digitality The Digitality competence dimension (Caena, 2013), (Caena and Redecker, 2019), (Cochran-Smith et al., 2008), (Alvarez et
concerns the set of skills, knowledge and al., 2009), (Crick, 2008), (Delaney et al., 2010), (Redecker, 2017), (Caena, 2011), (Ali,
attitudes that enable creative and critical 2020), (Selvi, 2010), (Krumsvik, 2014), (Ali, 2019)
use of digital technology for didactic
purposes. It mainly includes key
components of digital competence to
locate and retrieve digital data, as well as
to interact, communicate and collaborate
through digital technologies. It also
encompasses, the basic knowledge to
protect digital devices and content,
personal data and troubleshooting in

digital environments.
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2.1.3.1. Competencies per dimension

Subsequently, we focused exclusively with distinguishing, assembling and then distributing into
the appropriate dimensions all competencies of HE teachers mentioned in the literature at our
disposal. Several of the competencies identified were inherently related to each other, for example
morality, ethics, honesty. The inherent relationships among these competencies and their
interrelated characteristics were carefully examined and then combined or merged to maintain a

single term of almost the same meaning. For instance, as in our case the C5: Morality (see Table 2).

Next, all the identified skills were distributed into the six categories, Personality,
Professionalism, Educational, Scientificity, Communication, Digitality. The distribution was guided
by whether they were related to the respective dimension and / or whether there was a relevant
reference in the literature. For example, in the Personality category, we distributed those
competencies that have more to do with a person's spiritual characteristics and ways of behaving.
Even if we identified an item such as "Morality" that could obviously be associated with a number

of categories, the relationship with that category that was strongest prevailed.

The resulting classification is presented in Table 2. It is worth noting that Table 1, and Table 2
could have a different structure and focus if a different rationale, approach or criteria were
adopted. For example, the focus could alternatively be on two broad categories such as innate and
acquired competencies or focus on domains of expertise with specialized skills. However, there is
no intention to undermine or challenge any other similar or alternative approach. Instead, the aim
was to highlight the diversity of approaches and to encourage the exchange of views for the

purpose of exploring the specific subject.

In addition, in Table 2, it was deemed necessary to add two indicators, Apr(y) and Cvry, as
shown in their respective columns. The “appearance” indicator Apr () represents the percentage
of each competency dimension that appears in the available literature we studied, while the
“coverage” indicator Cvr(,) represents the percentage of coverage of each dimension in the
eligible papers, i.e. to what extent the competencies of each dimension were covered by the
selected documents. The definition of indicators Apr(,) and Cvr(y), as well as an example of

calculating each indicator separately is as follows:

For indicator Apr(y) ,
Apry) = ”S(—j x 100 (2.1)

Where,
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Apr: percentage appearance of the x dimension in the eligible papers.
x:the A, B, C, D, E, F dimension.
N(x): the number of documents indicating the corresponding dimension x.

Sp: the number of eligible documents. In our research we had 39.

As an example, we want to find the Apr gy . That is, the percentage appearance of the
x = F dimension in the eligible papers.
Therefore, as shown in Table 2,
Ny =12and s, =39
So,

Aprpy = 105100 =

Sp

12
39

Apripy = £x100=
ApT(F) = 31%

For indicator Cvr(y, ,

Cvreyy = 20 ¢ 100 (2.2)
N(x)
and,
CUT‘(X = A (23)
’ q(x)
Where,

Cvr(y: total percentage coverage of the x dimension in the eligible papers.
Cvr(y,;): the coverage of dimension x from paper i (partial coverage).
i:3,4,5,9,...48

q;: the number of the discrete competencies of dimension x dealt with in paper i. Note that the

variable g; is refers to a dimension in any case.
q(x): the number of the discrete competencies of each dimension x.
N(x): the number of documents indicating the corresponding dimension x, as defined above.

As an example, we want to find the Cvr(g) . That is, the percentage coverage of the x = F

dimension in the eligible papers with:
39
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33=1,q,=6,q95=3,q93=3, q0=1, q1s=1, q10=06, g3, =4,

a1 =% Gas =2, 47 =5, Qug =4

And
Tl(F) =12
Therefore,
_ ZCVT(FJ')
C‘UT(F) = TX 100 =
C‘UT(F) =

Cor(g3) + Cvrpq)+ CVr(g5)+ CVrpg)t+ CVT(F10)+ CVT(F18)F CVT(F19)t CUT(F32)+ CUT(F41)t CVUT(Fa4)t CUT(Fa7)F CUT(F48)

x 100
()

q_3= q4 ' ds ' qas8 =1110 =1118 =1719 5‘132 =1141 =q44=q47=q48
q q q q q q q q q q q q
Cvr(F) _ 1\ F) AF) AE) AF) (12 (F) AF) AF) 4FE) AE) (F)X100=>
(€]

1.6 3 3 1 1 6 4 4 2 5 4
o e e e
Cv,r. =666666666666X100:
(F) 12

C‘UT'(F) =56%
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Table 2. The list of teaching staff competencies in HE and the papers in which they were addressed (source: Authors’ own work).

Competence Competencies Apr(x) Cvr(x)
dimensions (% of the x (% of the x
dimension’s dimension’s

appearance in coverage in

the eligible the eligible

n(x)

(The total
number of
papers

referencing

Papers

papers) papers) each
dimension)
A: Personality C1: Energy 72% 50% 28 (Caena, 2013), (Cochran-Smith et al., 2008),

C2: Helpfulness (Mahulae et al., 2020), (Crick, 2008), (Park and

C3: Personal integrity Oliver, 2008), (Bergsmann et al., 2015), (Blaskova

and reliability et al., 2014), (Delaney et al., 2010), (Blaskova,

C4: Multiculturalism 2014), (Lépez-Camara et al., 2018), (Panisoara et

C5: Morality al., 2014), (Bakhru, 2013), (Barth et al., 2007),
(Tripathi, 2015), (Kugel, 1993), (Hoidn and
Karkkainen, 2014), (Bakhru, 2017), (Anderson,
2004), (Caena, 2011), (G Fenstermacher, 2005),
(Tigelaar et al., 2004), (Theall and Franklin, 2001),
(Long et al., 2014), (Igbal et al., 2019), (Cebrian et
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Competence Competencies

dimensions

Apr(x) Cvr(x)
(% of the x (% of the x
dimension’s dimension’s

appearance in coverage in

n(x)

(The total
number of

papers

Papers

the eligible the eligible referencing
papers) papers) each
dimension)
al., 2020), (Hoffmann and Oreopoulos, 2009),
(Selvi, 2010), (Krumsvik, 2014)

B: Professionalism C6: Theoretical 87% 70% 34 (Caena, 2013), (Caena and Redecker, 2019),
knowledge (Cochran-Smith et al., 2008), (Alvarez et al., 2009),
C7: Practical (Mahulae et al., 2020), (Crick, 2008), (European
knowledge Association for Quality Assurance in Higher
C8: Experience Education, 2009), (Ho, 2000), (Park and Oliver,

C9: Discipline 2008), (Bergsmann et al., 2015), (Vogt and Rogalla,
C10: Creativity 2009), (Blaskova et al., 2014), (Delaney et al.,
2010), (Blaskova, 2014), (Berliner, 1994), (Lépez-
Camara et al., 2018), (Panisoara et al., 2014),
(Bakhru, 2013), (Barth et al., 2007), (Tripathi,
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Competence Competencies Apr(x) Cvr(x) n(x) Papers
dimensions (% of the x (% of the x (The total
dimension’s dimension’s number of
appearance in coverage in papers
the eligible the eligible referencing
papers) papers) each
dimension)
2015), (Kugel, 1993), (Hoidn and Kéarkkainen,
2014), (Bakhru, 2017), (Anderson, 2004), (Caena,
2011), (G Fenstermacher, 2005), (Tigelaar et al.,
2004), (Long et al., 2014), (Metzler and
Woessmann, 2010), (Igbal et al., 2019), (Cebrian et
al., 2020), (Hoffmann and Oreopoulos, 2009),
(Selvi, 2010), (Krumsvik, 2014)
C: Educational C11: Transmissibility 87% 41% 34 (Caena, 2013), (Caena and Redecker, 2019),

C12: Studiousness
C13: Planning
C14: Adaptability
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Competence

dimensions

Competencies

Apr(x)

(% of the x

dimension’s

appearance in

the eligible

papers)

Cvr(x)

(% of the x
dimension’s
coverage in
the eligible

papers)

n(x)

(The total
number of
papers
referencing
each

dimension)

Papers

C15: Coaching

C16: Inventiveness
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Moscovici, 2008), (Park and Oliver, 2008),
(Bergsmann et al., 2015), (Vogt and Rogalla, 2009),
(Blaskova et al., 2014), (Delaney et al., 2010),
(Redecker, 2017), (Blaskova, 2014), (Lépez-Camara
et al., 2018), (Panisoara et al., 2014), (Bakhru,
2013), (Barth et al., 2007), (Tripathi, 2015), (Kugel,
1993), (Hoidn and Kéarkkainen, 2014), (Anderson,
2004), (Caena, 2011), (G Fenstermacher, 2005),
(Tigelaar et al., 2004), (Theall and Franklin, 2001),
(Long et al., 2014), (Igbal et al., 2019), (Cebrian et
al., 2020), (Hoffmann and Oreopoulos, 2009),
(Selvi, 2010), (Ali, 2019)



Competence Competencies Apr(x) Cvr(x) n(x) Papers
dimensions (% of the x (% of the x (The total
dimension’s dimension’s number of
appearance in coverage in papers
the eligible the eligible referencing
papers) papers) each
dimension)
D: Scientificity C17: Resourcefulness 28% 25% 11 (Caena, 2013), (Cochran-Smith et al., 2008),
C18: Innovativeness (Mahulae et al., 2020), (Crick, 2008), (Blaskova et
C19: Imagination al., 2014), (Lépez-Camara et al., 2018), (Caena,
C20: Diligence 2011), (Tigelaar et al., 2004), (Cebrian et al., 2020),
C21: Persistence (Hoffmann and Oreopoulos, 2009), (Selvi, 2010)
C22: Effectiveness
E: Communication  C23: Listening 64% 70% 25 (Caena, 2013), (Caena and Redecker, 2019),
C24: Persuasion (Cochran-Smith et al., 2008), (Mahulae et al.,
C25: Empathy 2020), (Crick, 2008), (Ho, 2000), (Singer and
C26: Presentation Moscovici, 2008), (Blaskova et al., 2014), (Delaney

C27:

Collaboration
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et al., 2010), (Redecker, 2017), (Panisoara et al.,
2014), (Bakhru, 2013), (Barth et al., 2007),
(Tripathi, 2015), (Kugel, 1993), (Bakhru, 2017),
(Anderson, 2004), (Caena, 2011), (Tigelaar et al.,



Competence Competencies Apr(x) Cvr(x) n(x) Papers
dimensions (% of the x (% of the x (The total
dimension’s dimension’s number of
appearance in coverage in papers
the eligible the eligible referencing
papers) papers) each
dimension)
2004), (Theall and Franklin, 2001), (Long et al.,
2014), (Igbal et al., 2019), (Hoffmann and
Oreopoulos, 2009), (Selvi, 2010), (Krumsvik, 2014)
F: Digitality C28: Digital literacy 31% 56% 12 (Caena, 2013), (Caena and Redecker, 2019),

C29: Digital pedagogy
C30: Digital
communication and
cooperation

C31: Creating digital
content

C32: Safety

(Cochran-Smith et al., 2008), (Alvarez et al., 2009),
(Crick, 2008), (Delaney et al., 2010), (Redecker,
2017), (Caena, 2011), (Ali, 2020), (Selvi, 2010),
(Krumsvik, 2014), (Ali, 2019)
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The results show that most of the existing literature is focused on the Personality,
Professionalism and Educational competencies dimensions. s. In contrast, the Digitality and
Scientificity dimensions are addressed in only a limited number of papers. Notably only 12 out of
39 papers addressed the Digitality dimension. We assume that this is due to the nature of this
particular dimension, which is related to the rapid introduction of Information and Communication
Technology (ICT) in education in recent years. In comparison, the other dimensions are rooted in
traditional theoretical educational models, which have been extensively studied over decades.
Moreover, the Digitality dimension has not been extensively covered in all its aspects by these few
documents. This implies that these documents have not dealt with all six competencies distributed
to this dimension (see Table 2). Although the European Commission (Redecker, 2017) recommends
paying special attention to this dimension by proposing a specific framework, as mentioned, it is
clear that there is a long way to go for further research on this dimension and its adoption by
teachers. Our findings also reveal that almost all the reviewed papers—specifically, 34 out of 39,
address the Professionalism dimension, underscoring its perceived necessity. However, these works
focus on some of the five dimension’s competencies and not with all. Specifically, the coverage rate
of this dimension from these 34 papers was 70%. A complete example of how the Cvr(x) index is
calculated is given directly above, in this section. It should be noted at this point that the term

"cover" is relative and it simply relates to our study and specifically to Table 2.

Additionally, a considerable number of documents, dealt with the Personality and Educational
competencies dimensions. This indicates that the specific competence dimensions are not only

well-researched but are also widely recognized as essential components of the educational process.

Finally, Figure 3 illustrates the relationship between the percentage appearance and coverage

level of the dimensions in the eligible papers.
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Figure 3. Percentage appearance Apr(x) and coverage level Cvr(x) of dimensions in the eligible papers (source: Authors’
own work).

2.1.3.2. The influence of dimensions in the education process

Several of the papers investigated in our study also report the influence of the above dimensions
on the educational process, on student learning outcomes and on society in general. A’en Vater
Mahulae et al. (2020) reported that teacher professionalism has a positive and significant effect on
teacher performance, which in turn positively impacts student learning outcomes. Students often
conceptualise the professionalism of their teachers and this helps in the development and gradual
cultivation of the professionalism that they reflect. Sanders & Rivers (1996) and Babu & Mendro
(2003), through their research, reveal that of all the factors under the control of an educational
institution, teachers are the strongest influence on student success. Metzler and Woessmann
(2010) studied the effect of teacher competencies in HE on student achievements and found that
the quality of teaching is directly related to student achievements, and it is very important for

educators to develop strong teaching competencies to provide quality teaching.

Teacher competencies related to the Educational dimension ensure that the educator places the
student at the center when designing educational material and guides the learning process
effectively to enable self-directed learning (Tigelaar et al., 2004). Competencies falling under the
Communication dimension ensure effective and meaningful interaction between teacher and
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student, thus contributing to the absorption of knowledge and avoiding misunderstandings. On the
contrary, the teacher's inability to communicate with their students may lead to poor performance
(Theall and Franklin, 2001). Additionally, the lack of communication and encouraging feedback from

the teacher can lead to failure in the performance of students (Igbal et al., 2019).

The competencies associated with the Scientificity dimension contribute to the systematic and
creative work aiming at enhancing the level of knowledge, thereby fostering societal and cultural
evolution. Furthermore, for teachers, these skills contribute to conveying the results of science to
students in such a way as to be understood and inspiring for their proper future development. The
data collected from the relevant papers and used to identify the “Digitality” dimension and the
competencies included in it, at the same time revealed that they contribute to the educational
process in various ways, providing substantial benefits to all involved. Redecker C. (2017)
emphasizes that competencies that fall into the dimension of “Digitality” ensure the effective and
responsible use of digital resources for learning, contribute to orchestrating the use of digital
technologies in teaching and enhance assessment. The influence of the above six dimensions,

including the capabilities contained in them, were identified and are presented briefly in Table 3.

Table 3. Influence of each competency dimension (source: Authors’ own work).

Competence Influence Competencies
dimensions
A: Personality Contributes to the development of students’ C1: Energy

personality and general behavior. It also C2: Helpfulness
contributes to the creation of positive role C3: Personal integrity and
models. Teacher has a positive attitude reliability

towards students and exhibits respect C4: Multiculturalism

towards them. C5: Morality

B: Professionalism  Contributes to the diffusion of the latest C6: Theoretical knowledge
knowledge and trends, ensuring the C7: Practical knowledge
acquisition of knowledge of his/her C8: Experience
students and colleagues. Professionalism C9: Discipline
has a positive and significant effect on C10: Creativity

teacher performance, which in turn reflects

positively on students.

C: Educational Contributes to the cultivation of students' C11: Transmissibility
intellectual abilities. It also helps to C12: Studiousness
consolidation knowledge. Teacher places C13: Planning
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Competence Influence Competencies

dimensions
the student at the center when designing C14: Adaptability
and structuring educational material. C15: Coaching
C16: Inventiveness
D: Scientificity Contributes to the development of C17: Resourcefulness
knowledge and in general to the progress C18: Innovativeness
and growth of society. In addition, it C19: Imagination
contributes to the quality indicator of C20: Diligence
educational institutions. C21: Persistence

C22: Effectiveness

E: Communication  Contributes to the absorption of knowledge C23: Listening
and avoiding misunderstandings with C24: Persuasion
students and colleagues. With the right C25: Empathy
communication competencies, interaction C26: Presentation
and communication between people C27: Collaboration

becomes effective and meaningful.

F: Digitality In general, facilitates the use of digital C28: Digital literacy
technology in the classroom. Contributes to  C29: Digital pedagogy
the achievement of educational goals and C30: Digital
facilitates communication between teacher communication and
and students. It also contributes to the cooperation
proper examination and assessment of C31: Creating digital
digital tools as potential means for learning  content
and teaching. C32: Safety

C33: Basic troubleshooting

2.1.4. Limitations

Our study relied on the existing literature without using data drawn from a dedicated
guestionnaire. While, the selection of the databases was not exhaustive, it included significant
databases such as ACM Digital Library, IEEE Xplore, Springer, Elsevier, Google Scholar, largely
meeting the search criteria we set. Additionally, to maintain a homogeneous base of teacher

competencies, specific domains of expertise were intentionally excluded.
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2.1.5. Practical and social implications

A well-defined framework of teacher competencies in HE, can be a useful reference point not
only for ensuring quality in the selection of teachers and their career-long professional
development, but as well for forming national education policy strategies. The definition of teacher
competencies framework contributes to facilitating effective dialogue for the evaluation and QA in
education between agencies, authorities, researchers, teachers, policymakers, education managers

and different communities at large.

These competencies are central not only of the teaching and learning process but also in the
workplace and in society in general. These are increasingly recognized as essential for addressing
modern educational and societal challenges. An adequately prepared community and management
equipped with the required employee competencies is able to react immediately and in a positive

way to any obstacle, yielding optimal results.

2.1.6. Concluding remarks

Throughout this literature review, thirty-nine (39) documents were studied in detail from a total
of 102 results, which were eligible for inclusion based on PRISMA methodology. As a result: a multi-
dimensional approach to teacher competencies in HE was identified, which consists of 6 main
dimensions with their respective characteristics. Then, 33 discrete teaching staff competencies
were identified according to the research studied and were distributed in the 6 dimensions:

Personality, Professionalism, Educational, Scientificity, Communication and Digitality.

While recording the competencies of the teaching staff, it was found that the majority of the
papers were targeted at and focused on certain competencies, while others received very little
attention. We believe that this is because the educational community does not perceive certain
competencies as imperative, and obviously for this reason the appropriate scope for their
investigation has not been given. The value of such competencies is often confirmed by needs and
circumstances. One finding of our research, that strengthens this conclusion, is related to the digital
competence of teachers on which the selected papers studied have little focus. What is more, this
vital issue - not previously given due attention in the education community - has proven urgent on
a global level during the challenges faced in education worldwide during the COVID-19 pandemic.
Itis therefore necessary that the educational community focus on digital training and be adequately
prepared, so that in such cases it is fully equipped and ready to react immediately and in a positive

way to any obstacle in the educational process.

We believe that the purpose of this research is not only to conduct an additional literature
review with all that it entails. More importantly, our mission is to raise awareness in the educational

community about the fact that, many of the competencies thoroughly revealed by our analysis are
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still considered as “secondary” to the educational process and not as necessary elements of the
educational mission. Teacher competencies should constantly be examined through scientific
studies in light of varying national educational policies and reforms. It is therefore imperative to
redefine teacher competencies in order to respond to an uncertain future full of change and new

challenges.

Finally, through the current part of literature review, we have identified critical questions that
need further research, such as the fact that the relationship between teaching and students'
academic achievement may seem obvious, but how can this be proven? How can competencies be

measured? What is the relationship between teacher competencies in HE and students' outcome?

2.2. Part 2: Assessing teacher competencies through student feedback

This section presents an overview of the use of data mining techniques in universities today. It
highlights how institutions leverage vast amounts of data, often sourced from student feedback, to
enhance teaching quality. The section discusses the challenges posed by the sheer volume and
complexity of this data and explores how it encompasses various aspects of student experiences,
from course objectives to instructor competence. By analyzing such data, universities can refine
their curriculum design and make informed decisions about resource allocation and administrative
policies. Additionally, the methods presented in this section empower teachers to assess their
teaching methods, identify strengths and weaknesses, and make necessary adjustments, ultimately

improving the overall effectiveness of teaching and student learning.
2.2.1. Introduction

Nowadays, with the rapid spread of data and its huge availability arising from various
educational processes, the majority of universities frequently use data mining methods to examine
data collected and to extract hidden knowledge from student feedback with the aim of improving
teaching quality in universities (Mayordomo et al., 2022; Misuraca et al., 2021; Nguyen and Habok,
2023; Rybinski, 2023). However, the datasets are too large or complex to be effectively processed
using traditional software tools like spreadsheets or basic statistical software. Consequently,
institutions face the challenge of leveraging this vast data to enhance student learning. These data
generally capture student perspectives on various aspects such as their attainment of a course's
learning objectives, the effectiveness of instructional methods, the competence of the instructor,
course content, and even the overall student experience. When utilized, these data help academic
institutions into their curriculum design and in the management decisions of their organizations.

Furthermore, they enable teachers to better understand their teaching approaches, strengths and
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weaknesses. In this way, teachers are better equipped to make appropriate changes thus

contributing to the overall effectiveness of their teaching and student learning.

The traditional techniques for student feedback analyses are based on close-ended
guestionnaire data collection and analysis (Richardson, 2005; Wong and Li, 2020). These
guestionnaires, are often based on Likert-scale items, and provide quantitative data that may be
analysed using traditional statistical methods. However, the majority of academic institutions,
including our university, additionally offer students the ability to provide their feedback using open-
ended questions. Despite being a rich source of insights, such open-ended responses are often

underutilized since they require more sophisticated analytical approaches (McDonald et al., 2019).

This subsection of the literature review examines works that assess student’s feedback and the

techniques used for such type of learning analytics.

2.2.2.The value of student feedback in teaching progress

Academic institutions have long aimed to collect and take their students’ views into account, in
an effort to improve their teaching and curricula (Su et al., 2023; M. Lane & D. Meth, 2021). Flodén
(2017), with thorough research, focuses on student feedback and its positive acceptance from
university teachers, emphasizing that both positive and negative student feedback are equally
valuable to them. Mandouit (2018), concluded that when provided with professional learning to
support the process, student feedback has the potential to have a positive impact on teaching

practices and contributes to opening up a dialogue about teaching and learning.

Another pioneering study dealing with an alternative approach to student feedback on courses
is that conducted by Marley (2021), which asserts that the positive and negative experiences of
online learners are extremely useful for educators involved in the design and development of online
teaching. According to Nasim (2017), in their feedback, students’ views touch on multiple aspects
of their teachers such as teaching style, lecture organization, knowledge, punctuality, and

communication competence making them valuable in the learning process.

Other research (Marsh, 2007; Kumar & Jain, 2015) has found that, student feedback contributes
to various aspects of academic institutions by providing information and knowledge to facilitate
decision making in their organization. Marsh (2007) claims that student opinion mining, beyond
serving as diagnostic feedback for academics about the effectiveness of their teaching, provides a
measure of teaching effectiveness for decisions regarding personnel appointments and
promotions. This constitutes a valuable component for use in the QA processes of academic

institutions (Tsinidou et al., 2010; Fitsilis et al., 2024 under review).

54

Institutional Repository - Library & Information Centre - University of Thessaly
11/09/2026 19:56:01 EEST - 216.73.216.250



Student feedback is collected in different forms, such as close-ended questions (usually in Likert
scales), open-ended questions and free text comments. Different mediums are also used, such as,
classroom feedback, social media, online platforms, etc., by students to express their perceptions
of issues about their instructors and institutions (Sangeetha & Prabha, 2021). This whole array of
educational data has led to more demanding data management systems and complex analytical
approaches, resulting in the emergence of a specialized research field known as Educational Data

Mining (EDM) (Slater et al., 2017).

2.2.3. Educational data analysis

The term 'educational data' refers to information that is collected and organized to capture
various aspects of the educational environment. This includes data related to students, parents,
schools, teachers, and the relationships among them. Analyzing this data often involves
methodologies like Educational Data Mining (EDM) and Learning Analytics (LA) (Knight & Shum,
2017; Lang et al., 2017; Lester et al., 2017; Srinivasa & Kurni, 2021). These approaches form a
continuous and iterative process—discovering insights and patterns from the data, which in turn

enhance our understanding of educational settings and inform improvements over time.

A particularly significant area within this domain is learning analytics, which focuses on the
measurement, collection, analysis, and reporting of data about learners and their contexts. The goal
is to better understand and optimize learning processes and the environments in which they occur.
Learning analytics is inherently multidisciplinary, drawing on fields such as education, data science,
psychology, and computer science. Its practical applications are vast, ranging from improving

individual student outcomes to guiding strategic decision-making at an institutional level.

The cyclical nature of these processes underscores their iterative character—new data and
discoveries lead to further analyses, continuously refining our understanding and fostering more
effective educational practices. By leveraging these insights, educators and researchers can create
more personalized and impactful learning experiences for all stakeholders. The use of Educational
Data Mining and Learning Analytics (EDM/LA) to analyze educational data is a continuous, cyclical
process. It involves discovering insights and patterns from the data, which assist in gaining general
knowledge or understanding about educational environments, students, teachers, schools, and
related factors. The term 'cyclical' implies that this process is ongoing and iterative, allowing new

data leads to further analysis and discovery, thereby refining our understanding over time.

The availability and type of educational data vary depending on the educational environment
(traditional classroom education, computer-based education, or blended learning) and the
information system used, such as Learning Management Systems (LMS) (Coates et al., 2005; Rhode,

2017), Intelligent Tutoring Systems (ITS) (Pham & Sampson, 2022; Roll & Wylie, 2016) or Massive
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Open Online Courses (MOOCs) (Al-Rahmi et al., 2019; Hew & Cheung, 2014; Voudoukis & Pagiatakis,
2022). Therefore, different types of data can be collected to address various educational problems

(Fitsilis et al., 2024; Romero & Ventura, 2013). This data includes:

e Student data: Demographic information and previous academic performance.

e Educator data: Skills and professional experience.

e Teaching, learning, and assessment data: Lesson plans, educational activities,
assessment methods, classroom management.

e Infrastructure, human, and financial resource data: Educational and non-educational
personnel, materials, software, expenses.

e Social and emotional development data of students: Support, respect for diversity, and
special needs.

2.2.3.1. Methods and approaches for analyzing educational data

Analyzing educational data involves various methods and approaches to derive insights and
improve educational outcomes. These methods utilize data mining, statistical analysis, machine
learning, and other techniques tailored to educational contexts. Some key methods and approaches

commonly used are the following:
e Descriptive Analytics

Descriptive analytics forms the foundation for all other types of analysis. It is the simplest
and most common use of data in businesses and organizations today. Descriptive analytics
answers the question "what happened?" by summarizing past data, typically in the form
of tables and graphs. Monitoring key performance indicators of an organization is a typical

case of data analysis falling under this category (Marr, 2012).

Descriptive analytics focuses on summarizing historical data to understand past trends
and patterns within educational settings. Techniques include aggregation, summarization,
and visualization of data related to student performance, attendance, and demographic

characteristics.
e Predictive Analytics

Predictive analytics aims to forecast future trends and behaviors based on historical data.
In education, predictive models can predict student outcomes, identify at-risk students,
and optimize interventions. Techniques include regression analysis, decision trees, and

predictive modeling.
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e Prescriptive analytics

Prescriptive analytics goes beyond prediction to suggest actions that can optimize
outcomes. In education, it recommends personalized learning paths, intervention

strategies, and resource allocation based on predictive models and predefined objectives.
e Social Network Analysis (SNA)

SNA examines relationships and interactions among students, teachers, and educational
communities. It uses graph theory to visualize and analyze social structures,

communication patterns, and collaborative learning networks.
e Natural Language Processing (NLP)

NLP enables the analysis of unstructured data, such as student essays, forum posts, and
teacher feedback. SA, a subset of NLP, is used to assess attitudes, emotions, and opinions
expressed in text, providing insights into student engagement, satisfaction, and learning

experiences.
e Integrating SA

SA in educational data can enhance understanding of student sentiment towards courses,
educational materials, and learning environments. By analyzing text data from surveys,
social media, or learning platforms, educators can gauge student satisfaction, identify

areas needing improvement, and tailor interventions to enhance the learning experience.

2.2.4. SA in education

SA, also known as opinion mining, is a field of study, directly related to NLP that analyzes views,
sentiments, evaluations, attitudes and positions of people on issues through the computational
processing of subjectivity in text (Liu, 2022). SA aims at taking the sentiment of a simple word,
phrase, sentence or even an entire document into consideration and rating it appropriately.
Essentially, using appropriate lexicons or ML approaches (Salazar et al., 2022), opinion polarity is

determined, as to whether it is positive, negative or neutral (Hutto and Gilbert, 2014).

The initial challenges encountered in the practical application of SA and opinion mining
stemmed from the rapid increase in the pace and volume of comment content observed on social
media on the web. Since then, SA has penetrated and found application in a wide range of fields,
focusing on customer opinions about products and services through their written comments. As a
result, with the growing use of Internet and online reviews has established SA as a powerful method
for understanding customer preferences in various business sectors, such as marketing,

entertainment, policy-making, public transportation, travel, and academia. For the first time in
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history, we now have a huge volume of opinionated data recorded in digital form for analysis (Liu,
2022). As a result, SA, considered as a big data task, is constantly arousing the interest of

researchers.

Traditionally, in academic institutions, student feedback analysis systems were based on close-
ended questionnaires that included a set of questions with predefined possible answers (Kumar
and Jain, 2015). With SA techniques, students are not limited to grade only those features that are
included in the questionnaire, but instead they can freely express their opinion. According to Nasim
et al. (2017) textual feedback is the best way for students to express their views spontaneously,
without being limited through predetermined answers. Despite its potentially huge size, this quality
educational data collected from text, can now be easily analyzed with the help of computer systems

using SA techniques (Shaik et al., 2022).

Kumar, A., & Jain, R. (2015) proposed an automatic evaluation system based on SA that collects
student feedback in text form. Misuraca et al. (2021) used a dataset of text, built by Welch and
Mihalcea (2016), with 1042 comments extracted from a Facebook group where students expressed
their opinions on courses and instructors related to the Computer Science department at the
University of Michigan (US). They observed that, concerning the polarity score calculation, it is
worth adjusting lexicons to the specific language commonly used by students, particularly because
the polarization of some terms may be different from the polarization used in common language.
Nitin et al. (2015) observed that students provide feedback related to labs, projects, skills, etc. when
it comes to components of a course which are non-theoretical (interactive, practical, collaborative)
in nature. On the contrary, when it comes to theoretical components, student feedback tends to

focus directly with the profile of their teachers.

Although there is research that has shown that the neutral comments, in SA, are often
overlooked (Wang and Wu 2011), even student feedback categorized as neutral can contribute
positively to understanding educational issues. Ortigosa et al. (2014), especially in the education
domain, point out the necessity, even of the students' neutral feedback, in order to comprehend
their attitudes. It is not our intention to review the entire body of literature concerning SA from a
technical point of view. Nevertheless, we will attempt to provide a brief, and in our opinion

necessary, overview in the following section.

Most SA approaches rely heavily on lists of lexical features (e.g., words, phrases), called
sentiment lexicons, generally labeled according to their semantic orientation as either positive,
negative or neutral (Liu, 2022). According to Feldman (2013), the sentiment lexicon is the most
crucial resource for most SA algorithms. This lexicon is classified into two main categories, (1)

polarity-based lexicons and (2) valence-based lexicons.
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In the first case, a polarity-based lexicon is used to determine the binary polarity of words i.e.,
either positive or negative. For example, "angry" has negative polarity while "family" positive. To
calculate the total polarity of a text, the polarity of each word is searched in the lexicon and if found,
is added to obtain an overall score. These lexicons, such as Linguistic Inquiry and Word Count
(LIWC), Hu and Liu, etc., are widely known and validated. For example, the Hu and Liu lexicon
initially created in 2004 (Hu and Liu, 2004), included 2006 words with a positive orientation and

4783 with negative.

However, the SA in practice has become increasingly demanding and complex, applying more
demanding procedures to express, not only whether a linguistic term is positive or negative, but
also the intensity of its polarity. These valence-based lexicons, such as VADER (Hutto and Gilbert,
2014), ANEW (Nielsen, 2011), SentiWordNet (Baccianella et al., 2010) etc., use word lists with a
valence score. For instance, VADER lexicon uses a sentiment-intensity on a scale from -4 to +4. Table

4 shows the orientation valence for words and emoticons comprising the VADER sentiment lexicon.

Table 4. Example words from VADER lexicon (valence-based) (source: Authors’ own work).

term “okay” “good” “great” “horrible” “sucks” “:(“ or ®

sentiment intensity +0.9 +1.9 +3.1 -2.5 -1.5 -2.2

Beyond the sentiment word intensity provided, there are sentiment lexicons, such as VADER,
which identify properties and specific characteristics of the text, especially in short comments,
which affect the perceived sentiment intensity of the text, as shown in Table 5. For example, the
exclamation mark, adds more orientation intensity. "Excellent!" is stronger than "Excellent". In
addition, it recognizes many sentiment-laden emoticons such as ":)", ":D" and sentiment-laden

initialisms and acronyms such as "lol".

It is worth noting that many lexicons of the two aforementioned categories, polarity-based

lexicons and valence-based lexicons, were created based on or by combining earlier lexicons.

In other cases, machine-learning approaches are incorporated to achieve automated sentiment-
related tracing processes in the text, considering the knowledge base obtained. Kang H. et al. (2012)
proposed an improved Naive Bayes algorithm to solve problems related to classification
performance. Chen and Tseng (2011) used the Support Vector Machine (SVM), a ML algorithm to

classify reviews.
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Table 5. Contribution of special characteristics to the intensity of polarity (source: Authors’ own

work).
Case Example Result
Typical writing “The lecture was nice.” Positive, with a certain grade
Punctuation “The lecture was nice!” increase intensity
Capitalization “The lecture was NICE.” increase intensity
Adverbs “The lecture was extremely nice.” increase intensity

’

“The lecture was marginally nice.” reduce intensity

Conjunctions “The lecture was extremely nice change of polarity, with
but the attendance conditions dominant polarity the second
Negation “The lecture wasn’t nice.” reversal of polarity

Al Amrani et al. (2018) proposed a hybrid approach by making a combination of ML techniques,
using Random Forest (RF) and Support Vector Machine (SVM) algorithms, to perform SA on
comments from product reviews offered by Amazon. In another noteworthy study, Kabir M. et al.
(2021) used different ML algorithms and concluded that Boosting and Maximum Entropy algorithm
outperform the other examined ML algorithms for detecting sentiments in online user reviews.
However, it should be noted that most machine-learning approaches have drawbacks that are
mainly related to the requirement of having an extensive and representative training dataset. In

addition, significant training and classification (Hutto and Gilbert, 2014) time is required.

2.2.5. Concluding remarks

Nowadays, with the rapid spread of data and its huge availability arising from various
educational processes, the majority of universities frequently use data mining methods to examine
data collected and to extract hidden knowledge from student feedback with the aim of improving
teaching quality (Zeng et al., 2023; Mayordomo et al., 2022; Misuraca et al., 2021; Nguyen & Habok,
2023; Rybinski, 2023). However, the datasets are too large or complex to deal with using traditional
data application software. Therefore, institutions are confronted with the challenge of how to tap
into this large amount of data with the ultimate goal of enhancing student learning. These data
generally consist of student perspectives regarding various aspects such as their attainment of a
course’s learning objectives, the effectiveness of instructional methods, the competence of the
instructor, the content of the course, and even the students’ overall views on their academic
institutions. When taken into account, this data helps academic institutions in their curriculum
design and into the management-related decisions. Further, it provides the teacher with the

opportunity to better understand their teaching approaches, strengths and weaknesses, and
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subsequently they are better equipped to make appropriate changes, thus contributing to the

overall effectiveness of their teaching and student learning.

The traditional techniques for student feedback analyses are based on close-ended
guestionnaire data collection and analysis (Richardson, 2005; Wong & Li, 2020). These forms, based
on Likert-scale items of various types, provide quantitative data. However, the majority of academic
institutions, such as our university, additionally offer students the ability to express their feedback
opinions through open-ended questionnaires (text fields). According to previous research, this
institutional educational text data is commonly collected but not fully exploited and remains
untapped, thereby hindering the acquisition of knowledge that would contribute to the
improvement of teaching and learning (McDonald et al., 2019). This is because unlike Likert-scale
based data, which is quickly and easily analyzed using simple statistical methods, open-ended
comments require special treatment and analysis. This creates a pressing need for more innovative

approaches to effectively harness and utilize these untapped educational data resources.

This is where SA, a subfield of opinion mining, comes into play. SA involves the use of
computational methods to identify and categorize subjective information within textual data. By
applying SA to student feedback, institutions can gain deeper insights into various aspects of the
educational experience, such as the attainment of course’s objectives, the effectiveness of teaching
methods, and overall student satisfaction with their academic environment. This technique allows
for a more nuanced understanding of student perspectives, enabling targeted improvements in
curriculum design and teaching strategies. In our research, we utilized SA not to challenge existing
methodologies and approaches but to demonstrate the potential of SA in uncovering valuable
insights from educational text data. By doing so, we hope to encourage the adoption of similar

approaches across academic institutions.

In conclusion, the integration of SA into the evaluation of student feedback represents a
promising frontier in educational research. By tapping into the rich, yet underutilized, source of
textual data, academic institutions can make more informed decisions, ultimately leading to better
educational outcomes. This research underscores the importance of embracing advanced analytical
techniques to fully exploit the potential of educational data, fostering an environment of

continuous improvement and innovation in teaching and learning.
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3. Research Design and Methodology

3.1. Introduction

This chapter thoroughly outlines the approach, design, and methods used to address the
research problem. Before delving into our methodology, it is crucial to note the previously stated
aims and objectives. In brief, our aim is to define a competency-based model for the quality of
teaching from the perspective of processes in HE, with the goal of evaluating and enhancing
academic excellence. The overall scope of this research is to establish a framework that
encompasses both the competencies of teachers and the methods through which educational data

can be utilized to measure these competencies. The key elements towards this aim are as follows:

e To endeavor to collect and synthesize previous research thoroughly in order to identify
teaching staff competencies derived from the roles and tasks attributed to university
professors. This entails identifying the competencies of teachers in HE across the board,
ensuring a homogeneous frame and avoiding the inclusion of any domains of expertise
that may require additional specialized skills.

e To explore and highlight the way in which large and complex educational textual data
can be harnessed for our purposes, offering valuable insights to academic institutions.

e To implement techniques and approaches for extracting valuable information from
student feedback.

e To evaluate specific dimensions of competencies of teachers in HE. This includes a
comprehensive analysis of various datasets, aiming to provide a well-rounded
assessment of the educators' strengths and areas for improvement.

e To create a coherent framework for validating our methods. This validation process is
crucial to ensuring that the methods we develop are robust, scalable, and applicable

across various educational settings.

The following section begins with an exploration of the research philosophy, providing a
foundational understanding of the theoretical framework underpinning our study. Following this,
we will describe the steps we followed, explaining each element of the process in detail. The chosen
research strategy and methodology will then be outlined to illustrate how our approach is
operationalized. Finally, the chapter will focus on the methods, tools, and techniques necessary for

the research procedures and data collection in this thesis.
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3.2. Research philosophy

3.2.1. The nature of reality

Our research is based on the assumption that these competencies can be analyzed and

measured through objective data, such as student comments.

From a realist perspective, teachers' competencies are considered real, independent of
students' perceptions, and can be quantified using tools like SA and topic modeling. This approach
supports the idea that these competencies have a stable essence that can be recorded and

evaluated through systematic data analysis methods.

However, constructivism suggests that reality is shaped by social and personal perceptions.
According to this view, teachers' competencies are not objectively given but constructed through
the experiences and expectations of students. The comments we analyzed in our study may be
influenced by personal and cultural factors, making teachers' competencies a dynamic and
subjective concept. This highlights that, while our research focuses on measurement, we must also
account for the subjectivity that students bring to their comments. Figure 4 illustrates the dual
nature of reality in our study, highlighting the interplay between the objective measurement of

teachers' competencies and the subjective perceptions shaped by students' experiences.

Teachers' Competencies as

Measurable and Perceived

Figure 4. Pragmatic research framework (source: Authors’ own work).
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It also emphasizes that, while teachers' competencies can be objectively measured (as
suggested by the realist perspective), they are also shaped by students' subjective experiences and
perceptions (as suggested by the constructivist perspective). This intersection represents the
complexity of understanding teachers' competencies in our study, where both objective data and

subjective insights hold significant value.

In summary, the ontological approach in our study recognizes both the need for objective
measurement and the inevitable influence of subjective perceptions. This dual perspective is
essential in our study, as it acknowledges the objective evaluation of competencies while also
recognizing that students' feedback is influenced by personal and contextual factors (Lynham &

Guba, 2018; Scotland, 2012).

3.2.2. Epistemology

In our study, the epistemological approach is based on collecting and analyzing student
comments, aiming to highlight key teacher competencies. The knowledge we seek to gain relies on
transforming subjective comments into objective data through tools like SA and TM, supporting a

scientific approach to understanding teaching effectiveness (Bryman, 2016).

We follow a positivist epistemological approach, which assumes that knowledge can be achieved
through scientific and measurable methods. Through this process, students' comments are
converted into quantitative data, allowing us to draw conclusions about teachers' competencies.
The choice of a positivist approach helps us identify and measure trends within the data, providing
a more objective understanding of these competencies. The following diagram in Figure 5 outlines
the epistemological framework of our research, demonstrating how subjective student comments
are transformed into objective knowledge about teachers' competencies through systematic data

analysis.

However, in our study, we also recognize that knowledge may not be entirely objective. The
process of analyzing comments may obscure subjective information, such as students' emotional
reactions or their social backgrounds. In this context, interpretivist epistemology would argue that
understanding competencies requires interpreting students' personal and cultural contexts (Guba
& Lincoln, 1994). Balancing these epistemological approaches ensures that our analysis, while

grounded in data, remains sensitive to the subjectivity inherent in student feedback.
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Student comments

Figure 5. Knowledge acquisition in research (source: Authors’ own work).

3.2.3. Axiology

Student values are central to this study, as the data examined originates from their comments
on teachers' competencies. Therefore, it is essential to explore the role that values play in research
and knowledge development. These values reflect the students' perceptions and expectations of

the educational process and guide their comments.

From the researcher's perspective, axiology also concerns the decisions made in selecting
methodological tools (Heron & Reason, 1997). In our study, we chose tools like SA and topic
modeling because they reflect the value we place on objectivity and measurability. However, the
very choice of these tools is based on values that recognize the importance of quantifying subjective

comments to achieve a more objective understanding of teachers' competencies.

The values of both the students and the researcher coexist in this research and influence the
outcomes. The analysis of student comments reflects the values they assign to the educational
process, such as their attention to communication, understanding, and organization by the teacher.
Therefore, the results of our research are based not only on objective data but also on value
judgments that shape how we understand the educational reality. This is consistent with pragmatic
research approaches that aim to produce practical knowledge that can be applied to real-world
teaching contexts (Saunders, 2014). The following diagram in Figure 6 highlights the various values

that shape our research methodology. It emphasizes the balance between the pursuit of objective
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measurement and the recognition of students' subjective experiences in evaluating teacher

competencies.

Objectivity

Research
process

Subjectivity Practicality

Figure 6. Values in educational research (source: Authors’ own work).

3.2.4. Positivism vs. Interpretivism

The approaches of positivism and interpretivism are fundamental theoretical directions that
influence the choice of methodological tools in research (Heshusius & Ballard, 1996). In our study,
we have adopted a positivist approach, as we focus on quantifying and analyzing student comments
through objective methods, such as SA and topic modeling. This approach allows us to draw clear,
measurable conclusions about teacher competencies, giving us the ability to understand the key

trends emerging from the data.

Interpretivism, on the other hand, argues that social reality cannot be fully analyzed using
guantitative methods. According to this approach, student comments must be interpreted based
on their social and personal context (Potrac et. al., 2014), as they include important subjective

elements that cannot be captured through simple data analysis.

Although our research is primarily grounded in positivism, we recognize that the data studied—

student comments—contain subjective elements that require careful interpretation. Our findings,

66

Institutional Repository - Library & Information Centre - University of Thessaly
11/09/2026 19:56:01 EEST - 216.73.216.250



therefore, emerge from a combination of quantitative analysis and interpretive methods, which

help us understand the complexity of the data.

The following diagram in Figure 7 illustrates the spectrum between positivist and interpretivist
approaches in our research. It emphasizes how our study incorporates elements of both
perspectives, aiming for a balanced understanding of teacher competencies through quantitative

and qualitative methods.

/ Mixed methods \

(Combines both quantitative
and qualitative approaches,

Subjective Reality Objective Reality

Qualitative Data recognizing the value of Quantitative Data
objective analysis while also
Researcher InVOIVement interpreting the Subjective Structured MethOdS

meaning behind the data)

Interpretivism Middle Positivism

Figure 7. Positivism vs. Interpretivism (source: Authors’ own work).

3.2.5. Pragmatism

Focusing on practicality and the use of research to achieve specific goals, pragmatism is central
in our study, as our research aims to identify the competencies teachers should have and find
effective ways to measure them. Pragmatism does not emphasize whether a method is purely

guantitative or qualitative but rather the suitability of the tools used to achieve research objectives.

In our case, the methods chosen, including SA and topic modeling, were evaluated based on
their ability to reveal meaningful insights about teacher competencies through student comments.
This means that a pragmatic approach combines the best elements of both quantitative and
gualitative methods, aiming to produce useful and actionable results. This pragmatic stance allows
for flexibility and ensures that the research produces actionable insights that can be applied in

educational settings (Tashakkori & Teddlie, 2010).
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Pragmatism, therefore, underscores that our research is not limited to strict philosophical
positions but aims at the practical utility of its results. The techniques we used are those that offer
the best potential to achieve a reliable and applicable measurement of teacher competencies. For
example, using BERTopic to validate the competency model based on student feedback was chosen
for its ability to provide meaningful conclusions about the educational process. This approach
makes pragmatism suitable for our study, as the ultimate goal is to produce knowledge that can be
used for evaluating and improving teaching practices. The following diagram in Figure 8,
encapsulates the essence of pragmatism in our research. It underscores the focus on practical utility
and flexibility in methodology, illustrating how our chosen techniques serve to produce meaningful

and applicable results in evaluating teacher competencies.

Practical utility

Data-driven Methodological
decisions flexibility

Actionable insights

Figure 8. Pragmatic research framework (source: Authors’ own work).

Finally, pragmatism allows flexibility in selecting and using tools to meet research goals in the
most effective way. In our research, this philosophical approach guides our methodological choices,
as they focus on the practical value of the results, which can be applied in real-world settings for

evaluating and developing teachers. Essentially, pragmatism in this dissertation highlights the
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importance of using the right tools to achieve useful and actionable results, regardless of whether

these tools are traditionally quantitative or qualitative.

3.3. Research design and methodology

In this section, we provide a comprehensive overview of the stages involved in the research
process we followed. A visual depiction of these stages is presented below. Specifically, we divided
the overall process into three phases, as illustrated in Figures 9, 10, and 11, respectively. For better
clarity and coherence, each stage of each phase is described in detail in the following subsections.
We chose to depict the overall methodology using a flowchart for each phase, rather than a linear
representation to emphasize the parallel nature of the procedure, particularly regarding the

detailed understanding of our research design.

3.3.1. Detailed framework of the initial research process: From objectives to identifying

gaps (phase 1)

The first phase of this research aimed to establish a clear and structured approach to
investigating teacher competencies in HE and the role of student feedback in assessing these
competencies. This phase was critical in laying the groundwork for the subsequent research stages,
as it provided a systematic pathway from defining objectives to identifying specific gaps in the
existing literature. By structuring the initial research process into distinct steps, a logical flow was
established, as depicted in Figure 9, ensuring that the study’s objectives were comprehensively
addressed and that all necessary groundwork was completed before advancing to more complex

methodologies.

The focus during this phase was placed on reviewing and analyzing relevant literature to both
identify the core competencies required of teachers in HE and to explore the potential of student
feedback as a data source. The detailed steps followed during this phase were designed to ensure
that the study would be grounded in existing research, while also identifying opportunities for novel

contributions to the field.
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Figure 9. Framework for initial research process: from objectives to identifying gaps (phase 1) (source: Authors’
own work).

First, the research objectives were defined to guide the overall direction of the study. Then, an
extensive literature review was conducted to gather a broad base of previous research related to
teacher competencies and feedback analysis. This review allowed for the synthesis of existing
knowledge and the identification of key gaps, which informed the focus areas for the research.
Specifically, these gaps highlighted the need for more targeted research into competencies specific
to higher education, as well as the challenges of effectively utilizing untapped student feedback

data.

The analysis conducted in this phase also set the stage for the development of the methodology
employed in later stages. By identifying the competencies most pertinent to HE and the potential
challenges associated with utilizing student feedback as a data source, a foundation was established

for the implementation of advanced analytical techniques, including SA and machine learning. This
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systematic approach ensured that the study would be both theoretically sound and practically

relevant, addressing key issues in the field of educational research.

The following subsections provide a detailed explanation of each step within this initial phase,
outlining how the objectives were defined, how the literature was reviewed and synthesized, and
how the specific gaps in the research were identified. Each of these steps played a crucial role in

shaping the overall direction and scope of the research.

3.3.1.1. Defining research objectives

The initial step in our research process involved defining the research objectives. These
objectives were shaped by the overall aim of understanding and identifying key teacher
competencies in higher education, and determining how student feedback could offer insights into
these competencies. The focus was placed on investigating the specific competencies required for
effective teaching in HE and exploring how student feedback could serve as a measurable indicator
of these competencies. This step established the foundation of the research, ensuring that the

competencies being studied were aligned with current educational needs and the available data.

3.3.1.2. Gathering previous research

Following the definition of research objectives, a range of relevant literature was gathered,
including empirical studies, theoretical frameworks, and reviews related to teacher competencies
and student feedback in higher education. Emphasis was placed on sourcing research from
academic journals, databases, and books that addressed competency models, educational
effectiveness, and feedback analysis. The goal at this stage was to create a comprehensive literature
base that would inform the understanding of the subject and provide context for identifying gaps

and areas requiring further research.

3.3.1.3. Analysing and synthesizing previous research

A thorough literature review was conducted to analyze and synthesize previous studies. The
review focused on extracting key insights and identifying existing models, frameworks, and theories
regarding teacher competencies and student feedback. Attention was given to how competencies
were defined and assessed in different contexts, as well as the methodologies used for analyzing
feedback data. This review provided a broad understanding of the current knowledge in the field
and shaped the direction of the ongoing research. The literature review revealed several important
gaps, which informed the subsequent phases of research. It was noted that while multiple
competency frameworks were present in the literature, there was limited consensus on a core set
of competencies specific to higher education. Additionally, many studies focused on generic

teaching competencies, with fewer addressing competencies tailored to the HE context. This
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highlighted the need for further research to define and investigate the specific competencies that
are essential in this setting. The analysis also revealed a lack of consistent methods for assessing
teacher competencies, particularly through student feedback. This gap suggested the potential to

explore student comments and SA as methods for evaluating teacher competencies.

Finally, the literature pointed to challenges in utilizing student feedback data effectively.
Although vast amounts of feedback were available, there was limited research that systematically
analyzed this data, particularly through techniques such as ML or natural language processing. This
presented an opportunity for the current research to apply SA and TM to unlock the valuable
insights embedded in untapped student feedback, offering new perspectives on teacher

performance and effectiveness.

3.3.2. Methodological framework for analysing educational text data: Approaches and

techniques (phase 2)

The second phase of our methodology focuses on the investigation and analysis of educational
data, particularly textual data derived from student feedback (see Figure 10). This phase is crucial
for understanding how insights can be extracted from complex educational texts and how various
analytical techniques can be applied to interpret these data effectively. By employing a
methodological framework tailored to educational text data, this phase seeks to uncover patterns,
sentiments, and themes that may inform our understanding of teacher competencies and their

impact on student experiences.

This phase is structured into three main steps: investigating and analyzing educational data,
applying text data analysis techniques, and comparing different analytical approaches. Each of
these steps plays a vital role in ensuring that the research not only draws meaningful insights from
the data but also utilizes a variety of methods to validate findings. This comprehensive approach
allows for a nuanced understanding of the data and enhances the robustness of our research

outcomes.
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Figure 10. Methodological framework for analyzing educational text data (phase 2) (source: Authors’ own work).

3.3.2.1. Investigating and analysing educational data

In this stage, the focus is on identifying appropriate methods for analyzing educational data,
particularly in relation to student feedback. Various analytical approaches are considered, including
qualitative and quantitative methods, to ensure a holistic understanding of the data. Techniques
such as content analysis, topic modeling, and SA are evaluated for their potential to extract valuable
insights from the data. By assessing these methods, a clear strategy is developed to systematically

analyze the feedback and derive meaningful conclusions about teacher competencies.

Following the identification of analytical methods, the next step involves exploring the
complexities inherent in educational textual data. This includes understanding the diverse formats
and contexts of the data collected, as well as the various factors that can influence student

feedback. The challenge lies in addressing the nuances of language, tone, and sentiment expressed
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in student comments, which may vary significantly. This exploration not only informs the analytical
techniques that will be applied but also highlights the importance of considering the context in
which feedback is provided. By delving into these complexities, the research aims to uncover

deeper insights that may not immediately be apparent.

3.3.2.2. Apply text data analysis techniques

In the second step of this phase, both conventional and ML techniques are applied to the
educational feedback data. The conventional approach includes SA based on lexicons, where
predefined lists of words and their associated sentiment scores are utilized to gauge the overall
sentiment of student comments. This method allows for the systematic classification of feedback
into positive, negative, or neutral categories, providing a foundational understanding of the
students' perceptions. Additionally, manual coding is employed to identify themes and patterns
through a thorough review of the comments, along with traditional statistical methods that
quantify specific aspects of the feedback, such as frequency analysis to pinpoint commonly

mentioned sentiments or themes.

At the same time, machine learning techniques are leveraged to enhance the analysis further.
Advanced computational methods, such as NLP and machine learning algorithms, are employed to
categorize feedback, assess sentiment, and extract topics from the textual data. Unlike
conventional techniques, machine learning approaches utilize algorithms that can learn from data,
improving their accuracy and ability to detect complex sentiment patterns within larger datasets.
By incorporating both conventional lexicon-based SA and machine learning techniques, the

research enhances the analytical depth, ensuring that key trends and insights are highlighted.

3.3.2.3. Compare different approaches

The final step of this phase involves comparing the effectiveness of the various analytical
approaches employed throughout the research. This comparative analysis evaluates the strengths
and limitations of conventional and machine learning techniques, assessing how each method
contributes to the overall understanding of the educational data. By identifying which approaches
yield the most significant insights, this step informs the research methodology for subsequent
phases and highlights the best practices for analyzing educational text data. Ultimately, this
comparative analysis aims to refine the research approach and ensure that the findings are robust

and reliable.

3.3.3. Model development and validation: Methodological framework (phase 3)

The third phase of the research methodology focuses on model development and validation,

which is essential for translating the insights gained from the previous phases into actionable
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frameworks. This phase aims to create a robust model that can effectively assess teacher
competencies based on student feedback and provide a foundation for future research and
practical applications in educational settings. By utilizing various analytical techniques, including SA
and topic modeling, this phase seeks to ensure that the developed model is both accurate and
reliable. This phase comprises four critical steps, as illustrated in Figure 11, model creation and
implementation, development of a validation framework, extraction and analysis of the final results

and final presentation and conclusions.

)
Model Creation and
. Use of various techniques
Implementation
(SA, T™M, BERTopic, etc)

l (Dervenis et al., 2024)

Development of a
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‘\[ Future research ]

Figure 11. Model development and validation (phase 3) (source: Authors’ own work).

Each of these steps plays a vital role in the overall research process, ensuring that the model not
only meets the defined objectives but also addresses the complexities of educational data. This
comprehensive approach to model development enhances the validity and practical implications

of the research, providing valuable insights for stakeholders in the education sector.
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3.3.3.1. Model creation and implementation

In this initial step of this phase, a variety of techniques are employed to create and implement
the model that assesses teacher competencies. SA is applied to understand the emotional tone of
student feedback, enabling the identification of areas where teachers excel or require
improvement. Additionally, TM techniques, such as Latent Dirichlet Allocation (LDA) and BERTopic,
(BERT stands for Bidirectional Encoder Representations from Transformers) are utilized to uncover
underlying themes in the data. These methodologies allow for a more nuanced interpretation of

student comments, highlighting the competencies that resonate most with learners.

The model's implementation involves the careful integration of these techniques, ensuring that
they work in concert to produce a comprehensive assessment of teacher performance. By
combining qualitative insights from SA with quantitative data from topic modeling, the model aims
to provide a holistic view of teacher competencies in higher education. This phase also emphasizes
the importance of iterative testing and refinement, ensuring that the model evolves based on

feedback and findings from the analysis.

3.3.3.2. Development of a validation framework

The validation framework was a key element in ensuring both the relevance of the competencies
identified through the literature review and the effectiveness of the methods used to measure

these competencies. The purpose of this validation was twofold:

1) to assess whether the competencies identified from the academic literature reflect the
competencies that students value in their professors, and
2) to confirm that the approaches used to measure these competencies through SA, topic

modeling, and other text analysis techniques are accurate and meaningful.

The key question was whether the competencies recognized as significant by the academic
community—such as pedagogical skills, communication abilities, and subject knowledge—are
similarly valued by students in their feedback. Through this process, we aimed to determine, if the
academic model aligns with students’ perceptions. If students consistently highlight these same
competencies in their evaluations, it provides strong evidence that the model is sound and
representative of their actual concerns. The chart provided in Figure 12 illustrates the process

followed for model validation.

However, the validation process extended beyond competent matching. It also critically
examined the measurement framework used to analyze student feedback. By employing methods
such as lexicon-based SA and ML models, we sought to measure and quantify these competencies

from the students' comments. A key part of the validation was to confirm whether these tools and
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techniques were effective in capturing the nuances of student perceptions and if the derived
measurements were reflective of the competencies in question. For example, if the analysis
techniques consistently identify sentiment related to a professor's communication or teaching
style, and these align with the competencies highlighted in the literature, it demonstrates that the
measurement methods are working effectively. Additionally, the process sought to reveal whether
some competencies that may be undervalued in the literature—such as interpersonal skills or
approachability—are nonetheless captured by the student feedback and recognized through the
analysis framework. This would indicate that the chosen methods are robust and capable of
identifying a broader range of competencies that may not have initially been emphasized in

academic discussions.
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Figure 12. Model validation (source: Authors’ own work).

Ultimately, the goal of this validation framework was not only to verify that the competencies

identified through the literature review are important to students, but also to ensure that the
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analytical tools and techniques used to measure these competencies from textual data are valid. If
the results show that students' feedback consistently highlights competencies aligned with the
literature, and the methods used are able to accurately measure these competencies, it confirms
the value of the entire framework. This would demonstrate that the system is both theoretically
sound and practically useful in evaluating teaching performance through student-generated data.
In conclusion, the validation framework ensured the credibility of both the competency model and
the measurement methods used to analyze and assess these competencies from student feedback.
By validating both what is being measured and how it is being measured, the framework supports
the effectiveness of using student comments as a reliable tool for evaluating teacher competencies

in higher education.

3.3.3.3. Extraction and analysis of results

The extraction and analysis of the results was a crucial step in understanding both the
competencies of professors as identified in the literature and how these competencies are reflected
and measured through student feedback. This phase not only involved identifying which
competencies emerged from the data but also examined how the students' comments were
effectively utilized to measure and assess these competencies. The key aspect of this stage was to
extract meaningful insights from the student feedback using the analytical techniques applied
earlier—such as SA, topic modeling, and other text data analysis methods. These techniques
allowed for the quantification of competencies and provided a structured way to interpret student
feedback. For example, SA identified whether students expressed positive or negative sentiment
regarding specific competencies such as communication skills, subject knowledge, or teaching style.
Additionally, TM uncovered key themes and topics within the comments that correlated with the

competencies derived from the literature.

Additionally, this phase also explored whether the students’ feedback emphasized
competencies that might not have been the primary focus in the academic literature. In some cases,
students might prioritize interpersonal skills, fairness, or accessibility, which were
underrepresented in academic models of teaching competencies. The ability to capture these
competencies through text analysis methods demonstrated the flexibility and depth of the
approach, showing that the student feedback data could reveal both anticipated and unanticipated
insights. Moreover, the analysis examined how effectively the student comments could be
transformed into actionable metrics for assessing teacher performance. The results of the analysis
indicated not only whether students aligned with the competencies recognized by the academic
community, but also how reliable and useful student feedback was for measuring these
competencies. For instance, if certain competencies were frequently mentioned in the feedback

with consistent sentiment, it confirmed that these were aspects of teaching that mattered most to
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students. This consistency validated the use of student comments as a legitimate and valuable

source of data for competency measurement.

The extraction and analysis process also served to identify any gaps or areas where the current
methods might fall short in fully capturing student perceptions. This step ensured that the final
results provided a comprehensive understanding of how well the analytical framework measured
the competencies in question. By leveraging student feedback data, this phase demonstrated the
practical value of using such data to evaluate teaching performance and informed
recommendations for future improvement in both the analysis techniques and the competency

model itself.

In summary, the final results provided twofold insight: a deeper understanding of the teacher
competencies that matter to students, and confirmation that the methods used to analyze and
measure these competencies through student feedback were effective. This outcome reinforced
the practical utility of using student-generated data to assess teacher performance in higher
education, bridging the gap between theoretical competency models and real-world student

expectations.

3.3.3.4. Final presentation and conclusions

The final step of this phase focuses on the presentation of findings, providing recommendations
for practice and suggesting areas for future research. The results were communicated through clear
and concise reports, visualizations, and presentations, ensuring that the insights remained

accessible to a wide audience, including educators, administrators, and policymakers.

Recommendations derived from the findings emphasize actionable strategies for enhancing
teacher competencies and improving student feedback mechanisms. Furthermore, this step
identifies gaps in the current research and proposes avenues for future exploration, encouraging
continued inquiry into the intersection of teacher competencies and student experiences. By
concluding this phase with a comprehensive presentation of findings, the research aims to foster

informed discussions and decisions within the educational community.

3.4. Methods and tools

In this section, we present the methods and tools that were considered and ultimately chosen
to carry out the steps of the methodology described earlier in this chapter. The purpose of this
selection process was to find the most suitable approaches for analyzing the data and drawing

meaningful insights. The choices made were informed by both the literature review and the specific

79

Institutional Repository - Library & Information Centre - University of Thessaly
11/09/2026 19:56:01 EEST - 216.73.216.250



needs of this research, ensuring that the selected tools effectively supported the analysis and

helped achieve the research goals.

3.4.1. Methods and tools used for the literature review

In this subsection, we delve into the methods and tools that were utilized during the literature
review phase of the research. This crucial phase adopted a systematic approach to gathering
pertinent studies and articles, ensuring a comprehensive exploration of the subject matter. Initially,
to obtain a holistic understanding of the relevant field, a systematic review was conducted following

the PRISMA methodology (Moher et al., 2009).

To facilitate this process, an extensive search was performed across several key databases,
including ACM Digital Library, IEEE Xplore, Springer, Elsevier, and Google Scholar. This multi-
database approach was essential for capturing a broad spectrum of literature related to the topic.
Boolean operators were used in refining our search queries, allowing us to combine various search
terms effectively. Additionally, proximity operators (Hammerstrgm et al., 2009) were used to locate
terms within a specific range, ensuring that the searches remained comprehensive and relevant.
The search terms included a variety of concepts such as academic staff, higher education, faculty,

tertiary education, professor quality, profiles, competencies, skills, and quality teaching.

Using these terms, we crafted targeted queries that yielded results closely aligned with the
objectives of our review. Throughout this process, results that were pertinent to the research
purpose were meticulously examined, while irrelevant outcomes were systematically filtered out
in subsequent stages. The search queries were executed between February and March 2021,
ultimately generating a total of 102 results that served as the foundation for our analysis. Figure 13
illustrates the process that was performed based on the template of PRISMA 2020 flow diagram for
new systematic reviews (Page et al., 2021) showing the final phase where our bibliographic research

included the papers that met the search criteria.

Following this, we focused on identifying and categorizing all competencies cited in the literature
available to us. We carefully examined the intrinsic relationships between the competencies we
identified, grouping those with related characteristics or shared elements. Our objective was to
differentiate, gather, and then assign these competencies to specific dimensions relevant to HE

teachers as discussed in the literature.

Additionally, we found it necessary to introduce two indicators. The “appearance” indicator,
Apr), represents the proportion of each competency dimension that appears in the literature we
reviewed, while the “coverage” indicator, Cvr), reflects the percentage of each dimension covered

in eligible studies—specifically, the extent to which the competencies in each dimension were
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represented in the selected sources. With this method, we gained a clear view of not only what was

referenced in the literature we examined but also the degree to which each aspect was covered.

)
/Collecting all potential studies that meet\ . . .
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c ) through other sources (social
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Figure 13. PRISMA statement flowchart (Page et al., 2021).

3.4.2. Data collection methods

In our research, we utilized textual data derived from student feedback at our university,
collected through both a structured, standardized feedback process and a customized survey
designed to gather specific insights relevant to our research. This additional survey enabled us to
obtain focused responses directly connected to our objectives. In addition to structured sources,

we also incorporated opportunistic data—feedback gathered informally through natural student
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interactions (oral discussions) and open-ended survey responses. The categorization of our data as
"opportunistic" stems from the way it was collected: it includes feedback gathered informally
through natural student interactions, rather than within a strictly structured framework (Ferragina
& Manzini, 2000). This allowed us to capture spontaneous, unfiltered comments that arose from
open-ended survey questions specifically designed to gather insights relevant to our research

objectives.

By incorporating opportunistic data, our study benefited from the addition of more authentic
viewpoints, often revealing perspectives that structured data collection methods might overlook.
This approach enriched our analysis by providing a broader, real-world view of the competencies
we aimed to study. This multi-source approach not only enriched the depth of our analysis but also
allowed for the inclusion of natural data points broadening our understanding of the competencies

under study (Willig, 2019).

Meaningful comparative evaluations of algorithms yield robust results when tested on
consistent datasets using identical performance metrics (Witten et al., 2016). Generally, data used
for testing can originate from three primary sources: actual domain-specific data, pre-generated
datasets, and randomly generated data. Actual (or real-world) data is drawn directly from cases
within the study’s application field, such as the structured and opportunistic student feedback used
in our research. Pre-generated data, by contrast, is collected from standardized datasets or
repositories, while randomly generated data can be used when there is insufficient real data

available for comprehensive training and testing.

Data preparation should be carefully aligned with the evaluation goals and minimize issues such

as:

o Insufficient sample size: Larger, diverse samples improve experimental reliability and
provide clearer insights into the performance of tested algorithms. As noted by Hattie
and Timperley (2007), sufficient sample sizes are essential in educational research to
obtain valid insights into the effectiveness of interventions and algorithms, ultimately
leading to improved educational outcomes.

e Homogeneity in test set features: A lack of variety may obscure an algorithm’s
weaknesses. As Cawley and Talbot (2010) explain, homogeneity in the features of the
test set can lead to an incomplete evaluation, emphasizing the need for diversity to
identify potential weaknesses in algorithm performance.

e Incorrect or unknown labels: Inaccurate labeling leads to poor model training and

suboptimal deployment performance. Zhang and Wallace (2015) highlight that incorrect
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or unknown labels can severely impact the training process, underscoring the necessity
for precise labeling to achieve effective machine learning outcomes.

e Non-representative training data: Training on data that doesn’t represent the actual
problem domain results in a model that may underperform in real-world scenarios.
According to Kohavi and Provost (1998), utilizing non-representative training data can
hinder a model’s ability to generalize, emphasizing the necessity for data that accurately

reflects the problem domain for optimal performance.

Our study’s data, which includes both structured student feedback and opportunistic data
sources, provides a robust real-world dataset. By integrating structured responses and
spontaneously gathered feedback, we enhanced the dataset's relevance and reliability,

allowing for a more comprehensive and nuanced analysis of HE teachers’ competencies.

3.4.3. SA method

Sentiment Analysis (SA) can be referred to by various names in the literature. It may be
mentioned as subjectivity analysis, opinion mining, or appraisal extraction (Misuraca et al., 2021).
According to Liu, (2012), "Sentiment analysis is the field of study that analyzes people's opinions,
emotions, evaluations, appraisals, and attitudes towards entities such as products, services,
organizations, individuals, topics, events, and their attributes.". Essentially, SA refers to the process
of taking a text or text snippet as input and extracting valuable information related to the expressed
sentiments within that text. This process is typically performed on a collection of texts referred to

as a corpus.

SA plays a significant role in many applications of business intelligence, such as credit rating
assessment or organizational reputation evaluation. It is essential for the development of analytics
that aim to assess the limitations and shortcoming of offered products and services in order to
improve their quality. Furthermore, SA is one of the most prominent examples of descriptive
analysis. As a research field, SA can be considered part of computational linguistics and NLP, which
involves the interaction between computers and human (natural) language (Saraswat et al., 2020;
Mejova, 2009). It employs techniques and methods from machine learning, NLP and statistics, with
the goal of classifying text into sentiment classes. The sentiment polarity is one of the desired
properties of the text being processed. It constitutes the main methodological characteristic of SA
and is commonly categorized into three classes: Positive, Neutral and Negative (Garg, 2020; Liu,

2012; Chakraverty & Saraswat, 2017; Liu, 2012; Wilson et al., 2009).

However, this does not imply that binary classification (positive, negative) or multiclass
classification with more categories, (i.e., Strongly Positive, Positive, Neutral, Negative, Strongly

Negative) cannot be applied. The number of classes used for text categorization is dictated by the
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specific problem at hand. Furthermore, besides polarity identification, there are more sophisticated

techniques that recognize emotional states in the text, such as "joy," "sadness," or "anger." Finally,
it is important to distinguish between polarity and intensity (strength) with which the sentiment is
expressed in the text. For example, one might have a positive opinion about a professor but not

hold a strong opinion since they have not attended their class for a significant period of time.

SA can play a pivotal role in various facets of the learning process. Not only does it allow
educators to receive feedback on their instructional methods, but it can also facilitate the
identification of students requiring extra support (Dervenis et al., 2024; Altrabsheh et al., 2013;
Poulos & Mahony, 2008; Wen et al., 2014). The state of the art in SA distinguishes three dominant
approaches aimed at addressing this concern. These approaches are briefly yet concisely presented

in the following section.

3.4.3.1. Algorithms and techniques used in SA

In our research, we focus on Random Forest (RF) as well as on the Artificial Neural Networks
(ANNSs) (Shaik & Srinivasan, 2019; Babu & Kanaga, 2022). RF is a powerful supervised learning
algorithm that excels in classification tasks. The first algorithm, as implied by its name, consists of
an ensemble of decision trees. Each individual decision tree in the RF makes a class prediction, and
the class with the most votes becomes the final prediction of the model. The fundamental idea
behind the method is that a large number of uncorrelated models functioning as a committee will
outperform any of the individual constituent models. The low correlation among the models is key,
as the uncorrelated models can produce predictions that are more accurate than any of the
individual predictions (Dervenis et al., 2022). This is because the trees compensate for each other's
errors through their overlapping nature. Furthermore, unlike individual decision trees, the decision
trees belonging to a RF are constructed by randomly selecting predictor variables based on which
the splitting of nodes in the tree occurs. These characteristics, combined with the absence of
pruning, result in lower correlation among the trees and, therefore, greater diversity among them.

RF, and subsequently decision trees, belong to the category of nonparametric ML algorithms.

Artificial neural networks are a form of ML algorithm that seeks to emulate, to the extent
feasible, the operation of the human brain to solve complex problems. The mathematical model
underpinning this particular method strives to replicate the structure of the biological neural
network, thereby acquiring characteristics that enable parallel data processing and the execution
of tasks that are challenging to describe, such as pattern recognition. ANNs represent a relatively
new area of research that began its development on an international level a few decades ago,
around 1980. Initially, McCulloch & Pitts (1943), presented a model of a neural network based on

neurons and their connections. This model forms the basis of Al neural networks, which have the
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perceptron as their basic structural unit and "learn" through processes that modify the weights of
their connections (synaptic weights). After the learning process, the network can undergo the recall
process and compute its output for a given input vector. In other words, it applies the learned
model. The use of these techniques requires a large volume of data, and most of them rely on
correctly labeled data during the training process. In contrast, lexicon-based techniques can avoid

this limitation.

The lexicon-based approach we employed utilizes a lexicon that associates words with
corresponding sentiment weights, capturing the meaning attributed to each word. Depending on
the implementation, weights can take two values (positive/negative sentiment) or belong to a
range of values. The polarity values of each word in the text are transmitted to an algorithm to
generate the final sentiment score, which represents the sentiment conveyed by the text. We can
distinguish two main approaches in the application of Lexicon-Based methods based on the way
sentiment bearing words are identified during the creation of the lexicon (Kausar et al., 2019). The
first approach is the Lexicon-based approach, in which lexicons can be created either manually or
automatically using seed words, typically adjectives, as indicators of the semantic orientation
conveyed by the text. These seed words are expanded with their synonyms to enrich the initial
lexicon as much as possible. The implementation of this technique can be further expedited by
utilizing a preexisting lexicon from a variety of resources available for sharing, primarily in the
English language. Examples of such lexicons include NRC Emotion Lexicon, MPQA, WordNet,
SenticNet, SentiWordNet, WordNet-Affect, and others (Pradhan et al., 2023; Mohamad S. &
Mohamed A., 2022; Beckwith et al., 2021; Hardeniya & Borikar, 2016). Furthermore, we have the
corpus based approach that aids in identifying words that carry sentiment by utilizing heuristic rules
to comprehend the meaning of a word based on its context, ultimately assigning it to the
corresponding sentiment category, which involves calculating the polarity of a word based on its

co-occurrence frequency with another word of known polarity.

3.4.4. Topic modeling method

In our study, we employed TM techniques to analyze open-ended feedback collected from
students at UTH. This approach allowed us to extract meaningful themes related to teacher
competencies that resonate with students. We utilized two prominent methods: LDA and BERTopic,

each offering distinct advantages in uncovering latent topics within textual data.

LDA is a generative probabilistic model that assumes each document is a mixture of topics, with
each topic characterized by a distribution of words. The model works by first defining a fixed
number of topics. It then iteratively assigns words to topics based on their co-occurrence in

documents, refining these assignments until convergence is achieved (Blei et al., 2003). In our
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implementation, we preprocessed the student feedback to ensure that the data was clean and
relevant, including tasks such as removing stop words, stemming, and lemmatization. By applying
LDA, we aimed to identify the underlying themes in student comments, providing insights into the
competencies they value in their instructors. This method proved effective in capturing the diversity
of opinions expressed by students, allowing us to formulate a preliminary understanding of their

expectations, as highlighted by Xing et al. (2020).

Following the initial analysis with LDA, we turned to BERTopic, which builds upon transformer-
based embeddings and enhances TM through advanced techniques. One of the key features of
BERTopic is its ability to utilize a guided approach, leveraging seed words to direct the topic
extraction process (Ravenda et al., 2024; Raman et al., 2024). In our case, we experimented with
various iterations of guided seed words, systematically tweaking parameters to identify the optimal
model. This iterative process allowed us to refine our topic representations and capture more

nuanced insights into the competencies of interest to students.

By combining these methods, we aimed to validate the competency model derived from the
literature. The goal was to align our findings from the student feedback with established
competencies, ensuring that our model not only reflected theoretical frameworks but also
resonated with the practical experiences and expectations of students. The validation of this
competency model will be elaborated on in a subsequent section, where we will discuss how the
insights gained from TM contributed to our understanding of effective teaching practices in higher

education.

In summary, our approach to TM through LDA and BERTopic enabled us to dissect and interpret
student feedback meaningfully. By identifying relevant teacher competencies, we hope to
contribute to ongoing discussions about effective teaching practices and the factors that enhance

student engagement and satisfaction.

3.5. Summary

In this chapter, we explored the research framework and the methodological approaches we
followed in our study. Beginning with an introduction to the main objectives, we described the
theoretical foundations by conducting an in-depth examination of the research philosophy. We
analyzed key philosophical dimensions, such as the nature of reality, epistemology, and axiology,
and evaluated the contrasts between positivism, interpretivism, and pragmatism. These

perspectives guided our approach to the study's design and implementation.
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The chapter was then organized into three main methodological phases. Phase 1 covered the
initial research process, where we defined our objectives, conducted a literature review, and
identified gaps in the field, thereby establishing a strong foundation for our study. Phase 2
addressed the methodological framework for text data analysis, highlighting various techniques
and comparing approaches for effective knowledge extraction. In Phase 3, we developed and
implemented models, detailing the steps taken to generate, validate, and interpret the final study

results.

Following the step-by-step methodology, we presented the specific methods and tools used for
the literature review and data collection, emphasizing the practical techniques chosen to ensure
reliable analysis. The chapter then focused on applications of SA and topic modeling, providing an

overview of the algorithms and techniques applied.
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4. Implementation and Results

4.1. Introduction

The present chapter aims to provide a comprehensive overview of the implementation process
and results derived from the analysis of student feedback, aligning with the overarching goal of this
dissertation. The methods and tools discussed herein are the result of a systematic application of
advanced data analysis techniques across various phases of the research. Specifically, this chapter
integrates insights from five of our published studies, each contributing distinctively to the analysis
of student feedback and the evaluation of teaching quality. While some studies focus directly on
identifying and validating teacher competencies through SA and TM, others demonstrate the

applicability of ML and advanced tools for extracting meaningful insights from educational data.

To structure the presentation, the chapter is divided into four (4) distinct implementation

studies:

Study 1: Predicting student performance using ML algorithms — showcasing the potential of

machine learning methods for analyzing educational outcomes.

Study 2: SA of student feedback — employing both lexicon-based and machine learning techniques

to assess teacher competencies.

Study 3: Comparative case study: ChatGPT vs. a typical data mining process — exploring innovative

and conventional approaches to analyzing textual data.

Study 4: Analysis of students’ perspectives through topic modeling — utilizing TM to extract and

validate key teaching competencies based on student feedback.

These studies, while varying in focus and methods, collectively illustrate the versatility and
robustness of data analysis techniques applied in this research. The findings presented here not
only provide empirical support for the competency-based model derived earlier but also highlight
the ways in which analytical tools can contribute to a deeper understanding of academic quality

and teaching excellence.

4.2. Implementation

This section presents the implementation of methods and techniques used in this research. The
five cases discussed include both predictive modeling of student performance and analysis of
student feedback to evaluate different methods, algorithms, and approaches, with the ultimate

goal of assessing and validating teacher competencies.
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4.2.1. Study 1: Predicting student performance using ML algorithms

In this case we use ML algorithms in order to predict the performance of students, taking into

account both past semester grades and socioeconomic factors. We run two models:

e a2-class one predicting a “pass” or “fail” result and
e an expanded 5-class model, where we predict in which grading group the student will

fall in the next semester.

The process we followed to reach our results, as illustrated in the following block diagram (see

Figure 14).

Testing h/:odgl
algorithms evaluation
Data Model design and (Utilizing
collection (Orange tool) classification training and Results
(KNN, SYM test data for
! ! Cross-
Random forest) validation)

Figure 14. Predicting student performance using machine learning algorithms: The procedure followed (source: Authors’
own work).

4.2.1.1. Data collection

We used student performance data to classify and predict student grading. More specifically,
we used the “Student Performance” dataset, which is publicly available in the UCI repository?. This
is a popular repository of datasets for testing ML algorithms. These data relate to the performance
of secondary school students in two Portuguese schools (Ramaswami et al.,, 2019). Data
characteristics include student grades, demographic, social, and school characteristics and were

collected using school reports and questionnaires. The subject we focused on was mathematics

! https://archive.ics.uci.edu/ml/datasets/student+performance
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(mat) and the variable to predict was the third quarter grade. The dataset has 649 samples

(students) and 33 variables, presented in Table 6.

Table 6. Model variables and description.

Variable Description

school School student (binary: 'GP' - Gabriel Pereira ) 'MS' - Mousinho da Silveira)

sex student gender (binary: 'F' - female 1 'M' - male)

age student age (numeric: from 15 to 22)

address type of residence (binary: 'U' - urban or 'R' - rural)

famsize family size (binary: 'LE3' — less than or equal to 3, or 'GT3' — greater than 3)

Pstatus parents' marital status (binary: 'T' - living together, or 'A' - apart)

Medu mother's education (arithmetic: O - none, 1 - primary education (4th grade), 2 - 5th
to 9th grade, 3 - secondary education or 4 - higher education)

Fedu father's education (arithmetic: 0 - none, 1 - primary education (4th grade), 2 - 5th
to 9th grade, 3 - secondary education, or 4 - higher education)

Mjob mother's work (categorical: 'teacher’, 'health' care related, civil 'services' (e.g.
administrative  police), 'at home', 'other')

Fjob father's work (categorical: ‘teacher’, 'health' care related, civil 'services' (e.g.
administrative 1 police), 'at home', 'other')

reason reason for school choice (categorical: close to 'home', school 'reputation’, 'course’
preference, 'other’)

guardian student guardian (categorical: 'mother’, 'father’, or 'other’)

travel time  school-home travel time (arithmetic:1 - <15 min., 2 - 15to 30 min., 3-30 min.to 1
hour, 4 - >1 hour)

study time  weekly study time (arithmetic:1 - <2 hours, 2 - 2 to 5 hours, 3 -5 to 10 hours, 4 -
>10 hours)

failures number of previous failures in the course (arithmetic: n if 1<=n<3, else 4)

schools up  additional school support (binary: yes, or no)

famsup educational support from family (binary: yes, or no)

paid additional paid courses (Math or Portuguese) (binary: yes, or no)
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Variable Description

activities extracurricular activities (binary: yes, or no)

nursery went to kindergarten (binary: yes, or no)

higher wants higher education (binary: yes, or no)

internet Internet at home (binary: yes, or no)

romantic with relation (binary: yes, or no)

famrel level of family relationships (arithmetic: from 1 - very bad to 5 - excellent)

free time free time after school (arithmetic: from 1 - very low to 5 - very high)

Go out going out with friends (arithmetic: from 1 - very low to 5 - very high)

Dalc alcohol consumption on weekdays (arithmetic: from 1 - very low to 5 - very high)

Walc alcohol consumption on weekends SCs (arithmetic: from 1 - very low to 5- very
high)

health health status (arithmetic: from 1 - very bad to 5 - very good)

absences number of absences (arithmetic: from 0 to 93)

Gl first term grade (arithmetic: from 0 to 20)

G2 second term grade (arithmetic: from 0 to 20)

G3 third term grade (arithmetic: from 0 to 20)

4.2.1.2. Model design

We created our model in Orange, as illustrated in Figure 15. The Orange platform (Demsar et al.,
2013) is an open-source data visualization, ML and data mining toolkit with a visual programming
front-end that allows users to expedite data analysis and easily produce interactive data

visualizations.
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Figure 15. Model designed (source: Authors’ own work).

As shown in the Figure 15, we test three classification models, KNN, Random Forest and SVM,
by calculating their confusion matrices to evaluate their performance using specific metrics, which

are detailed further below.

4.2.1.3. Testing algorithms and classification

We tested and compared different classification algorithms in order to evaluate which one
achieves the highest accuracy. In particular, we tested the K-nearest neighbors (KNN), Random

Forest (RF), and Support Vector Machines (SVM) algorithms.

KNN is a simple but efficient classification algorithm, hence it is quite widespread (Zhang et al.,
2017). For each sample of the test data, it finds the K nearest neighbors from the training data.
Finding the nearest neighbors is done with some distance metric, such as the Euclidean distance
(Cunningham & Delany, 2021). It then determines which class of the K neighbors has the majority

and returns it as output.

In the SVM algorithm the categorization of the data is based on finding an optimal line (for two-
dimensional data) or an optimal hyperplane (for higher dimensions) that separates the data
creating the maximum margin (Cervantes et al., 2020). The ability to generalize the use of SVMs to
non-linear data relies on the kernel trick. In the event that linear separation is not possible,
appropriate visualizations are used that transfer the set of data to a larger dimension in order to
finally achieve their separation (Nalepa & Kawulok, 2019). SVM is primarily a binary classifier, i.e. it

has the ability to categorize into two classes. RF is a classification method that uses a large number
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of Classification and Regression Trees (CART) in order to provide higher accuracy than a single
decision tree (Shaik & Srinivasan, 2019). RF generates a large number of unpruned trees, which are
quite different from each other due to their random construction. Thus, the trees are not correlated
with each other, so RF can avoid overfitting to the training data and can achieve higher accuracy
than a single tree. Moreover, they can handle large datasets efficiently and can be used for both

classification and regression.

4.2.1.4. Model evaluation

For evaluation purposes, training and test data are needed. An algorithm builds a model based
on training data, but its performance is evaluated against test data that has not been used to build
the model. Since there is usually only one data set, the cross-validation technique (Bergmeir &
Benitez, 2012) is widely used to evaluate an algorithm. Under this technique, we repeatedly divide
the dataset 10 times (see Figure 16) into training data (90%) and test data (10%) (10-fold cross-

validation), ensuring that every data point is used in the test subset for evaluation.

Training set |

Training folds | |Test fold |
I

1% jteration

2" jteration

|
|
r
|
|
|

3" jteration

10" iteration . HEEEEEER

Figure 16. K-fold cross-validation with k = 10 (source: Authors’ own work).

To measure performance, we calculate the confusion matrix, as shown below in Table 7, for two

categories, which we call Positive and Negative:

Table 7. Confusion matrix.

Category prediction
Negative Positive
Negative True Negative (TN) False Positive (FP)
Real Category
Positive False Negative (FN) True Positive (TP)
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The rows represent the actual class, while the columns represent the predicted class. Correct
predictions are located along the diagonal of the matrix starting from the top left cell (1,1). For the

evaluation, the following metrics were used, as shown in Table 8:

Table 8. Classification evaluation metrics.

Metric Calculation Description

Accuracy indicates the percentage of correct
predictions made by the classifier. It provides a

TP + TN general assessment of the model's performance
Accuracy

TP + FP + FN + TN  across all classes. However, accuracy alone may not
be sufficient if the dataset is imbalanced or if

different classes have varying degrees of importance.

A model with low precision is capable of identifying a
substantial number of positive examples, but it also
exhibits a high rate of false positives, incorrectly
classifying many non-positive instances as positive.
TP
Precision R Conversely, a model distinguished by high accuracy
TP + FP
may not succeed in capturing all positive examples,
but the instances it categorizes as positive are highly

likely to be true positives.

Recall i measures the model’s ability to correctly

detect positive instances. A model with high recall

performs well in detecting positive instances in the

TP data, although it may also incorrectly classify certain

Recal TP + FN negative instances as positive. Conversely, a model

with low recall is unable to identify all (or at least a

significant portion of) the positive instances.

Itis used to balance the results of Accuracy and Recall

2 * Precision * Recall . . .
F1-Score into a single measurement of algorithm

Precision + Recall

performance. Therefore, it can effectively capture
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Metric Calculation Description

the model's performance even in cases where the
data exhibits significant class imbalance. A middle-
range F1 score indicates that either precision or recall
is relatively low, although the metric does not specify

which one.

4.2.1.5. Results and discussion

In 2-class implementation, we used two classification categories: pass or fail (i.e. predicting if
the third semester grade is going to be less than or greater than 10), and tested the three
classification models described earlier. The values of the parameters used were; for KNN number
of neighbors K=5, for RF number of trees N=50, and for SVM the RBF kernel was selected. These
values are widely used in the literature and in the algorithms’ documentation, leading to good

results. The evaluation results of the models are shown in Table 9.

The metrics AUC (Area Under Curve), CA (Classification Accuracy), F1, precision and recall are
indicative of the performance of the algorithms (the higher the values, the higher the performance).
Between all three cases we have the best result with the random forest algorithm, followed by KNN
and finally SVM. An important observation stemming from the confusion matrices of Figure 17 is

that all algorithms’ performance is commensurate in predicting a “pass”/”fail” classification.

Table 9. Evaluation results (2-class implementation) (source: Authors’ own work).

Algorithm AUC CA F1 Precision Recall
KNN 0.938 0.881 0.910 0.906 0.916
SVM 0.904 0.833 0.829 0.879 0.913
Random Forest 0.968 0.906 0.930 0.935 0.924

For example, RF predicts 113 failures (out of 130 true failures) and 245 successes (out of 265
true successes), while KNN predicts 105 failures and 243 successes (88.1% accuracy) and SVM
predicts 87 failures and 242 successes (83.3% accuracy). Therefore, it is safe to claim that indeed,
we are in a position to safely predict, taking into account both past semester grades and

socioeconomic factors, whether a student will pass of fail the math course next semester.
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predicted

0 1 b3
0 105 25 130 0
Actual 1 2 243 265 1
b3 127 268 395 b3
KNN

predicted

0 1
87 43
23 242
110 285
SVM

130

265

395

predicted

0 1
113 17
20 245
133 262

Random Forest

130

265

395

Figure 17. KNN, SVM and Random forest confusion matrix (2-class implementation) (source: Authors’ own work).

In order to further investigate the algorithms’ capability in providing more fine-grain predictions

of the students’ performance, we increased the number of classes from 2 (“pass”/ “fail”) to 5 (Table

10), and keeping the rest of the parameters unaltered, we rerun the models. The class distribution

used is adopted from the original work of Cortez and Silva and shown in Table 5, along with the

distribution of the dataset’s grades per class.

Table 10. Categories of students’ grades (for Math) (source: Authors’ own work).

0 | | v
Country
(fail) (sufficient) (satisfactory) (excellent/very good)
Portugal/France 0-9 10-11 12-13 16-20
Student distribution
130 103 62 40

per grade category

As we can see in Table 11, AUC, the measure of the ability of the classifier to distinguish between

classes, is 90.5% for RF, 87.1% and 82.2% for KNN and SVM respectively, indicating a good

performance for our model. However, the CA percentages are lower than those obtained with the

2-class implementation (67.6% vs 90.6% for RF). Nevertheless, since we are dealing with

imbalanced data and non-binary classification, AUC is deemed as a more appropriate metric for

assessing the model’s performance.
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Table 11. Evaluation results (5-class implementation) (source: Authors’ own work).

Algorithm AUC CA F1 Precision Recall
KNN 0.871 0.600 0.597 0.602 0.600
SVM 0.822 0.491 0.466 0.488 0.491
RF Learner 0.905 0.676 0.666 0.672 0.676

This can be also deducted from the confusion matrices in Figure 18, where correct classification
requires larger values along the diagonal. Indeed, in the case of the RF implementation, we can see
that the errors are mostly evident in class | and class Il, while for the rest of the classes the error is
quite negligible, and in all cases, it mostly concerns classifying a sample in the immediately
neighboring classes, with approximately 81.3% of data points classified in the correct class. Overall,
in this 5-class implementation, the performance of the KNN and especially of SVM deteriorates
compared to the 2-class implementation, suggesting that may not be suitable for this purpose

(especially SVM) or that their parameters require adjustment for better performance.

predicted

] 1 2 3 4 b3

0 106 24 ] 0 0 130

1 35 50 17 1 0 103

2 0 35 19 8 0 62

Actual 3 0 6 11 39 4 60

4 0 0 3 14 23 40

3 141 115 50 62 27 395

KNN
predicted predicted
0 1 2 3 4 b3 0 1 2 3 4 3
0 97 3 0 0 0 130 0 17 13 0 0 0 130
1 45 50 5 3 0 103 1 29 58 15 1 0 103
Actual 9 34 6 13 0 62 Actual 2 0 30 22 10 0 62
3 2 16 6 32 4 60 3 0 5 4 47 4 60
4 0 7 4 20 9 40 4 0 1 0 16 3 40
3 153 140 21 68 13 395 b3 146 107 4 74 27 395
SVM Random Forest

Figure 18. KNN, SVM and Random Forest confusion matrix (5-class implementation) (source: Authors’ own work).
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4.2.1.6. Conclusions

This case study, we utilized a dataset of student scores for a single module. Initially, we
investigated a two-category classification, i.e., whether the student passed the course or not. The
results were very satisfactory, with our model predicting the third semester “pass” or “fail” with a
very high level of precision. In order to investigate the algorithms’ performance in giving more fine
grain result, we then classified student grades into 5 categories. The results in this case were also
satisfactory, with the best algorithm based on the AUC metric being RF (as compared to SVM and
kNN). Analysis of the results, using confusion matrices, revealed that although some of the
performance indicators were reduced when compared to the two class implementation, the results
are commensurately high taking in consideration that with the five class implementation we opt for
more fine grain classification results. It is well established that a huge amount of educational data
is generated every day and remains untapped. Educational institutions must, by all means exploit
this data in order to get insight and support accurate and timely interventions towards improving
various aspects of educational services provided. Our approach revealed that techniques and
methods using ML algorithms can contribute in harnessing this vast amount of data with

multifaceted benefits for the entire educational community.

4.2.2. Study 2: Assessing teacher competencies in higher education: A SA of student

feedback

In this case, we used SA methods to measure teachers’ communication competencies. Utilizing
the data of over 700 feedback comments from students of our university, we assessed specific
competencies through the sentiment intensity that these comments contained. The model
designed for the SA, as well as the entire experimental phase, was implemented using the Orange
platform, an open source data mining and visualization platform.  We highlight how text
educational data from student feedback could provide valuable insight to academic institutions.
This data will be analyzed and studied as to how it could contribute to the assessment of teacher
communication competencies through opinion mining methods and SA. We will also investigate
whether students perceive their professors’ competencies differently depending on the nature of

the course.

4.2.2.1. SA approach

SA, also known as opinion mining, is a field of study, directly related to NLP that analyzes views,
sentiments, evaluations, attitudes and positions of people on issues through the computational

processing of subjectivity in text (Liu, 2012). SA aims to evaluate the sentiment of a simple word,

98

Institutional Repository - Library & Information Centre - University of Thessaly
11/09/2026 19:56:01 EEST - 216.73.216.250



phrase, sentence or even an entire document and rate it appropriately. Essentially, using
appropriate lexicons or ML approaches (Salazar et al., 2022), opinion polarity is determined, as to

whether it is positive, negative or neutral (Hutto and Gilbert, 2014).

The initial challenges encountered in the practical application of SA and opinion mining
stemmed from the huge pace and volume of comment content observed on social media on the
web. Since then, SA has penetrated and found application in a wide range of fields, focusing on
customer opinions about products and services through their written comments. As a result, with
the growing familiarity of users with the Internet and online review writing, SA has established itself
as a very powerful method of deciphering customer desires in various marketing companies, in the
movie industry, in policy- making, in public transportation, in the travel industry, as well as in
academic institutions. For the first time in history, we now have a huge volume of opinionated data
recorded in digital form for analysis (Liu, 2012). As a result, SA, considered as a big data task, is

constantly arousing the interest of researchers.

Traditionally, student feedback analysis in academic institutions, systems, as a rule, were based
on close-ended questionnaires that included a set of questions with predefined possible answers
(Kumar and Jain, 2015). With SA techniques, students have no limitation to grade only those
features that are included in the questionnaire, but instead opinions are freely expressed.
According to Nasim et al. (2017) textual feedback is the best way for students to express their views

spontaneously, without being limited through predetermined answers Shaik et al., 2022).

Kumar, A., & Jain, R. (2015) proposed an automatic evaluation system based on SA collecting
student feedback in the form of text. Misuraca et al. (2021) used a dataset of text, built by Welch
and Mihalcea (2016), with 1042 comments extracted from a Facebook group where students
expressed their opinions on courses and instructors pertaining to the Computer Science
department at the University of Michigan (US). They observed that, concerning the polarity score
calculation, it is worth adjusting lexicons to the specific language commonly used by students,
particularly because the polarization of some terms may be different from the polarization used in
common language. Nitin et al. (2015) observed that students provide feedback that is usually
related to labs, projects, skills, etc. when it comes to components of a course which are non-
theoretical (interactive, practical, collaborative) in nature. On the contrary, when it comes to

theoretical components, student feedback is concerned directly with the profile of their teachers.

Although there is research that has shown that the neutral comments, in SA, are not of particular
research interest (Wang and Wu, 2011), even student feedback categorized as neutral can
contribute positively in terms of understanding educational issues. Ortigosa et al. (2014), especially
in the education domain, point out the necessity, even of the students' neutral feedback, in order

to comprehend their attitudes.
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It is not our intention to review the entire body of literature concerning SA from a technical point
of view. Nevertheless, we will attempt to provide a brief, and in our opinion necessary, overview in

the following section.

Most SA approaches rely heavily on lists of lexical features (e.g., words, phrases), called
sentiment lexicons, generally labeled according to their semantic orientation as either positive,
negative or neutral (Liu, 2012). According to Feldman (2013), the sentiment lexicon is a key resource
for most SA algorithms. Lexicons are classified into two main categories, (1) polarity-based lexicons

and (2) valence-based lexicons.

In the first case, a polarity-based lexicon is used to determine the binary polarity of words i.e.,
either positive or negative. For example, "angry" has negative polarity while "family" positive. To
calculate the total polarity of a text, the polarity of each word is searched in the lexicon and if found,
is added to obtain an overall score. These lexicons, such as LIWC, Hu and Liu, etc., are widely known
and validated. For example, the Hu and Liu lexicon initially created in 2004 (Hu and Liu, 2004),

included 2006 words with a positive orientation and 4783 with negative.

However, the SA in practice has become more demanding, applying more complex procedures
in order to express, not only whether a linguistic term is positive or negative, but also its polarity's
intensity. These valence-based lexicons, such as VADER, ANEW, SentiWordNet etc., use word lists
with a valence score. For example, using the VADER lexicon, which measures sentiment-intensity
on a scale from -4 to +4. More specifically the term “okay” scores +0.9, “great” scores 3.1, “horrible”
-2.5,“:(“ or “@" scores -2.2 and so on. Beyond the sentiment word intensity provided, there are
sentiment lexicons, such as VADER, which identify properties and specific characteristics of the text,
especially in short comments, which affect the perceived sentiment intensity of the text. For
example, the exclamation mark, adds more orientation intensity. "Excellent!" is stronger than
"Excellent". In addition, it understands many sentiment-laden emoticons such as ":)", "D" and
sentiment-laden initialisms and acronyms such as "lol". It is worth noting that many lexicons of the
two aforementioned categories, polarity-based lexicons and valence-based lexicons, were

developed by building upon or combining earlier lexicons.

In other cases, machine-learning approaches are incorporated to achieve automated sentiment-
related tracing processes in the text, considering the knowledge base obtained. Kang H. et al. (2012)
proposed an improved Naive Bayes algorithm to solve problems related to classification
performance. Chen and Tseng (2011) used the SVM, a ML algorithm to classify reviews. Al Amrani
et al. (2018) proposed a hybrid approach by making a combination of ML techniques, using RF and
SVM algorithms, when applying SA to comments from product reviews offered by Amazon. In
another powerful study, Kabir M. et al. (2021) used different ML algorithms and concluded that

Boosting and Maximum Entropy outperform the other examined ML algorithms for detecting
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sentiments in online user reviews. However, it should be noted that, most machine-learning
approaches have drawbacks that are mainly related to the requirement of training data set. This
dataset must be extensive and representative. In addition, significant training and classification
(Hutto and Gilbert, 2014) time is required and therefore computing power (CPU processing) and

high memory.

In each case, SA can be conducted using different techniques with some alterations. In this case,
aiming at presenting a well-defined approach, we describe it step-by-step and next apply it on
student feedback comments of our university, with no intention to challenge any other similar or
alternative approach. Rather, we aim to highlight the diversity of approaches and to encourage the

exchange of views for the purpose of exploring the specific subject.

4.2.2.2. Method

In this subsection, we provide the method that we applied for the SA procedure based on the
lexicon approach. The initial stage (stage 1) concerns the collection of student comments and their
import as the dataset in the input channel. The data can be imported in various file formats such as
Excel (.xIsx), comma-separated (.csv) and native tab-delimited (.tab) files, etc., depending on the
system used. Then, in stage 2, the text preprocessing process takes place, during which some
natural language issues such as Transformation, Tokenization, Stopwords filtering, Normalization
(stemming and Iemmatization) etc. should be considered. The process of text preprocessing
consists of a sequence of steps and its objective is to prepare the raw text data for the next phase,
thus acquiring a clean and consistent form that can then be fed into a model for further analysis.
Figure 19 illustrates the order of distinct steps followed in our approach during text preprocessing.

Additionally, Table 12 summarizes thoroughly, all of the text data challenges handled in these steps.
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Figure 19. Text preprocessing phase (Stage 2) (source: Authors’ own work).

In stage 3, the sentiment intensity for each segment of the data processed in the previous
stage is detected. To do this, a prepared sentiment lexicon was used containing words and
corresponding sentiment scores for each word. This assignment of polarity is quite important, as
the purpose is to calculate the overall score of a student comment on a particular topic, although
in the individual words, aspects, etc. different grades may be assigned. For instance, a comment
consisting of seven tokens may have a positive average grade, even though five of the tokens have
negative scores and only the other two have a positive one. In the final stage (stage 4), all the SA
insights are converted into relevant reports. Reports enable interactivity through different forms
such as charts, graphs, etc. At this stage of the SA steps, visualization is a very important segment
for the overall monitoring of the results and the receiving of actionable insights. To enable the
decision of the right course of action, it is crucial to know which aspects got high a score, which
ones got low scores and generally, to have an idea as to which areas need our attention more than

others.

102

Institutional Repository - Library & Information Centre - University of Thessaly
11/09/2026 19:56:01 EEST - 216.73.216.250



Table 12. Text data challenges (source: Authors’ own work).

Process Description

Removes URLs from text.

Detects and retains only the text between html tags. For example, from <a
Transformation
href="https://www...... /"> valuable text </a> retains the “valuable text”

If necessary, applies lowercase transformation.

Tokenization is the method of splitting text into smaller components, called
tokens or units. These units may be words, bigrams, sentences and even
Tokenization paragraphs. In addition to breaking up a sequence of strings into pieces, a
characteristic task in the process of tokenization is the discarding of certain

characters such as punctuation.

This method is used to find out the stem or lemma of a word. Words are
stemmed (based on root form) using different stemming algorithms such as,
Porter stemmer (Balakrishnan and Lloyd-Yemoh, 2014), Snowball stemmer
Normalization  (Khyani et al., 2021) etc. while lemmatization reduces a word to its base or
(stemming and dictionary form (called a "lemma") by considering its meaning. For instance,
lemmatization) the word “flying” is stemmed as “fly” by removing the "ing" suffix while the
word “better” using lemmatization is lemmatized to "good". It is very
important to remove the endings of the words, to return the root word so that

it is given the intensity of polarity based on the dictionary used.

At this stage, stopwords from texts are removed, i.e. pronouns, articles, that
carry very little useful information such as “he”, “it”, "the", “and”, etc., without
changing the semantics of a text. These words occur commonly across all the
Stopwords texts in the corpus and need to be dissociated in order to retain only the
filtering meaningful words and improve the performance of our model. Furthermore,
at this stage we can remove words that make no contribution when analyzed,

such as verbs or prepositions with high frequency of occurrence and of

negligible interest (be, with, etc.).
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Process Description

The N-gram consists of successive tokens, with determined window (N tokens),

that occur in texts. N-grams of texts are extensively useful in text mining and

N-grams NLP tasks (Xun et al., 2015). For instance, "Difficult lesson" is a 2-gram and

construction "Difficult lessonin lab" is a 4-gram with different meaning. It is quite interesting

to determine one or the other case and to find out the frequency of their

occurrence and polarity in a plethora of student feedback.

4.2.2.3. Implementation

At the end of each semester at our university, students are asked to answer a questionnaire

about each course and its instructor, anonymously online. For this purpose, the Quality Assurance

Unit (QAU) of the University of Thessaly (UTH), which is the central body for the coordination and

support of the QA procedures of our university, sends a relevant link to the students' email. The

guestionnaire is harmonized with the requirements of the Hellenic Authority for Higher Education

(HAHE) and contains closed and open-ended questions. However, as a continuation of our previous

research (Dervenis et al., 2022) and independently of the aforementioned process, we aimed to

measure the teacher competencies referring to the dimension of Communication (Table Il). For this

reason, we additionally developed a specific online questionnaire, oriented to our purpose, with

which we asked students to provide responses to open-ended questions about Listening,

Persuasion, Empathy, Presentation and Collaboration provided by their teacher. For the needs of

our research, we initially focused on a course taught by two different professors in order to

determine any differences in the nature of the teachers and not of the course. Subsequently, we

repeated the same procedure with the same teacher in two different courses, to examine this time

whether possible differences were due to the nature of the course and not of the teacher.

Table 13. Teacher competencies that refer to the Communication dimension with the

corresponding open-ended questions asked to students (source: Authors’ own work).

Teacher competence Open-ended question asked to students. Question

to be measured coding
Note general comments about your professor regarding their

C22: Listening & yourp garding Q1

competence in actively listening (i.e., making a conscious
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effort to hear not only the words said but, more importantly,

the complete message being communicated).

Note general comments about your professor regarding their
C23: Persuasion powers of persuasion used to inspire students and enhance / Q2

boost their interest in the subject.

Note general comments about your professor: regarding the
empathy they feel for their students. (Empathy as a basic

C24: Empathy dimension in emotional intelligence, is the ability to put Q3
oneself in another person’s shoes and understand what they

are feeling).

Note general comments about your professor regarding their
C25: Presentation presentation abilities (i.e., do they deliver their presentation Q4

in a clear and concise manner?).

Note general comments about your professor regarding their
collaboration with students (i.e., are they cooperative, do

C26: Collaboration they detect an unwillingness to cooperate and prevent it, do Q5
they take into consideration the smooth functioning of the

course?).

It is worth noting that, from a technical point of view, the platform allows us to choose the
preferred language for data entry and processing. For our purposes, we judged that we should rely
on the VADER lexicon which is fully open-sourced under the MIT License, in the English language,
fully validated and widely accepted across multiple distinct domains including the field of education
(Shafana and Safnas, 2022; Wook et al., 2020). Furthermore, the VADER sentiment lexicon has been
compared to many other well-established SA lexicons such as Linguistic Inquiry Word Count (LIWC),
General Inquirer (Gl), Affective Norms for English Words (ANEW), SentiWordNet (SWN), SenticNet
(SCN), WordNet and the Hu-Liu, and the results were indeed quite remarkable. The comparison
results revealed that the VADER lexicon performs at a similar level to that of individual human
raters. The classification accuracy metric "Precision" varied between 0.69 and 0.99 across various

domain contexts (Hutto and Gilbert, 2014).

At the same time, it was essential that the students express themselves in their mother tongue,

Greek, in order for their responses to convey meaning and sentiment as accurately as possible
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(Sharma et al., 2014). Therefore, to achieve maximum accuracy and efficiency, all the comments
were initially collected in the Greek language and subsequently translated into English by accredited
translators. In this way, we ensured the highest degree of accuracy both from the students'
feedback in their mother tongue, as well as by utilizing the VADER English dictionary which provided

us with the validity needed for the purposes of our research. We then entered the final data into

our system.
This phase was implemented again using the Orange platform (Demsar et al., 2013). Our model

takes the sequences of a sentence as input and gives the intensity of the sentiment polarity of the

sentence as output. In Figure 20, the workflow depicts the model designed according to our

approach.
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Figure 20. Workflow of model designed for SA (source: Authors’ own work).

After importing the raw data from the student feedback into the system, the definition of the
attributes is done. That is, we assign, which data will be the target for analysis and which will not.
In our case, the questions and their answers’ content is considered for analysis. Then, we processed

the "raw" data in order to clean it up by removing noise, such as stopwords ('a,' 'and,' 'is," 'the,'
etc.), which do not contribute meaningful insights to the analysis.

Then, we utilized the VADER lexicon, which covers multiple domains and special cases for SA

that include the proper handling of sentences with typical negations (e.g., "not good"), the use of

contractions as negations (e.g., "wasn't very good"), conventional use of punctuation to signal
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increased sentiment intensity (e.g., "Good!!!"), conventional use of capital letters to signal
emphasis (e.g. "NICE") and other special cases such as those mentioned in the previous section
(section 2). Subsequently, we computed and reported the sentiment score as positive, negative or
neutral to reach the compound score of each student comment received. The compound score of
a specific sentence is determined by summing up the sentiment scores of each individual word
within the sentence (Amin et al., 2019). This calculation is achieved by applying the following

formula:

compound score = (4.1)

X
Vx2+a

Where,

compound score: the sentiment score received of a specific sentence

x: the sum of individual sentiment scores for each word in the specific sentence (as described in
detail previously)

a: the normalization factor that typically has the value of 15

The sentiment score resulting, indicates the overall intensity of sentiment in the sentence and
falls within the range of -1 to +1. Figure 21 shows a representative sample of comments with the

corresponding compound (sentiment) scores for each.

Question Students Comment pos neg neu compound

B wr v e ey

Heistothe point and ... e 0.176 : 0.059 0.765 0.5964
believe he presents th.. .. 0175 0.066 0.758 03182
think that students pa... ... 0.108 _ 0.072 0.821 0.1779

Your active listening ca... womms 050/ 0.075 0538 0.6997

His persuasion skills ar... g 0.148 _ 0.076 0.776 0.2115

he has told us very poli... 0 . o076 0924 _  -0.1027

The professor uses ever... s 0176 _ 0.088 0.736 0.3678

His calm way of teachi... s 0333 _ 0.09 0.577 0.5859

He tried to help us wit.. 0272 0.091 0.638 0.6597

Figure 21. Sample comments from students with their corresponding scores (source: Authors’ own work).

4.2.2.4. Results and discussion

Our research was developed in 2 dimensions (cases). In the first, we aimed to investigate and
compare the competencies that students perceive in two different professors. In order to ensure a

common base, we focused on one course, taught by both professors. Our approach detected a
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different degree of competencies between teachers, which seems perfectly normal. Figure 22
illustrates the results extracted, referring to the grade of sentiment received from student
comments regarding prof 1 in course_1 and prof 2 in course_1. The data is displayed as a
collection of points, with the x-axis depicting the question number and the y-axis depicting

comment intensity (ranging from -1 to +1) as defined by our system.

Figure 22 shows that Q1, Q2 and Q4, for prof_1, received the most positive responses with the
greatest intensity, thus indicating that the corresponding competencies of “Listening”,
“Persuasion” and “Presentation” were evident in prof_1. On the contrary, the feedback comments
referring to “Empathy” and “Collaboration”, had the lowest sentiment score. In addition, for each
guestion, it should be noted that only a few student comments received a negative compound
intensity. Also, in Figure 22, it is observed that the scores received by the students' comments
concerning the competencies of prof_2 in the same course (course_1) are distributed over a wider

range of values of intensity, without clearly indicating the existence of the specific competencies

concerning prof 2.

0.8

0.6

0.4

|
0z Qw
(-

-0.2

compound
carpaund

-0.4

1 O® § M@

Q1 Q2 Qs

Question Question

Prof_1incourse 1 Prof_2in course_1
08
0.6

0.4 f

0z

carmpaund

° 90 ¢ @

-0.4

-0.6

- o8 © ®eso

Q2

-0.8

$
:
'

Question

Prof_2in course_2

Figure 22. Sentiment intensity of student comments for prof 1 in course_1, prof 2 in course_1 and prof_2 in course_2
(source: Authors’ own work).
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Summarizing and comparing the results of the first case, depicted in Figure 22, concerning the
competencies of 2 different professors in the same course (course_1), the students' point of view
is clearly established, as depicted in Figure 23. Despite the obvious differences between the two
professors that the students discerned, as for example in the "Presentation" skill, it is found that in

both professors the students "see" the lack of teachers’ empathy as evident.

Q1: Listening —@— prof_1

Q5: Collaboration Q2: Persuasion

Q4: Presentation Q3: Empathy

Figure 23. Mean sentiment score of student comments received, regarding the competencies of 2 different instructors of
the same course (course_1) (source: Authors’ own work).

Case 2, which concerns the same professor in 2 different courses, is also quite interesting. The
aim of this case was to investigate whether students perceive one professor’s competencies
differently depending on the nature of the course. For this reason, we attempted to measure the
specific competencies of prof_2 in course_2, in addition to course_1. Figure 22 depicts the results
referring to prof_2 in course_2. As observed, there are questions (Q2 and Q4) that correspond to
the “Persuasion” and “Presentation” competencies which received comments with negligible
negative sentiment scores, in contrast to the case of prof_2 in course_1. However, a moderate

amount of feedback comments referring to “Listening”, “Empathy” and “Collaboration” received

negative compound scores, as in case 1.
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Taking into account the results regarding course_1 and course_2 for prof 2, the competence,
or lack thereof, when it comes to empathy expressed, listening and collaboration, is equally evident
in students regardless of the nature of the course. Simultaneously, teacher competencies such as
powers of persuasion used to inspire students and enhance / boost their interest, as well as
presentation competencies, seem to depend on the nature of the course. In order to reinforce this
observation, we posed an additional question to the students of courses 1 and 2. We asked them
to express their opinion about which of the 2 courses they considered to be more difficult. The
results showed an overwhelming difference between the 2 courses, since more than 90% of the
students considered course_1 to be more difficult than course_2. We concluded that there are
indeed some competencies such as persuasion, presentation, etc. which depend on the nature of
the course. For example, according to students, a course that is easy to understand contributes to

the emergence of the presentation skill possessed by the professor who teaches it.

Next, we visualized our data in a cluster matrix using the k-means algorithm. The following heat
map diagram, in Figure 24, concerns the comment clustering of the case of prof_1, course_1. The
far-right column indicates the prevailing question in the specific comment cluster. An interesting
finding emerging through the cluster exploration was the nature of the content of each cluster. We
found that comments referring to the same question, and to a specific teacher competence, were
clustered together, based solely on sentiment and not on question type. For example, it seems clear
that the comments related to Q1 were "grouped" together because of the common characteristics
detected in the specific comments and not because they were stated to be related to Q1. In other
words, the student opinions on specific teacher competencies showed homogeneity in their

sentiment and beliefs.
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Figure 24. Data clustering using K-means algorithm (source: Authors’ own work).
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4.2.2.5. Limitations

In this particular case, during the data collection process, our research was limited to gathering
feedback data from students of UTH on two courses and for two professors. Although an expanded
collection of student feedback including multiple courses with different characteristics such as
semester, cognitive area, degree of course’s difficulty, etc., would require additional time and

effort, we believe it could contribute to revealing important findings and conclusions.

In addition, the language in which the students expressed themselves was their mother tongue,
Greek, in order for their responses to convey meaning and sentiment as accurately as possible.
Although from a technical point of view in our model, we had the ability to rely on a multilingual
sentiment lexicon, we preferred the validity of the VADER lexicon. Because this choice limited us to
the use of the English language, in order to achieve maximum accuracy and efficiency, all the
student comments initially collected in the Greek language were subsequently translated into

English by accredited translators.

4.2.2.6. Conclusions

In this case we highlighted the necessity of extracting valuable knowledge from student
feedback and exploiting this data with the aim of improving teaching and learning in universities.
We also emphasized that student feedback comments regarding open-ended questions are unique
but unfortunately remain untapped due to the fact that current analyses are primarily limited to
traditional techniques focused on closed-ended questions. As a result, not only do teachers miss
out on the opportunity to gain insight into teaching procedures and the unique elements that
characterize them in the educational process, but the educational system is also deprived of the

potential benefits for all involved.

In this study, we proposed a SA approach for mining and quantifying student opinion in order to
bridge the aforementioned gap. Following our previous research (Dervenis et al., 2024) and using
our approach with a dataset from the UTH, teacher communication competencies were assessed
measuring the intensity of sentiment of each student comment in two cases; for two teachers in
the same course and for one teacher in two different courses. The analysis of the results, indicated
that students predominantly expressed similar views regarding competencies of the same
instructor, with minimal variations noted. From our research, it was also revealed that teacher
competencies such as “Presentation” and “Persuasion” are more evident in courses with a lower
degree of difficulty and vice versa in the opposite case. More specifically, according to our research
and based on student opinion, a course that is easier for students to understand may highlight that
the presentation and the persuasion competencies of the specific professor. Simultaneously,
according to the data collected from the students in our study, competencies such as “Listening”,
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“Empathy” and “Collaboration” possessed by a teacher appeared to be independent of the nature

of the course.

4.2.3. Study 3: Chat GPT vs. Typical data mining process: A comparative case study on

teaching competencies via SA

In this case an attempt is made to analyze the data from student feedback in two different ways:
a) Using traditional tools for SA and

b) using a generative Al tool such as ChatGPT, which implements a generative pre-trained

transformer that can be used for such application.

The benefit will be significant, since, if Al chatbots can reliably perform such tasks, it will be quite

easy for anybody to perform such analyses and to benefit from insights gained.

4.2.3.1. ChatGPT and traditional lexicon-based approach

As previously mentioned in subsection 4.2.2 of this dissertation, most SA methods rely heavily
on sentiment lexicons, which are lists of lexical features such as words and phrases, categorized
according to their semantic orientation as positive, negative, or neutral (Liu, 2012). These lexicons
serve as a crucial resource for SA algorithms, as highlighted by Feldman (2013). Sentiment lexicons
can be broadly classified into two main categories: polarity-based lexicons and valence-based
lexicons. It is important to acknowledge that many lexicons in both the Polarity-based Lexicons and
Valence-based Lexicons categories have been developed by building upon or combining earlier

lexicons.

In certain cases, machine-learning approaches are incorporated to automate the process of SA
in text, leveraging the knowledge base acquired. For instance, Kang H. et al. (2012) proposed an
enhanced Naive Bayes algorithm to address classification performance issues. Chen and Tseng
(2011) employed the SVM, for review classification. Al Amrani et al. (2018) presented a hybrid
approach that combined ML techniques, utilizing the RF and SVM algorithms, to perform SA on
product reviews from Amazon. In another significant study, Kabir M. et al. (2021) employed various
ML algorithms and determined that Boosting and Maximum Entropy outperformed other examined
methods for sentiment detection in online user reviews. However, it is worth noting that most
machine-learning approaches have certain limitations, primarily related to the need for extensive
and representative training datasets. Furthermore, substantial training and classification time, as
well as considerable computational resources (CPU processing power and high memory), are

required.

Recently, Large language models (LLMs) have received research and commercial attention for

their amazing abilities across a number of domains, problems and generally on various NLP tasks.
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In this context, all LLMs have been evaluated in performing SA to varying extents. In their survey,
Liu et al., presented the trends of LLMs and an extensive number of uses, including SA in a number
of different domains (Liu et al. 2023). For example, fine-tuning pre-trained BERT models were used
for aspect-based SA. Aspect-based SA aims to identify the sentiment expressed towards specific
aspects mentioned in a text. The process involves fine-tuning pre-trained BERT models, which have
shown exceptional performance and achieved impressive results in this task. BERT-based studies
have only utilized either, the last output layer, disregarding the valuable semantic knowledge
embedded in the intermediate layers or BERT's intermediate layers for fine-tuning the process and

enhancing the performance of SA (Song et al. 2020).

SA using ChatGPT can be done by framing the analysis as a language generation task. Although
ChatGPT is not specifically designed for SA, it can be used to generate responses that reflect the
sentiment intensity based on the input provided. It's important to note that the accuracy of SA
using ChatGPT depends on several factors, including the quality and diversity of the training data,
prompt formulation, and the model's understanding of context. Comparing SA using ChatGPT with

traditional lexicon-based methods poses several challenges, as displayed in Table 14.

Table 14. Challenges faced; ChatGPT and traditional lexicon-based method comparison (source:

Authors’ own work).

Generative languages

Traditional lexicon-based methods

The model is based on a generative language model that
relies on a large amount of training data to generate
responses

Generative languages have a contextual understanding of
language and can capture complex relationships between
words and sentences. This contextual understanding allows
them to capture nuances and subtle sentiment cues that
may be missed by lexicon-based methods.

Generative languages generate textual responses, which
makes it more difficult to evaluate SA in a straightforward
manner.

The performance of generative languages varies based on
the specific training data and fine-tuning process used.

Conducting SA across different domains or datasets may

They use predefined lists of words
with pre-assigned sentiment
values.

Lexicon-based methods focus on
specific lexical features, such as
individual words or phrases, to

determine sentiment polarity.

Lexicon-based methods provide

explicit sentiment labels

This is not required from lexicon-
based methods in most of their

applications
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require additional adaptati

and accurate comparisons.

ons and fine-tuning to ensure fair

4.2.3.2. Method

At the end of each semester at our university, students are asked to answer a questionnaire

about each course and its instructor. The questionnaire is harmonized with the requirements of the

HAHE and contains both close and open-ended questions. However, as a continuation of our

previous research (Dervenis

etal., 2022), we aimed to measure the teacher competencies that refer

to the dimension of Communication (Table 15). For this reason, we additionally developed a specific

online questionnaire, oriented to our purpose, with which we asked students to provide responses

to open-ended questions about Listening, Persuasion, Empathy, Presentation and Collaboration

provided by their teacher.

Table 15. Teacher competencies related to the “Communication” dimension, along with the

corresponding open-ended questions posed to students (source: Authors’ own work).

Teacher competence to

be measured

Open-ended question asked to students.

C22: Listening

C23: Persuasion

C24: Empathy

C25: Presentation

Institutional Repository - Library & Information
11/09/2026 19:56:01 EEST - 216.73.216.250

Note general comments about your professor regarding their
competence in actively listening (i.e., making a conscious effort to
hear not only the words said but more importantly, the complete

message being communicated).

Note general comments about your professor regarding their powers
of persuasion used to inspire students and enhance / boost their

interest in the subject.

Note general comments about your professor regarding the empathy
felt for their students. (Empathy as a basic dimension in emotional
intelligence is the ability to put oneself in another person’s shoes and

understand what they are feeling).

Note general comments about your professor regarding their
presentation abilities (i.e., do they deliver their presentation in a clear

and concise manner?).
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Teacher competence to Open-ended question asked to students.

be measured

Note general comments about your professor regarding their

collaboration with students (i.e., are they cooperative, do they detect
C26: Collaboration

an unwillingness to cooperate and prevent it, do they take into

consideration the smooth functioning of the course?).

The phase was implemented using the Orange platform (Demsar et al. 2013). In Figure 25, the
workflow depicts the model designed according to our approach. Specifically, the initial stage (stage

1) concerns the collection of student comments and their import as the dataset in the input
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Figure 25. Workflow of model designed for SA (source: Authors’ own work).

Then, in stage 2, text preprocessing takes place, during which some natural language issues such
as Transformation, Tokenization, Stopwords filtering, Normalization (stemming and lemmatization)
etc. should be considered. Text preprocessing consists of a sequence of steps and its objective is to
prepare the raw text data for the next phase, acquiring a clean and consistent form that can then
be fed into a model for further analysis. In general, text preprocessing is an integral part of NLP
applications. Figure 26 illustrates the order of distinct steps followed in our approach during text
preprocessing.
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In stage 3 of our model (see Figure 25), the sentiment intensity for each segment of the data
processed in the previous stage is detected. To do this, a prepared sentiment lexicon containing
words and corresponding sentiment scores for each word was used. This assignment of polarity is
quite important, as the purpose is to calculate the overall score of a student comment on a
particular topic, although in the individual words, aspects, etc. different grades may be assigned.
Forinstance, a comment consisting of seven tokens may have a positive average grade, even though
five of the tokens have negative scores and only the other two have a positive one. It is worth noting
that, from a technical point of view, the platform allows us to choose the preferred language for
data entry and processing. We judged that, for our purposes, we should rely on the VADER
dictionary, which is in the English language, widely accepted and fully validated (Hutto and Gilbert,
2014). At the same time, it was essential that the students express themselves in their mother
tongue, Greek, in order for their responses to convey meaning and sentiment as accurately as

possible (Sharma et al. 2014).

Processed
text data
for use

Stopwords N-grams
filtering construction

Text Data Preprocessing

Figure 26. Text preprocessing phase (stage 2) (source: Authors’ own work).

Transformation Tokenization Normalization

For achieving maximum accuracy and efficiency, all comments, initially expressed in the Greek
language, were subsequently translated into English by accredited translators. In this way, we
ensured the highest degree of accuracy both from the students' feedback in their mother tongue,
as well as by utilizing the VADER English dictionary which provided us with the validity needed for
the purposes of our research. Subsequently, we computed and reported the sentiment score as

positive, negative or neutral to finally reach the compound score of each student comment
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received. Figure 27 shows a representative sample of comments with the corresponding sentiment

scores for each.

Question Students Comment pos nEg neu compound
title True
235 @3 The professor has the skill to ... o Da44 0.8% -0.4019
362 Q5 He is willing to cooperate wi... . 0.092 0.138 0785 -0.2263
345 @5 He understands the students... o 0.134 0.695 0.1779
141 @2 He is generally very convinci.. g, 0421 0.134 0448
77 @l The professor's ability to und... 0344 0.129 0.327
136 Q2 He uses good arguments wh... 025 0127 0.613
253 04 He tries hard to make evenyto, o 0.257 024 , 0619
379 05 He tries and wants to cooper.. ., 0.109 - 0122 0.769 —
372 @3 He is willing to cooperate an... oazr 0.121 0758 0

Figure 27. Sample comments from students with their corresponding scores (source: Authors’ own work).

In the final stage (stage 4), all the SA insights are converted into relevant reports. Reports enable
interactivity through different forms such as charts, graphs, etc. At this stage of the SA steps,
visualization is a very important segment for the overall monitoring of the results and the receiving
of actionable insights. To enable the decision of the right course of action, it is crucial to know which
aspects got high a score, which ones got low scores and generally, to have an idea as to which areas

need our attention more than others.

After the aforementioned lexicon-based method, we applied a different novelty approach, in
order to compare and identify any discrepancies and better understand the strengths and
limitations of each with the overall aim of improving analysis. For this purpose, we used a
processing tool based on Al technology, the ChatGPT, an Al chatbot created by Open Al (Roumeliotis
& Tselikas, 2023). First, we initiated contact with ChatGPT by asking if it could perform SA based on
student feedback. Then, the chatbot responded by utilizing its capabilities in NLP suggesting specific
instructions to follow. We followed its instructions and provided new input so that it could

comprehend and clarify our original query.

The guidelines followed, were comprised of general steps regarding student feedback data
collection, data format, dataset size, etc. We were then asked to provide all the data we had
collected. Responding to the Chatbot’s request, we entered the dataset in sections, so that each
section of data concerning student feedback to a specific question, i.e. one dataset of student
responses for each of the five questions we asked the students. In this way, we wanted to make the
answers relating to a specific question distinct, in order to facilitate our interaction with the Al

chatbot and to be able to refer to each set of answers separately. We also aimed to “help” ChatGPT
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to generate a more accurate, relevant and targeted response, as seen in the results received and

presented in the next section.

The figure below (see Figure 28) shows the respective stages followed in our interaction with
the ChatGPT in order to reach our purpose. It is worth noting that in general, the stages of action-

reaction process between human and Al chatbot may differ depending on the query and context.

Initial contact

We initiated contact with
ChatGPT by typing our query.

1st ChatGPT response
The Al chatbot suggested

instructions for us to follow.

Continuation of our
conversation

We responded to the
ChatGPT by providing new
input to refine our request.

ChatGPT, relevant response
ChatGPT asks us to enter all
dataset collected in the
appropriate format.

Data input

We provided all student
comments to ChatGPT,
separately in 5 sets,
corresponding to the

ChatGPT results

questions.

Figure 28. The steps in our engagement with ChatGPT (source: Authors’ own work).

4.2.3.3. Results and discussion

In the initial approach of our analysis (typical data mining approach), we focused on identifying
and measuring SA of student feedback based on lexicon and utilizing Orange, a data mining and
visualization platform. The results, referring to the grade of sentiment received from student
comments regarding the teacher of a particular course are depicted in Figure 29. The information
is presented in the form of a group of dots, where the horizontal axis represents the number of the
guestion (displayed in different colors), and the vertical axis represents the degree of comment
intensity on a scale from -1 to +1, based on our system's assessment. It is worth noting that the
overall sentiment intensity of a particular comment is determined by combining its positive,

negative, and neutral scores according to our model.

Based on Figure 29, it can be observed that Q1, Q2, and Q4 received the most positive feedback

with the highest level of intensity. This suggests that teacher demonstrated the competencies of
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"Listening," "Persuasion," and "Presentation". Conversely, comments related to "Empathy" and

"Collaboration" received the lowest sentiment score.
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Figure 29. Sentiment score of student comments about a teacher of a particular course (source: Authors’ own work).

It is important to note that only a small number of student comments received negative
compound intensity for each question. Diagram in Figure 30 depicts the average sentiment score

of comments provided by students regarding their teacher's competencies in a particular course.

The student feedback we had available to us was provided to ChatGPT on a question-by-
guestion basis. Table 16 describes the results received from ChatGPT regarding each set of student
comments. We observed that the ChatGPT identified with clarity the competencies that the
students' comments were referring to, even though the chatbot had never been fed the questions
we asked the students. For example, for the first part of the student feedback regarding the
"Listening" competence, the chatbot responded to it distinctly as evidenced by the phrase: "It
appears that you have provided a large number of statements about a professor's performance,
specifically regarding their active listening skills and ability to engage and teach students
effectively". Regarding evaluating teacher skills through student feedback, ChatGPT took a specific

and clear position identifying our initial question (without having been provided with it).
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Figure 30. The mean sentiment score of student comments received, regarding their teacher’s competencies of a specific
course (source: Authors’ own work).

More precisely, for the “Listening” competence, it judged that the students feel that their

professor listens to them carefully, often displaying the willingness to answer their questions.
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Table 16. The results received from ChatGPT based on student feedback regarding each teacher competence (source: Authors’ own work).

Input from ChatGPT response Corresponding question
human to Al (was initially given to students for
feedback collection)
“It appears that you have provided a large number of statements about a professor's
Note general comments about your
performance, specifically regarding their active listening skills and ability to engage and teach
professor regarding their competence
students effectively. It seems that most of the comments are positive, with students praising the
All student in actively listening (i.e., making a
professor for their approachability, eagerness to teach, and ability to explain things clearly. Some
comments conscious effort to hear not only the

referring to Q1

All student
comments

referring to Q2

comments mention that the professor is easy to understand and keeps students' attention during
lectures, while others highlight the professor's active listening skills and willingness to answer
questions and provide feedback. Overall, it seems that the professor is highly regarded by the

students.”

“It seems that the feedback provided is generally positive towards the professor's teaching skills.
Many students mention that he is very convincing and encouraging in class, and his calm way of
teaching helps students pay attention. Some students also mention that he has good persuasion
skills and presents the lessons in an easy-to-understand way. There are also a few suggestions
that the professor could do more, but overall the feedback is very positive towards the professor's

teaching abilities.”

121

Institutional Repository - Library & Information Centre - University of Thessaly
11/09/2026 19:56:01 EEST - 216.73.216.250

words said but, more importantly, the
complete message being

communicated).

Note general comments about your
professor regarding their powers of
persuasion used to inspire students
and enhance / boost their interest in

the subject.



Input from

human to Al

ChatGPT response

Corresponding question

(was initially given to students for

feedback collection)

All student
comments

referring to Q3

All student
comments

referring to Q4

“Based on the responses, it appears that the professor in question has a lot of empathy and
understanding towards his students. Students seem to appreciate the fact that the professor tries
to put himself in their shoes and understands their needs and circumstances. Some students
mentioned that he is approachable, caring, respectful, and willing to listen to their concerns.
Overall, the responses are very positive towards the professor's empathy and understanding

skills.”

“Thank you for providing all of those statements about the professor's presentation skills. It
seems that the overall consensus is that the professor presents the lesson in a clear, simple, and
easy-to-understand manner, often using examples to illustrate complex topics. Additionally, it
appears that the professor is willing to explain things as many times as needed and uses various
tools, such as power point slides and the board, to keep students engaged and interested. Some
students note that the professor is very good at explaining topics related to IT and programming,
and that they appreciate his willingness to be concise while also providing enough detail to help

them understand the material. A few students mention that they would like more analysis or
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Note general comments about your
professor regarding the empathy felt
for their students. (Empathy as a basic
dimension in emotional intelligence is
the ability to put oneself in another
person’s shoes and understand what

they are feeling).

Note general comments about your
professor regarding their presentation
abilities (i.e., do they deliver their
presentation in a clear and concise

manner?).



Input from ChatGPT response

human to Al

Corresponding question

(was initially given to students for

feedback collection)

explanation in certain areas, but overall it seems that the professor is effective in communicating

the material to the class.”

“Based on the responses, it is clear that the professor in question is highly regarded by the

students for his willingness to cooperate and help them. Most of the comments suggest that he

All student is always ready to solve problems and answer any queries, while some also mention his friendly
comments and supportive attitude towards his students. There are a few responses that suggest it is too
referring to Q5 soon to form an opinion, but even these students note that he appears to be very willing to

cooperate. Overall, the professor seems to be well-liked and respected by his students, and they

appreciate his efforts to make the course engaging and understandable.”
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Note general comments about your
professor regarding their
collaboration with students (i.e., are
they cooperative, do they detect an
unwillingness to cooperate and
prevent it, do they take into
consideration the smooth functioning

of the course?).



Having observed the aforementioned table, we requested that the ChatGPT assign a score to
correspond with the outcomes presented. Table 17 below shows the average score assigned by

chatbot assigned to each teacher competence based on student feedback.

Table 17. The score assigned by ChatGPT regarding each teacher competence (source: Authors’

own work).

Teacher Score assigned by ChatGPT
competence (on a scale of 0 to 100)
C22: Listening 75

C23: Persuasion 85

C24: Empathy 65

C25: Presentation 90

C26: Collaboration 80

Considering the above two approaches, we judged that it was valuable to compare them in order
to understand their similarities and differences. As different scales were used in each approach, a
conversion was done in order for the results to be compared using the same scale. Specifically, the
model we designed for SA on the orange platform was based on a scale from -1 to +1, while the
ChatGPT on a scale from 0 to 100. Therefore, we applied the following linear transformation to map

the range of -1 to +1 onto the range of 0 to 100:

y=((x+1)*50 (4.2)

Where,

x: the value on the -1 to +1 scale (typical data mining approach)

y: the corresponding value on the 0 to 100 scale (ChatGPT approach)
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The results are shown in the following Table 18. In addition, we calculated the percent difference

between them by applying the following formula:

percent dif ference = %%l % 100 (4.3)

[(xl‘;XZ )]

Where,

x1: the score assigned by sentiment analysis model using the Orange platform converted to a

scale of 0 to 100

X,: the score assigned by Score assigned by ChatGPT on a scale of 0 to 100

Table 18. The score assigned by the sentiment analysis model, converted to a scale from 0 to 100

(source: Authors’ own work).

Teacher X1 Xo Percent difference
competence (the score assigned by (the score assigned by (%)
SA model using the ChatGPT on a scale of 0
Orange platform to 100)

converted to a scale of 0

to 100)
C22: Listening 77 75 2.6%
C23: Persuasion 76 85 11.1%
C24: Empathy 60 65 8 %
C25: 79 90 13%
Presentation
C26: 67 80 17.6 %

Collaboration
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From the two different approaches, it is evident in both cases, that the teacher has strong skills
in certain areas such as “Listening”, “Persuasion” and “Presentation” with slight differences, but
may need improvement in other areas. More specifically, in the first method, the teacher's
“Listening” score was 77, whereas in the second, it was slightly lower at 75. This suggests that both
approaches revealed the same intensity, that the teacher demonstrates competence in active
listening, as they are able to comprehend and address the needs and concerns of their students. As
for “Persuasion”, the teacher scored high in both approaches, with a score of 76 in the first
approach and 85 in the second, suggesting that the teacher can effectively communicate and
persuade students to engage in learning activities and achieve their goals. However, in both
approaches, the teacher's “Empathy” scores were lower, at 65 and 60, respectively. This indicates
that the teacher might encounter difficulties in forming an emotional connection with their
students, comprehending their emotions and viewpoints, and empathizing with them to
understand how they feel. Obviously, according to these results it seems that the teacher has room
for improvement and further development of this particular characteristic. Conversely, the teacher
received a very high score in the “Presentation” competence in both methods according to student
feedback, with a score of 90 in the first approach and 79 in the second. This denotes that the teacher
possesses the ability to deliver in captivating and efficient ways that attract student interest and
promote learning. Finally, both through the model we developed for the SA of student comments
on the Orange platform as well as with ChatGPT, we reached the same conclusions regarding the

competence of “Collaboration” that the professor demonstrates to their students.

Summarizing the comparison results, it is evident that the ChatGPT calculations are highly similar
to those revealed by the model implemented on the Orange platform, both indicating, that the
teacher is generally effective in most competencies, with the highest scores being for “Listening”,

“Persuasion” and “Presentation”, and the lowest score being for “Empathy”.

4.2.3.4. Limitations

In this specific study, our data collection was constrained to gathering feedback exclusively from
students at UTH for a single course and professor. However, we acknowledge that a more
comprehensive collection of student feedback encompassing multiple courses with varying
characteristics such as semester, subject area, and course difficulty would necessitate additional
time and effort. We believe that such an expanded dataset could reveal additional insights and

conclusions of value.

Furthermore, to ensure the accuracy and meaningfulness of student responses, the students
expressed themselves in their native language, Greek. Although our model had the ability to rely

on a multilingual sentiment lexicon, we chose the reliability of the VADER lexicon. As a result, we
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were restricted to using the English language, and thus, all the initially collected student comments
in Greek were subsequently translated into English by certified translators. Finally, we also limited
our research to a specific domain of teacher competencies related to the Communication
dimension and based on a holistic model of teacher competencies as a continuation of our previous

research.

4.2.3.5. Conclusions

In this case, we analyzed data of over 700 feedback comments from students of UTH and
evaluated particular competencies by performing SA in two distinct ways; a typical data mining
process, using an open source data mining and visualization platform and secondly, the Chat GPT,
a generative Al tool. Through our study, we explored and emphasized how textual educational data
derived from student feedback can provide valuable insights to academic institutions. Surprisingly,
we found that the ChatGPT took a specific and clear position, identifying with great clarity the
teacher competencies that the students' comments were referring to, even though the chatbot had
never been fed the questions we asked the students, thus strengthening the tool acceptance and
its validity. Our research revealed that the ChatGPT calculations are highly similar to those revealed
by the model implemented on the Orange platform. More specifically, in both approaches we
implemented, the results were almost identical with an index of difference between them ranging

on average close to 10%.

4.2.4. Study 4: Comparative SA using lexicon and ML techniques

In this forth case, we conducted a comparative analysis of ML (ML) and Lexicon-based models
in order to determine the most effective and efficient method for SA of student responses in course

quality questionnaires. The primary questions driving our study of this case, were as follows:

a) Is there a competitive advantage in terms of classification accuracy, multilingual support and

context sensitivity of ML approaches over Lexicon-based approaches?

b) How does the inclusion of neutral sentiment class affect the performance of classifiers in each

approach?

Through our investigation, we aim to provide insights and recommendations regarding the

choice of approach for SA in this specific context.

4.2.4.1. Method

In this section, we provide a comprehensive overview of the stages involved in the process we
followed for each SA approach. The visual depiction of these stages is presented in Figure 31.

Specifically, in the context of ML algorithms, there is a requirement to incorporate additional steps
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pertaining to feature selection and model training. Each of these stages are described in detail in
the following paragraphs. We have chosen to depict the overall methodology using a circular
pattern instead of a linear one to highlight the iterative nature of the procedure, especially in terms
of model fine tuning. This circular representation highlights that the different stages of the

methodology are iterative rather that one time tasks.

Data
Acquisition

Results
Interpretation

Preprocessing
Tasks

Sentiment
Analysis

Feature
Selection

Model
Evaluation

A Training
A
A

N » Applies exclusively to ML algorithms M e /

Figure 31. The overall procedure followed.

Stage 1: Data Acquisition

According to our University’s regulations, and as part of improving the operations of the QAU, it
is essential to evaluate each course and instructor based on student feedback, as well as to
thoroughly assess the results of this evaluation. This assessment is conducted through an online
guestionnaire, which has been carefully designed by the University’s QAU. The anonymity of the

participating students is fully guaranteed throughout the process.

Specifically, at the end of each semester, students are asked to anonymously complete an online
guestionnaire for every course and instructor. A link to the questionnaire, aligned with the
guidelines of the HAHE, is sent via email to students by the QAU of the UTH. The questionnaire
consists of both closed and open-ended questions. The data collected from these responses was
stored online and it is accessible to authorized administrators. This dataset was imported in various
file formats such as Excel (.xIsx), comma-separated (.csv), native tab-delimited (.tab) files depending

on the system used.
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In this case, the data collection was conducted in June 2023 adhered to GDPR to ensure students
anonymity. The data used in the present study, consists of text generated by students in response

to the following questions:

1) Please provide general comments and suggestions that you would like to convey to your

professor.

2) Please provide general comments and suggestions you would like to make regarding the

functioning of the course.

After excluding empty responses, we obtained a total of 1420 responses from the initial pool of
1680 students. Out of the 1420 responses, 652 were responses to the first question, while the
remaining were responses to the second question. In order to evaluate the performance of the
methods we applied, both the lexicon-based and classification algorithms, we needed to have
actual sentiment labels for our data available. This allowed us to calculate various performance
metrics through the corresponding confusion matrices. These actual sentiment labels, referred to
as the "true sentiment" (e.g., positive, negative, neutral), must be predefined either through
manual annotation from “evaluators” or reliable sources. At the same time, each method (lexicon
or classification algorithms) must generate its own predictions for the sentiment of each data
sample (e.g., positive, negative, neutral) to assess its performance. Next, for the calculation of
metrics regarding the performance of each SA method, the predicted label is taken as the one

generated by the SA algorithm, while the real label is the one pre-determined by the evaluators.

For this purpose, the obtained responses were randomly arranged and made available to two
evaluators whose task was to manually classify the text of each response into one of three polarity
classes namely, POS (Positive polarity), NEG (Negative polarity) and NEU (Neutral polarity). In cases
of disagreement, the corresponding data was forwarded to a third evaluator, whose judgment
determined the final label of the data point. The results obtained are presented in Table 19, which
shows the distribution of examples across different classes. It is observed that the majority of the
available examples belong to the positive class, accounting for 56% of the total. The negative class

follows with 24% of the examples, and the neutral class represents 20% of the samples.

Table 19. The distribution of samples across the sentiment classes (source: Authors’ own work).

Actual Class Number of Instances
POS 795
NEG 341
NEU 284
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The agreement between the first two evaluators was recorded in 80% of the cases while it is
worth noting that the majority of cases of disagreement were related to the classification of neutral
sentiment, accounting for 62% of the total disagreements. This highlights the additional challenge

posed by the inclusion of the neutral class, further complicating an already difficult problem.

Stage 2: Preprocessing Tasks

The SA process operates at both sentence and word levels. Therefore, a step is required to
tokenize the sentences into words before proceeding further. Additionally, it is good practice to
remove special characters and digits, as well as converting the text to lowercase. There are several
steps involved in preparing the text for SA, and the majority of these steps are implemented in the
preprocessing stage. Table 20 presents an overview of the preprocessing tasks applied to the

textual data in the context of Lexicon-based approach.

Table 20. Preprocessing steps applied in lexicon-based algorithm (source: Authors’ own work).

Preprocessing Step Description

Convert the text to lowercase or

uppercase (if it is deemed that no
Basic text transformation tasks  information will be lost with this

conversion) or removing accent marks

from the text.

The text is segmented into sentences

or words using simple rules, such as
Text Tokenization

based on the presence of punctuation

marks.

The exclusion of stopwords involves
Exclusion of Stopwords removing commonly used words from

the text.

Lemmatization is the process of
Lemmatization mapping all different forms of a word

to its base form, known as the lemma.
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In the case of ML algorithms, as part of the preprocessing phase, we employ the use of a pre-
trained fastText model to embed the documents from the input corpus into a vector space. This
technique enables us to capture the semantic representations of the text, facilitating efficient

processing and analysis (Grave et al., 2018).

Stage 3: Feature Selection

Feature selection is a crucial step in machine learning. The quality and relevance of the features
used can greatly impact the performance of the modeling algorithm. Having too many features can
lead to overfitting and increased computational complexity, while having too few features may
result in underfitting and a lack of representative information. Hence, in this step, our objective is
to carefully select the most informative features so as to ensure optimal model performance and
generalization capabilities while also reducing computational complexity. In the proposed
approach, we represent the sentences as vectors using the Sentence-BERT (SBERT) technique (Seo

et al., 2022).

Stage 4: Model Training

During this stage, the model learns from the labeled training data and adjusts its internal
parameters to make accurate predictions or classifications on unseen data. The training process
involves optimizing the model's performance by minimizing the difference between its predicted
outputs and the actual labels of the training data. In our approach, we employ the technique of
Stratified K-fold Cross-Validation for model training, as proposed by Reimers & Gurevych (2019),
and Misra et al. (2017), and we set K=10. Cross-Validation (CV) is widely recognized and commonly
utilized for training and evaluating the performance of classifiers in practical scenarios (Arlot &
Celisse, 2010). It entails partitioning the dataset into two distinct subsets: the training set and the
validation set. During the training process, the classifier is presented with the training data set,

while the validation set is utilized for assessing the model's performance.

There are numerous variations of CV, depending on how the dataset is partitioned. One such
variation is Stratified CV. In Stratified CV, the sampling of instances for each subset is not random.
Instead, the samples are chosen in a way that ensures roughly equal proportions of each class in all
subsets. This provides a basic safeguard against imbalanced distributions in the training and
validation sets. Through the use of cross-validation techniques, such as Stratified CV, we can
effectively assess the performance and generalization capabilities of the model. By training the
model on one set of data and evaluating it on a separate set, we can gauge its ability to handle new
and unseen instances, and mitigate issues of overfitting. In summary, the use of Stratified CV allows
us to obtain reliable estimates of the model's performance and ensure its ability to generalize well

to unseen data.

131

Institutional Repository - Library & Information Centre - University of Thessaly
11/09/2026 19:56:01 EEST - 216.73.216.250



Stage 5: Model Evaluation

One essential step in the evaluation process is measuring the performance of the developed
model. The quality of a model can have multiple interpretations, but the most common
interpretation is its performance on unseen/real data. Success in this phase depends on two
factors: the use of appropriate metrics and the correct interpretation of the results. To ensure the
accurate evaluation and ranking of text classification algorithms, we utilize several different metrics
that complement each other (Beiranvand et al., 2017). This approach aims to cover various aspects
of algorithm performance, including efficiency, reliability, and overall of the solution provided. The
selected metrics enable us to assess the effectiveness and robustness of the algorithms, ultimately
facilitating the determination of their overall performance. Below, we briefly present the chosen

metrics that are recorded throughout this study.

In the case of binary classification, this matrix represents the categories of successes and failures
in a 2x2 grid as shown below in Table 21. This matrix provides information about whether certain
classes tend to be quality confused with other classes and consequently enables the calculation of

the performance metrics (Room, 2019), presented in Table 22.

Table 21. Confusion matrix for binary classification (source: Authors’ own work).

Predicted Category

Negative Positive
True Negative (TN) False Positive (FP)
_g (True negative cases: The (False positive cases: The
g §° number of true negative number of false positive
‘g,_"’ predictions) predictions)
é: False Negative (FN) True Positive (TP)
=
E ‘g (False negative cases: The (True positive cases: The
';_é number of false negative number of true positive
predictions) predictions)

In our experiment, we are dealing with three classification classes, which correspond to the
Positive, Negative, and Neutral sentiments. Thus, in the case of 3 classes, the confusion matrix

becomes a square 3x3 matrix, where the (i,j) element represents the number of instances that
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belong to class i but are classified as class j (Room, 2019; Grandini et al., 2020). It follows that the
elements on the main diagonal correspond to the correct classifier decisions, while the elements
outside the diagonal represent the errors (or confusion) of the classifier. Capitalizing on the above,

we proceeded to calculate the metrics outlined in the Table 22 that follows.

It is worth note that, to achieve our goal, we needed to write Python code to create a 3x3

confusion matrix. This specific part of code is provided in the appendix section.

Table 22. Metrics for evaluating classification performance (source: Authors’ own work).

Metric Description

Accuracy indicates the percentage of correct
predictions made by the classifier. It provides a

general assessment of the model's performance

TP + TN
Accuracy = across all classes. However, accuracy alone may not

TP + FP + FN + TN

be sufficient if the dataset is imbalanced or if
different classes have varying degrees of

importance.

A model with low precision is capable of identifying

a substantial number of positive examples, but it

also exhibits a high rate of false positives, incorrectly

TP classifying many non-positive instances as positive.

Precision = —— o ]
TP + FP Conversely, a model distinguished by high accuracy
may not succeed in capturing all positive examples,

but the instances it categorizes as positive are highly

likely to be true positives.

Recall is a measure that reflects the ability of a

classification model to correctly detect positive

instances. A model with high recall performs well in

TP detecting positive instances in the data, although it

Recall = TP + FN may also incorrectly classify certain negative
instances as positive. Conversely, a model with low

recall is unable to identify all (or at least a significant

portion of) the positive instances.
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Metric Description

It is used to balance the results of Accuracy and

Recall into a single measurement of algorithm

performance. Therefore, it can effectively capture

the model's performance even in cases where the
2 * Precision * Recall

F1 Score = data exhibits significant class imbalance. When the
Precision + Recall

F1 score is in the middle range, it indicates that one
of the two components (precision or recall) is
relatively low, but the metric does not provide a

precise breakdown of which one.

4.2.4.2. Implementation

As previously mentioned, we designed our models using the Orange platform. Orange is an
open-source platform that enables the implementation of data mining processes, supporting a
variety of methods from the fields of statistics and machine learning (Demsar & Zupan, 2013).
Additionally, the platform complements these methods with interactive visualization and data

exploration tools for the data being processed.

To implement the lexicon-based approach, we start by presenting the text data in the workflow
as it shown in Figure 32. Next, we choose to create the corpus which consists of student reviews,

and additionally define the dependent variable.

The next steps of our workflow, following our paradigm, consist of the text preprocessing tasks

that have been presented in Table 20.
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Figure 32. Lexicon-based approach (source: Authors’ own work).

After the preprocessing steps the text polarity is being extracted using the VADER lexicon. We
judged that we should rely on the VADER lexicon which is fully open-sourced under the MIT License,
in the English language, fully validated and widely accepted across multiple distinct domains
including the field of education (Navaneetan et al., 2024; Shafana & Safnas, 2022; Wook et al.,
2020). Furthermore, the VADER sentiment lexicon has been compared to many other well-
established SA lexicons such as Linguistic Inquiry Word Count (LIWC), General Inquirer (Gl),
Affective Norms for English Words (ANEW), SentiWordNet (SWN), SenticNet (SCN), WordNet and
the Hu-Liu, with quite remarkable results. The comparison results revealed that the VADER lexicon
performs at a similar level to that of individual human raters. In fact, the classification accuracy
metric "Precision" ranged between 0.69 and 0.99 across various domain contexts (Hutto & Gilbert,
2014). Students express themselves in their mother tongue, Greek, to ensure the accuracy and
clarity of their sentiments (Sharma et al., 2014). Therefore, to achieve maximum accuracy and
efficiency, all the comments were initially collected in the Greek language and subsequently
translated into English by accredited translators. In this way, we ensured the highest degree of

accuracy both from the students' feedback in their mother tongue, as well as by utilizing the VADER
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English dictionary which provided us with the validity needed for the purposes of our research. We

then entered the final data into our system.

The compound score indicates the overall intensity of sentiment in each sentence. Figure 33
shows a representative sample of comments with the corresponding compound (sentiment) score
for each. The compound score of a specific response is determined by summing up the sentiment
scores of each individual word within the sentence and falls within the range of -1 to +1 (Qi &

Shabrina, 2023).

Studen_lt_s Comment pos neg neu compournd

Tue

| believe he presents the lesson ... ., 0175 0.065 0.758 0.3182
| think that students pay attenti... ., 0.108 - 0.072 0.821 0.1779
Your active listening capability v o, 0387 0.075 0538 0.6997
His persuasion skills are satisfa... . 0148 _ 0.076 0.776 02115
he has told us very politely that... 0 0.076 0924 -0.1027
The professor uses everyday to... 0176 _ 0.088 0.736 0.3678
His calm way of teaching enco... w 0333 _ 0.09 0.577 0.5859

Figure 33. Sentiment score of student feedback comments (source: Authors’ own work).

In the second implemented approach (Figure 34), we extract the sentiment carried by the text
by applying a ML method. Our goal here is to train a classifier based on the RF algorithm and
subsequently gather and analyze the performance results. In the initial stage of the workflow, the
file containing the comments is loaded into the workflow, and the data is propagated to the steps
of the workflow that facilitate the specification of the dependent variable. Subsequently, the text

corpus is created.

Prior to the input of the data to the ML algorithm, a transformation occurs whereby the
comments in the corpus are converted into vectors using the Multilingual SBERT (Sentence BERT)
approach (Feng et al., 2020). At this stage, in order to examine the significance of each feature
generated by the SBERT method, we rank all features using the Gain and Gini metrics (Tangirala,
2020) and keep the top n features. This particular step allows us to exclude features that do not
"explain" the dependent variable and therefore do not further enhance the quality of node
separation in the decision trees generated by the method. In the experiments conducted, we did
not observe any improvement in the results of the method when selecting more than ninety
features. We choose to train and evaluate the RF model using the Stratified K-Fold Cross Validation

technique. This choice is based on our initial observation regarding the uneven distribution of
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sentiment classes in our data. Furthermore, we set K=10, an empirically proven value that often

yields good results (Anguita et al., 2012).
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Figure 34. Random forest based approach (source: Authors’ own work).

Similar, to the first ML method, the ANN-based method, follows the same preprocessing steps.
After creating the corpus and transforming the comments into vectors using the S-BERT technique,
the features are ranked based on the Information Gain metric using the "Rank" component. The
top sixty features are selected for further analysis. This selection was determined through
experimentation, aiming to find the simplest model that maintains a good balance between

performance and generalization, effectively reducing the risk of overfitting.

At the final steps of the workflow, the model is trained and evaluated using the Stratified CV
technique. Through an iterative experimentation process, we explored different combinations of
hyperparameters to identify the best performing configuration for our ANN model. The resulting

hyperparameters are presented in Table 23.

Table 23. ANN hyperparameters (source: Authors’ own work).

Hyper-Parameter Value

Neurons in hidden layers 60

Activation Function Relu
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Hyper-Parameter Value

Solver Adam
Regularization, a 0.07
Maximal number of iterations 2500

4.2.4.3. Results and discussion

In this section, we comparatively examine the outcomes of the previously implemented
methods with the aim of drawing final conclusions, as well as identifying limitations and

prerequisites.

As a general observation (Table 24), we note the superiority of ML methods over the lexicon-
based approach. This observation holds true both in terms of overall accuracy and individual
evaluation metrics. However, it should be emphasized that the performance of the lexicon-based

technique is directly dependent on the style of the analyzed text and the specific lexicon used.

Staying within the lexicon-based technique and delving into our analysis of the degree of
granularity of each class, we observe (Table 25) that the model's performance for the POS class is
relatively satisfactory, with a Recall of 71.9% and correctly classifying 572 out of 795 comments,
the Precision for the same class is 76%, as out of the 752 responses classified as POS, 572 actually
belong to that class. However, the model's performance is not at the same level when it comes to
classifying negative (NEG) and especially neutral (NEU) responses, where we observe Recall of 57%

and 38% respectively.

These values indicate the model's difficulty in recognizing patterns belonging especially to the
neutral sentiment class. The same pattern can also be observed in the precision metric. Specifically,
as depicted in Table 26, the precision is considerably low in the NEU class. Out of the 291 responses
predicted to belong to the NEU class, only 108 were correctly classified, resulting in a precision of

37.1%.

Focusing on the two ML algorithms, we observe that they demonstrate satisfactory
performance, with notable differences in capturing the neutral sentiment. Specifically, as shown
from Table 28, the ANN consistently performs well in identifying responses from all classes, unlike
the RF, which struggled to capture correlations in the data for neutral comments. More specifically,
as observed from Table 27, the RF algorithm achieves an overall accuracy of nearly 74% (1042 out
of 1420 instances) in correctly predicting the sentiment class. This performance is considered

satisfactory given the difficulty of the problem (Roebuck, 2012).
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Analyzing the Recall and Precision metrics for each sentiment class, we observe excellent results
for the POS and NEG classes, while it is evident that there is difficulty in identifying instances
belonging to the neutral class. In the case of the ANN algorithm, we can conclude that the resulting
model shows overall satisfactory results. It achieves a classification accuracy of 78%, correctly
assigning 1112 out of 1420 comments to their respective classes. The ANN-based classifier performs
exceptionally well in identifying positive (POS) and negative (NEG) comments, with a Recall of 82%

in both classes.

Table 24. Evaluation results over all classes (source: Authors’ own work).

SA Method CA F1 Precision Recall
Lexicon 0.616 0.552 0.549 0.556
Random Forest 0.734 0.667 0.718 0.662

Artificial Neural Network 0.782 0.759 0.763 0.759

Table 25. Evaluation results by class (source: Authors’ own work).

SA Method Precision Recall
POS NEG NEU POS NEG NEU
Lexicon 0.760 0.517 0.371 0.719 0.571 0.380

Random Forest 0.747 0.701 0.706 0.933 0.583 0.350
Artificial Neural 0.829 0.701 0.761 0.819 0.819 0.640

Network

Table 26. Lexicon confusion matrix (source: Authors’ own work).

Actual Data
POS NEG NEU sum
@ |POS 572 89 91 752
ﬁ NEG 97 195 85 377
8 NEU 126 57 108 291
sum 795 341 284 1420
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Table 27. RF confusion matrix (source: Authors’ own work).

Actual Data
POS NEG NEU sum

@ |POS 742 116 135 993
‘@ INEG 37 199 48 284
8 NEU 16 26 101 143

sum 795 341 284 1420

Table 28. ANN confusion matrix (source: Authors’ own work).

Actual Data
POS NEG NEU sum
@ |POS 649 54 79 782
‘2 INEG 97 281 23 401
3 INEU 49 8 182 239
sum 795 341 284 1420

In other words, the ANN correctly predicts 649 out of 795 positive cases and 281 out of 341
cases belonging to the NEG class. These results are combined with good precision for both classes.
Specifically, the model achieves a Precision of 83% for the positive class, 70% for the negative class
and 76% for the neutral class. Even in the recognition of neutral messages the ANN observes much
better results than the previous classifiers. Specifically, while the Lexicon-based and the RF-based

classifier had 38% and 35% Recall respectively, the ANN classifier achieved 64% Recall.

Within the scope of this study, the RF and ANN ML algorithms clearly outperform the lexicon-
based methods, as Srivastava et al. (2022), highlights in their study, with the ANN particularly
excelling in performance across all sentiment classes. Notably, as an extension of the Wankhade et
al., (2022) study, the limitation in the case of the ANN is the availability of a large volume of training
data and the risk of overfitting the model to the training data, leading to poor generalization ability.
Furthermore, as a continuation of the Adeniyi et al., (2022) study, we observed that the integration
of the ANN method combined with sentence embedding, outperformed the other approaches.

Table 29 summarizes the pros and cons of each method.
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Table 29. Pros and Cons of each method examined in our study (source: Authors’ own work).

Method Pros Cons
Lexicon-based - Initial simplicity in implementation. - Limited in handling the
Approach introduction of the neutral

- Potential usefulness under specific

conditions. sentiment class.
- Struggles in recognizing patterns
within this class, particularly
evident in the lexicon-based

approach.

Random Forest (RF) - Demonstrates the ability to model both - Faces challenges in recognizing

linear and complex non-linear the patterns of the neutral
relationships. sentiment class.
- Performance improvement potential - Interpretability might be a
with a larger volume of data. concern.
Artificial Neural - Superior overall performance, especially - Interpretability is compromised.
Network (ANN) with a large volume of data. - The need for a substantial dataset

- Ability to model complex relationships. for optimal performance.

These findings are fully in line with the Adeniyi et al., (2022) study, which thoroughly examined
and compared ML algorithms, however, limited to 2 classes: positive and negative. Even though
recent review papers (Sen et al., 2017; Leelawat et al., 2022; Mourtzis et al., 2021) have also
examined various SA approaches in other domains, none have ventured into the domain of
education as from our perspective. Although our study is focused on how the teaching process as
well as the teachers are evaluated (identifying and attributing the intensity of sentiment that
emerges from a comment regarding their teacher) from the students' point of view, it could be
combined, embedding the ANN algorithm which addresses the textual data challenges, with a
powerful study conducted by Del Gobbo et al., (2023). In particular, Del Gobbo et al., (2023), in a
rather interesting paper, proposed a quite promising framework of the automatic grading of
students’ answers for exams. Their solution was conceived to offload teachers and instructors from
the potentially huge task of grading exam answers to open-ended questions. In summary, our

contribution extends prior research by directly applying SA to student textual data, comparing
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different approaches in a challenging 3 class context, positive, negative and neutral, opening up
new avenues for further research and discussion, offering opportunities to refine and improve the

learning process, the assessment of teacher competencies etc. based on student opinions.

This study was limited to examining and comparing two different ML algorithms, Artificial Neural
Network (ANN) and Random Forest (RF) to a specific lexicon (VADER) for SA on student textual data.
This limited scope of algorithms and lexicon examined, may not be representative or cover the
diversity of ML algorithms or other lexicon-based methods that may be utilized. However, the
selection of the approaches we compared, from which the results were derived, is not exhaustive
but covered a substantial range of significant algorithms. In addition, the dataset used, was
generated from an educational domain, therefore, the findings may not be entirely generalized to
other domains. During the data collection process, the study was also limited to gathering textual
data from the student responses of UTH in 2 courses and 2 professors. Although obtaining an
extensive collection of student feedback encompassing various courses with distinct characteristics,
such as different semesters, cognitive areas, and varying degrees of course’s difficulty, may demand
extra time and effort, we are confident that it has the potential to unveil significant insights and

conclusions.

4.2.4.4. Conclusions

In our research of this case study, we used student comments obtained from feedback at the
end of an academic semester and implemented three methods of SA to extract the underlying
polarity of each comment. Initially, we examined a Lexicon-based method, followed by
corresponding implementations based on ML algorithms, RF and ANN. It was observed that the
Lexicon-based SA technique faced challenges in capturing the subtle nuances of the language. It is
worth noting that this method did not necessitate complex preprocessing stages, as required by ML
methods, because we relied on the existence of updated lexicons that allow for accurate inference.
More specifically, the lexicon-based approach struggles to correctly extract meaning in cases where
word order and contextual meaning need to be taken into account. In our case, the text rarely
included explicit negative words or descriptors. Instead, the negative tone was conveyed through
the entirety of the sentence, making it challenging for the Lexicon-based approach to accurately
detect the polarity. In contrast, the ML approaches were more effective in their analysis due to
their ability to capture the whole meaning of the comment. In short, the linguistic characteristics
of the text favored the ML approaches over the lexicon-based method, while the results
documented, emphasize the increased difficulty introduced by the inclusion of the neutral
sentiment class to the problem. All classifiers struggled to recognize patterns within this class,

particularly with the lexicon-based approach.
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Another key finding of the research is that the ML algorithms examined performed better in the
specific domain of student feedback responses. Both ANNs and RF have the ability to model linear
as well as complex nonlinear relationships. However, the ANN algorithm demonstrated better
overall performance, which can be even further improved compared to RF, utilizing large volumes
of data. We should also highlight the pivotal role of the SBERT in achieving more accurate results.
This embedding technique allowed the ML algorithms to capture the semantic meaning and
contextual relationships between the comments more precisely while also speeding up the training
process. Therefore, the integration of the ANN method combined with sentence embedding,

outperformed the Lexicon-based approach as well as the RF method.

We plan to conduct extensive research on various methods of measuring and leveraging student
feedback using and comparing different ML algorithms and hybrid approaches adapted to the field
of assessment in education. We strongly believe that through our research we can contribute to
how institutions face the challenge of harnessing this untapped textual data. Ultimately, there is no
intention to undermine or challenge any other perspective. Instead, we want to showcase the
variety of different approaches and open up a dialogue to fully explore what's possible in this

particular context.

4.3. Validation

This section focuses on validating the competency model we presented earlier. As previously
mentioned, through a systematic review process, guided by the PRISMA methodology framework,
we identified and categorized 33 distinct competencies within six dimensions. These competencies
represent the collective insights into the skills and attributes required for effective teaching in
higher education. In the current study, we aim to build on this foundation by exploring
competencies from a new perspective—through the lens of student feedback. By applying TM
techniques to analyze written comments from student feedback, we seek to uncover the
competencies that students value in their educators. We will compare these findings with the
competency framework that emerged from our previous research, providing a unique opportunity

to validate and expand our understanding of what defines effective teaching in higher education.
At this stage of our thesis, the research questions that guided this case were:

RQ1: What are the key competencies that students perceive as essential for their teachers to

possess?

RQ2: To what extent do the competencies identified through the analysis of student feedback

align with those documented in existing literature?
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4.3.1. Method

In this section, we provide a comprehensive overview of the stages involved in the process we
followed in our study, which analyzes student feedback comments and identifies teacher
competencies through the TM procedure. The initial stage concerns the collection of student
comments. More specifically, at the end of each semester at our university, students are invited to
answer a questionnaire which contains closed and open-ended questions. For this purpose, the
QAU of our UTH, which is the central body for the coordination and support of the quality assurance
procedures, sends a relevant link to the students' email. Also, specific measures were implemented
to guarantee the anonymity of the students, while also complying with the GDPR. The questionnaire
adheres to the requirements of the HAHE. In our study, the data was sourced from evaluations
provided by students of the UTH in June 2023, wherein they provided feedback on their course and
their instructor. Figure 35 illustrates the stages that we followed. Firstly, we collected a total of
11,735 student responses from our university. 2,870 of those responses -about 25% of the entire
sample- included open-ended comments on the course and instructor. This relatively low
percentage may reflect students’ general reluctance to spend time on open-ended survey
guestions, as many prefer to only respond to closed-ended, Likert questions, (Baars & Arnold,
2014). Despite this, the 2,870 comments that we obtained provided a robust dataset for TM and
were deemed sufficient for generating reliable insights, based on current standards in text analysis

research (Jeon & Choi, 2023).

After data collection, the text preprocessing process takes place, which consists of a sequence
of steps. Its objective is to prepare the raw text data for the next stage, thus acquiring a clean and
consistent form that can then be fed into a model for further analysis. During this procedure,
specific NLP issues such as Transformation, Tokenization, Stopwords filtering, Normalization
(stemming and lemmatization) etc. should be considered. After preprocessing the student feedback
data, we applied the LDA algorithm to extract meaningful topics from the student comments. LDA
is a probabilistic TM technique widely used in NLP to uncover hidden structures in textual data. By
analyzing the co-occurrence patterns of words across documents, LDA identifies a set of topics,
each represented as a distribution of words, and assigns each document a probability distribution
over these topics. This approach allowed us to explore the key themes embedded in students'
feedback and gain insights into the competencies they associate with effective teaching. The use of
LDA provided a systematic and interpretable framework for identifying patterns and trends in the
open-ended responses. The topics identified through our approach, were labeled as Topic 1, Topic
2, ..., Topic n, with each topic representing a cluster of words that frequently appeared together,

reflecting specific aspects of the competencies students valued in professors.
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In the final stage of fine-tuning the topic model, determining the optimal number of topics (k)

was crucial. Selecting an appropriate k value ensured that the topics extracted were both

meaningful and distinct. If k is too large, the resulting topics often become redundant, with several

topics covering similar content. Conversely, a value that is too small results in overlapping or overly

broad topics, failing to capture the nuances and diversity of themes within the text. Thus, finding

the right balance was essential to effectively identify and represent the variety of ideas in the

dataset.
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Figure 35. The overall procedure followed (source: Authors’ own work).

To determine the optimal k, we experimented with multiple models, each using different values

for k. These models were evaluated based on their coherence scores, which measure the semantic

relatedness of the words within each topic. A high coherence score indicated that the topics were

contextually meaningful and interpretable, as the words within them were strongly related to one
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another. By comparing coherence scores across the different models, we identified the k value that
provided the most stable and cohesive representation of the data (Nguyen and Hovy, 2019; Fang
et al., 2016). Additionally, we examined the behavior of coherence scores to find the point where
the score either peaked or leveled off, indicating diminishing returns in interpretability. This
approach ensured that the selected k value struck a balance between capturing a broad range of
themes and maintaining the specificity needed for meaningful insights (Rosner et al., 2014; Syed &
Spruit, 2017). This method provided a rigorous framework for determining the number of topics

and enabled the extraction of relevant and coherent themes.

Next, we conducted a manual review of each model by examining the keywords associated with
each topic. This step allowed us to evaluate the interpretability of the topics and ensure that the
selected words accurately represented their underlying themes. For instance, a group of keywords

such as "teaching," "students," and "lecture notes" would ideally correspond to a theme related to
the use and distribution of lecture notes in education. However, it was crucial to verify that the
keywords were contextually coherent and aligned with the intended topic. In addition to this
manual inspection, we compared the coherence scores across all models to identify the one that
offered the optimal balance between interpretability—how intuitively understandable the topics
were—and the overall alighment of the topics with the dataset. The selected model was the one
that generated the most coherent and conceptually relevant topics, demonstrating a strong fit

between the topics and the underlying data. This systematic process ensured the robustness and

reliability of our final model.

After extracting the topics, we mapped them to specific competencies, such as communication
skills, subject matter expertise, etc. This mapping process allowed us to derive a set of
competencies that reflected students' perceptions of what makes a teacher effective. In the final
step of our method, we compared the competencies identified through TM with those derived from
our previous research (Dervenis et al., 2022), which focused on teacher competencies as outlined
in the literature. This comparative analysis, building on our earlier work, helped us validate the
relevance of the competencies identified in this study by placing them within the context of
established frameworks from the academic literature. The comparison also highlighted any
potential gaps or emerging competencies that might not have been as prominent in the existing

literature, offering new insights into the evolving expectations of students in higher education.

4.3.2. Results and discussion

As a result of testing with topic numbers ranging from 1 to 27, we concluded that the optimal
number of topics was k=5, where we achieved the highest coherence score (63%). Figure 36

illustrates the coherence values for the different topic numbers tested. The coherence index

146

Institutional Repository - Library & Information Centre - University of Thessaly
11/09/2026 19:56:01 EEST - 216.73.216.250



reflects how well the words within each topic are related, with higher values indicating that the
topics are more meaningful and interpretable. In our case, the coherence score of 63% suggests
that the topics identified were both relevant and cohesive, effectively capturing distinct topics that
were present in the data. This relatively low number of topics can be explained by the limited
thematic range of student comments, which are focused specifically on educational matters. Unlike
datasets such as newsgroups, where users may discuss a wide array of subjects, this dataset focuses
primarily on educational issues, including teaching skills, instructional effectiveness, and the
learning environment. This narrower thematic scope likely contributed to the model’s improved
performance with fewer topics, as fewer thematic categories were necessary to capture the main
points of student feedback accurately. Consequently, the coherence score indicates that the
selected number of topics offers an optimal balance between interpretability and thematic
coverage, making it well-suited for understanding students’ core concerns in the educational

context.
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Figure 36. Topic coherence across different k values (source: Authors’ own work).

During the TM analysis, the application of a Document Frequency (DF) filter within the range of
0.05—-0.95 proved to be instrumental in refining the quality of our results. By excluding terms that
appeared in less than 5% of the documents, we eliminated extremely rare words that were unlikely
to contribute meaningfully to topic differentiation. Similarly, filtering out terms present in more
than 95% of the documents removed overly common words that lacked specificity and were
unlikely to help define distinct topics. This preprocessing step effectively reduced noise in the

dataset and retained only those words that significantly influenced topic formation. As a result, the
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use of this filter significantly contributed to achieving the highest coherence score of 63% when we
modeled five topics (n=5), highlighting the effectiveness of this preprocessing method in refining

the results.

The analysis of the 2,870 student comments revealed that each of the five topics identified,
applying the TM methodology described earlier, provided specific aspects of students’ experiences
regarding their instructors’ competencies. To gain a more comprehensive understanding and
interpretation of each topic, we examined not only the associated keywords but also the comments
with the highest score to each topic. This dual approach allowed us to contextualize the topics and
ensure their alignment with broader aspects of student perceptions regarding instructors and
coursework. Table 30 provides a detailed mapping of each set of keywords to overarching
dimensions related to students' views on their teachers and the learning experience. Subsequently,
Table 31 presents the representative student comments for each of the five topics derived from

the topic modeling, along with their respective contribution scores to each topic.

Table 30. Identified topics in student feedback through LDA (source: Authors’ own work).

Topic Keywords Topic interpretation Topic label assigned
1 exercise, result,  This topic appears to reflect students’ views on Balancing theory and

theory, lab, the balance between theoretical knowledge and  practice

lesson, practical application, such as through labs or

understanding,  exercises. It may indicate feedback on how

can, way, thing, effectively the instructor’s approach helps

give students understand the subject matter and

apply it in practice.

2 good, lesson, This topic focuses on students’ evaluation of Teaching quality

quite,

interesting,

their teachers, with references to their teaching

abilities, approachability, and the difficulty or

lecture, interest level of the lessons. Words like "good"
professor, and "difficult" suggest varying levels of feedback
student, regarding how engaging and manageable the
lecturer, lectures are.

difficult, can
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Topic Keywords Topic interpretation Topic label assigned

3 student, lesson, This topic focuses on the interaction between Interactivity and
professor, way, students and instructors, such as addressing support
polite, question, student questions and providing support during
say, knowledge, lessons. It highlights comments about the
always, help instructor’s ability to communicate knowledge

and their willingness to assist students.

4 lesson, This topic addresses students’ perspectives on Time management
assignment, assignment workload or lab workload and and workload
can, time, lab, whether the time allocated is sufficient. This

lecturer, little, may include feedback on whether the workload

topic, well, is manageable and whether time is used
wanted efficiently in the course.

5 lesson, This topic reflects the overall quality of the Course quality and
professor, course and the instructor’s ability to make the engagement
interesting, subject engaging and understandable. Words
think, way, like "interesting," "understandable," and

understandable, "excellent" suggest positive evaluations of both
subject, the course content and the teaching methods.
student, well,

excellent

The results of the TM analysis were examined in relation to the competencies identified in our
prior research, which were derived from an extensive literature review. By analyzing the topics
extracted from the students' feedback, specific themes emerged that align with various teacher
competencies. These connections highlight how students’ perceptions and comments reflect
aspects such as theoretical and practical knowledge, teaching quality, interaction, time

management, and course delivery.
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Table 31. Representative student comments for each topic (source: Authors’ own work).

Comment Topicl Topic2 Topic3 Topic4d Topics
Representative Student Comment
ID score score score score score

“Unfortunately, the course is very
demanding and comes with more
workload than it should. | feel that
#443 0.029 0.030 0.029 0.883 0.029
the professor lacks sufficient
understanding of our time

constraints and capabilities.”

“The theory lectures were
extremely interesting and well-
organized. As for the lab sessions, |
#601 0.925 0.019 0.019 0.019 0.018
would have preferred them to be
much more interactive and

participatory.”

“The lectures are excellent, and the
professor provides plenty of real-

#1811 life examples, making a challenging 0.021 0.918 0.020 0.020 0.021
and demanding course much easier

1”7

to understand

“Although Professor L****** jg
knowledgeable and has a talent for
teaching, unfortunately, his
arrogance creates significant
#2005 barriers to effective interaction 0.010 0.011 0.959 0.010 0.010
with students. He is often highly
sarcastic and dismissive, constantly
adopting an air of superiority that

comes across as offensive.”
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Comment Topicl Topic2 Topic3 Topic4d Topics

Representative Student Comment

ID score score score score score
“This course was my favorite this
semester. Ms. R¥**#*** \yag
always enthusiastic and eager to
share her knowledge with us
throughout the semester. What |
#2781 0.015 0.015 0.014 0.014 0.942

particularly appreciated was the
relaxed and friendly atmosphere,
free from the typical power
dynamics between professors and

students.”

The first topic that emerged from the student feedback highlights the importance of balancing
theoretical knowledge with practical application, particularly through exercises and lab work. This
reflects key competencies identified in our earlier research, such as C6: Theoretical knowledge and
C7: Practical knowledge, which emphasize the need to connect theory with real-world experience.
Additionally, the C22: Effectiveness competency is apparent in how students value the integration
of both theoretical and practical elements in a way that enhances their overall learning experience.
Lastly, C13: Planning plays a crucial role here, as students appreciate well-organized lessons that
ensure a smooth transition between theory and practice, making the learning process more
cohesive and impactful. This connection highlights how thoughtful teaching strategies can support

both student understanding and the application of knowledge.

The second topic from the student feedback focuses on their evaluation of the overall teaching
quality, with students highlighting factors, such as how engaging, accessible, or challenging the
lectures are. This aligns with several key competencies from our previous research, such as C11:
Transmissibility, which reflects the professor’s ability to present information in a clear and engaging
way. Additionally, C10: Creativity plays a critical role, as students appreciate lectures that are
designed to keep them interested and actively engaged. The importance of C12: Studiousness is
also evident, as students value the professor’s preparation and commitment to delivering high-
quality content. Lastly, C25: Empathy is highlighted in how well professors recognize and address

students’ difficulties in grasping complex material, offering support where needed. This connection
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illustrates how teaching practices that focus on engagement, creativity, and empathy can

significantly enhance the students’ learning experience.

The third topic that emerged from the student feedback emphasizes the importance of teacher-
student interaction, particularly in terms of answering questions and providing ongoing support.
This is closely related to several competencies, such as C2: Helpfulness, which reflects the
professor’s willingness to assist students and clarify any doubts they may have. The competency of
C23: Listening is also key, as students appreciate it when teachers actively listen to their concerns
and feedback. In addition, C25: Empathy plays a vital role, with students valuing teachers who
demonstrate an understanding of their individual needs and provide tailored support. Finally, C15:
Coaching is reflected in the encouragement and guidance teachers offer, helping students navigate
their learning journey and overcome challenges along the way. This connection highlights how

meaningful interaction and support can significantly enhance students' academic experiences.

The fourth topic from the student feedback highlights concerns about time management and
the workload they are expected to manage. This connects to several competencies that emphasize
the importance of structure and organization in the learning process. C13: Planning is evident here,
as students value effective time management to balance the workload and ensure tasks are
completed on time. C9: Discipline also plays a role, with students appreciating a clear structure and
adherence to deadlines for assignments and classwork. Lastly, C22: Effectiveness is key, as students
recognize when time and resources are used efficiently, enhancing their overall learning experience
and helping them achieve better outcomes. This connection underscores how well-planned courses

can alleviate student stress and foster a more productive learning environment.

The fifth topic from the student feedback focuses on the overall quality of the course and the
instructor’s ability to make the subject both engaging and understandable. This topic connects
strongly to several competencies, starting with C11: Transmissibility, as students appreciate it when
complex topics are simplified and made accessible. C18: Innovativeness is also reflected in how
students value creative teaching methods that make the course more engaging and dynamic.
Additionally, C25: Empathy comes into play, as students recognize when instructors understand
their challenges and adapt their teaching strategies to better meet their needs. Finally, C26:
Presentation is key, as students appreciate well-structured, clear, and captivating presentations
that make the learning process more enjoyable and effective. This connection emphasizes how the
quality of the course and the teaching approach can significantly influence students' engagement
and overall satisfaction. Table 32, illustrates the mapping of the identified topics to the
corresponding competencies, offering a clear representation of how the textual data aligns with

the conceptual framework established in our previous study.
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Table 32. Mapping results: Topic modeling (LDA) insights vs. literature-derived competency

framework (source: Authors’ own work).

Topic Topic label assigned Mapped competencies Not mapped

(from textual data) competencies

(LDA-based topic modeling vs.

literature-based framework)

1 Balancing theory and C6: Theoretical knowledge C1: Energy

practice

C7: Practical knowledge C3: Personal integrity and

C22: Effectiveness

reliability

C4: Multiculturalism

C13: Planning
C5: Morality
2 Teaching quality C11: Transmissibility
) C8: Experience
evaluation C10: Creativity
C14: Adaptability
C12: Studiousness
C16: Inventiveness
C25: Empathy
C17: Resourcefulness
3 Interactivity and C2: Helpfulness C19: Imagination
support Y ;
upP C23: Listening C20: Diligence
C25: Empathy C21: Persistence
C15: Coaching C24: Persuasion
4 Time management and C13: Planning C28: Digital literacy
workload C9: Discipline C29: Digital pedagogy
C22: Effectiveness C30: Digital
communication and
5 Course quality and C11: Transmissibility cooperation
engagement C18: Innovativeness C31: Creating digital
C25: Empathy content
C26: Presentation C32: Safety
C33: Basic

troubleshooting
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The next step was the application of BERTopic algorithm. BERTopic is an advanced topic
modeling technique, to identify topics from student comments. The algorithm was developed in
Python using Google Colab online environment?, which provides easy access to powerful
computational resources and supports the BERTopic library (Bisong & Bisong, 2019). Google Colab
allowed us to perform the necessary text analysis tasks in a flexible and user-friendly environment,
enhancing the efficiency of the topic modeling process and ensuring effective management of our
data. The developed code is presented in in the appendix of this thesis. We used BER Topic
algorithm to extract topics from the student comments, providing us with a deeper understanding
of the key competencies that students value in their teachers. Table 33 provides a detailed mapping

of each set of keywords to overarching dimensions related to students' views on their teachers and

the learning experience.

Table 33. Identified topics in student feedback through BERTopic (source: Authors’ own work).

Topic Keywords Topic interpretation Topic label assigned

teacher, This topic highlights the importance of the Student Engagement
subject, instructor's ability to engage students with the and Teaching
interest, subject matter. It focuses on the teacher’s role Effectiveness
course, in creating an interesting and relevant learning

students, experience. Students seem to appreciate

subject matter,

good, professor

good, lesson,
quite,
interesting,
lecture,
professor,

student,

teachers who are able to make the course
content engaging and meaningful,
demonstrating the connection between teaching

and student involvement.

This topic underscores the teacher's
involvement in managing the course content and
engaging with students. It reflects students'
recognition of a well-structured course, with
teachers making the material both accessible

and interesting. There is an emphasis on the

2 https://colab.research.google.com/
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Topic Keywords

Topic interpretation Topic label assigned

lecturer,

difficult, can

3 student, lesson,
professor, way,
polite,
question, say,
knowledge,

always, help

4 lesson,
assignment,
can, time, lab,
lecturer, little,
topic, well,

wanted

quality of the course delivery and its impact on

student engagement.

This topic revolves around the use of online Digital Literacy and
platforms like e-class for sharing materials and Resource Availability
resources. It highlights the importance of digital

tools in teaching, with a focus on how the

teacher organizes and provides resources such

as slides and course material to enhance

learning. Students appear to value easy access to

learning materials online, as well as the clarity

and thoroughness of these resources.

This topic reflects students' perspectives onthe  Classroom
teacher's approach to course difficulty and class  Management and
management. The keywords suggest that some Teaching Difficulty
students perceive certain aspects of the course

or instructor's teaching style as challenging. The

topic touches on both the teacher’s ability to

manage the course effectively and the students’

experiences with difficult or demanding courses.

Subsequently, Table 34 presents the representative student comments for each of the five topics

derived from the topic modeling, along with their respective contribution scores to each topic.
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Table 34. Mapping results: Topic modeling (BERTopic) insights vs. literature-derived competency

framework (source: Authors’ own work).

Topic Topic label assigned Mapped competencies

(from textual data) (BERTopic-based topic modeling

vs. literature-based framework)

Not mapped

competencies

1 Student Engagement and  C2: Helpfulness
Teaching Effectiveness C11: Transmissibility

C23: Listening

C25: Empathy

C27: Collaboration

2 Effective Teaching C12: Studiousness
Practices C13: Planning

C22: Effectiveness

C28: Digital literacy

C29: Digital pedagogy

3 Digital Literacy and C28: Digital literacy

Resource Availability C29: Digital pedagogy
C31: Creating digital content

C30: Digital communication and

cooperation

4 Classroom Management C14: Adaptability
and Teaching Difficulty C9: Discipline
C20: Diligence

C21: Persistence

C17: Resourcefulness

Cl: Energy

C3: Personal integrity and

reliability
C4: Multiculturalism
C5: Morality

C6: Theoretical

knowledge

C7: Practical knowledge
C8: Experience
C10: Creativity

C15: Coaching

C16: Inventiveness
C18: Innovativeness
C19: Imagination
C24: Persuasion
C26: Presentation
C32: Safety

C33: Basic

troubleshooting
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Both approaches, LDA and BERTopic, revealed a significant overlap in identifying key teacher
competencies. Both methods successfully captured a range of competencies that were consistent
with those identified in our previous research, which was based on an in-depth literature review.
The following Table 35, clearly illustrates these connections, demonstrating how the topics derived
from both TM approaches align with the competency framework established earlier. This alignment
not only strengthens the validity of our model but also validates the effectiveness of the
competencies identified through the literature review, further confirming their relevance and
importance in enhancing teaching practices and educational quality. However, although our
analysis successfully identified competencies of teachers that students are interested in or simply
observe, as well as those documented in the literature, some competencies from the original
framework—such as “Multiculturalism,” “Experience,” and “Inventiveness” —were not identified in
the students' comments. This is not a concern but can be attributed to the nature of open-ended
feedback data, which often reflects immediate and tangible aspects of teaching rather than less
obvious characteristics. Clearly, additional competencies, previously missing, could emerge from

other data sources beyond student feedback.

Table 35. Comparison of teacher competencies identified through LDA and BERTopic with the

Literature-based framework (source: Authors’ own work).

Teacher competencies identified Competencies identified = Competencies identified

in Literature review from LDA approach in BERTopic approach
C1: Energy
C2: Helpfulness v v

C3: Personal integrity and

reliability

C4: Multiculturalism

C5: Morality
C6: Theoretical knowledge N4
C7: Practical knowledge N4
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Teacher competencies identified Competencies identified = Competencies identified

in Literature review from LDA approach in BERTopic approach

C8: Experience

C9: Discipline v v
C10: Creativity v

C11: Transmissibility v v
C12: Studiousness v v
C13: Planning v v
C14: Adaptability v
C15: Coaching v

C16: Inventiveness

C17: Resourcefulness v

C18: Innovativeness v

C19: Imagination

C20: Diligence v
C21: Persistence v
C22: Effectiveness v v
C23: Listening v v

C24: Persuasion

C25: Empathy v v

C26: Presentation v
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Teacher competencies identified Competencies identified = Competencies identified

in Literature review from LDA approach in BERTopic approach
C27: Collaboration v
C28: Digital literacy v
C29: Digital pedagogy v
C30: Digital communication and v

cooperation

C31: Creating digital content v

C32: Safety

C33: Basic troubleshooting
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5. Discussion, Conclusions and Recommendations

5.1. Introduction

This chapter presents the conclusions of this research through a detailed discussion of its key
findings. It then highlights the limitations encountered during the study, as well as the implications
for both academia and society. Finally, suggestions for future research are provided to inspire the

research community.

5.2. Conclusions

In this study, we aimed to evaluate and enhance academic teaching excellence through a
competency-based teacher model. The research revealed a multifaceted perspective on how both
students and established theoretical frameworks perceive key teaching competencies. One critical
conclusion we reached is the alignment between student feedback and competencies identified in

the literature, particularly in certain areas.

Our analysis also underscored the importance of a multidimensional approach to teacher
competencies. Specifically, 33 distinct competencies were identified, categorized into six main
dimensions: Personality, Professionalism, Pedagogical, Scientific, Communication and Digital. These

competencies reflect the broad spectrum of skills that define effective teaching.

Our results highlighted that, despite the increasing importance of digital competence—which
became particularly urgent following the COVID-19 pandemic—it remains insufficiently prioritized
within the educational community. While education systems are transitioning toward online and
hybrid learning, especially in recent years, a surprising number of studies continue to treat digital
competence as secondary to more traditional aspects of teaching. This finding was particularly
evident in our study, where areas such as Personality, Communication, and Professionalism
received more attention, while digital competence was often relegated to the background. This gap
in educational practices suggests a broader issue: the slow adaptation of educational communities

to the rapid pace of technological advancement.

Along with the multidimensional framework for teacher competencies, we revealed that SA can
assist in capturing student perceptions of these competencies. A key aspect of our work involved
applying SA techniques to analyze open-ended student feedback. Unlike traditional closed-ended
feedback, which tends to oversimplify responses into predefined categories, we found that open-
ended responses provide rich, nuanced insights that reflect the complexity of student experiences

with teaching. The analysis of student feedback revealed specific competencies that students
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perceive in their instructors. Through this analysis, we concluded that students recognize particular
competencies differently depending on the course's level of difficulty. For instance, in easier
courses, competencies related to "Presentation” and "Persuasion" were more pronounced among
students. On the other hand, in more demanding courses, these competencies were less
emphasized, while others such as "Listening" and "Empathy" gained significance across all course
types, regardless of difficulty. This suggests that these specific competencies are widely valued by
students, irrespective of the subject matter or the course's complexity. We therefore concluded
that students tend to appreciate teachers who can communicate effectively and be persuasive in

simpler courses, while in more demanding ones, understanding and empathy take precedence.

Additionally, one of the most intriguing findings of our research emerged from the comparison
between SA using traditional lexicon-based methods and ML algorithms, such as Random Forest
(RF) and Artificial Neural Networks (ANN). While lexicon-based methods were easy to implement,
they struggled to capture the full meaning of student comments, particularly when the feedback
conveyed nuances or implicit sentiments. In contrast, ML algorithms, particularly ANN, performed
significantly better, capturing both the explicit and subtler aspects of student feedback. This
highlights the advantages of ML techniques in handling complex educational data, where context

and sentiment often play a critical role in analysis.

By applying an Al-generative tool to analyze the same dataset, we found that the results closely
aligned with those of the lexicon-based approach, with only a small margin of difference between
the two methods. This consistency underscores the potential of Al tools in educational research, as
they can process and analyze large volumes of qualitative data with high accuracy. Moreover, Al's
ability to provide cohesive insights from feedback reinforces the value of integrating Al into

educational research and data analysis processes.

Another critical aspect of this research was the validation process, where we assessed the
robustness and reliability of the competency model derived from the literature, by comparing it
with findings from data analysis using TM algorithms. Specifically, the use of TM techniques such
as LDA and BERTopic allowed us to validate our model, by examining whether the competencies
identified in the literature are genuinely reflected in student perceptions. Through the validation
process, our model proved highly effective in capturing student sentiments regarding key
competencies such as Empathy, Presentation, Communication, and others. Furthermore, ML and
TM techniques enhanced our understanding of how these competencies are perceived in practice,
providing additional validation for the competency framework and its applicability in real-world

teaching conditions.

Overall, our findings confirm the importance of teaching competencies and how they can be

measured through innovative methods such as SA and tools based on ML. We observed that a wide
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range of competencies plays a critical role in shaping students' educational experiences. However,
it is also evident that certain competencies, such as digital competence, still require further
attention and development in both research and practice. The findings of this study highlight the
need for ongoing efforts to redefine teaching competencies in HE aiming to adapt to the ever-
evolving landscape of education and technology. In conclusion, this study provides valuable insights
into how students perceive teacher competencies and how these perceptions can be captured and
analyzed through advanced data analysis techniques. The findings emphasize the importance of
leveraging student feedback, particularly open-ended comments, to gain a more comprehensive

understanding of teaching effectiveness.

As educational institutions continue to navigate the complexities of education in contemporary
society, it is essential to recognize the value of competencies beyond traditional frameworks and
to integrate emerging competencies, such as digital literacy, into teacher development programs.
By doing so, institutions can ensure that their educators are well-equipped to address the

challenges of a rapidly evolving educational environment.

5.3. Limitations and implications

While this study provides valuable insights into teacher competencies through the analysis of
student feedback, several limitations must be acknowledged. First, the data collection process was
limited to student feedback within a single university setting. Although this dataset yielded
significant findings, expanding the scope to include multiple courses at a number of educational
institutions with varying characteristics—such as semester, subject area, and course difficulty—
would allow for more reliable conclusions. A broader dataset would also enhance the
generalizability of the results, offering a more comprehensive understanding of teacher

competencies across diverse educational environments.

Second, the reliance on open-ended student feedback introduces an inherent limitation, as not
all competencies can be easily articulated or identified by students. Competencies such as
“Diligence” or “Digital Literacy,” which involve consistent effort, persistence, or technological
proficiency, may not be explicitly expressed unless students directly observe or experience their
presence (or absence) in teaching practices. This highlights the potential constraints of relying solely
on student perspectives to determine competencies. Future research could address this gap by
incorporating complementary data sources, such as interviews with educators, academic

administrators, or policymakers, to establish a more holistic framework.

Another limitation relates to the language choices in our study. The data, consisting of student

comments, were initially collected in their native language, Greek, to ensure the authenticity of
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sentiment and meaning. However, due to the use of the VADER lexicon, which is optimized for
English text, all responses had to be translated into English by certified translators. While every
effort was made to ensure accuracy in translation, nuances of sentiment and meaning may have
been misrepresentedduring this process. Although multilingual sentiment lexicons could be
explored in future studies, the decision to use VADER was based on its proven reliability and

accuracy in SA.

Regarding methodology, this study dealt with the challenge of employing specific ML algorithms,
such as Artificial Neural Network (ANN) and Random Forest (RF), alongside the VADER lexicon-
based SA approach and the LDA and BERTopic algorithms for topic modeling, as well as the K-
Nearest-Neighbors (KNN) and SVM classification algorithm. While these approaches provide
meaningful insights, they do not exhaust the full spectrum of ML techniques or available lexicon-

based methods.

From a practical perspective, the study focused on a framework of general teacher
competencies, excluding other areas of expertise that are equally important. In this study, however,
in an effort to maintain a homogeneous base of teacher competencies, inclusion of domains of

expertise was avoided.

Despite the limitations outlined above, this study has significant implications for research in the
rapidly developing field of education, as well as practical and social implications, which are

summarized as follows:

e Research Implications: The findings of this study highlight the importance of student
feedback as a valuable source for evaluating and improving teaching practices. By
identifying competencies that students value, educators and institutions can enhance their
approaches to improve teaching effectiveness and align instructional strategies with
student needs. However, the study also emphasizes the need for a multifaceted approach
to competency evaluation, incorporating diverse perspectives to ensure a more

comprehensive assessment.

e Practical Implications: The development of a structured teacher competency framework
provides a useful reference for improving the quality of HE in multiple domains. Such a
framework can inform teacher recruitment, professional development initiatives, and
national education policies aimed at ensuring teaching excellence. Moreover, it facilitates
dialogue among stakeholders—including educators, policymakers, and academic

administrators—on quality assurance and evaluation processes in education.
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e Social Implications: By focusing on the competencies not only valued by students but those
integral to the learning process in a rapidly evolving world, this research supports the
development of engaging and supportive learning environments that positively influence
educational outcomes. In addition, teacher competencies play a central role not only in
fostering effective teaching and learning environments but also in preparing individuals to
contribute meaningfully to the labor market and society. Subsequently, a community
equipped with essential skills and values is better positioned to proactively address

challenges, driving social progress and achieving optimal outcomes.

5.4. Recommendations and future research

Based on the findings of this study, potential research that could further contribute to enhancing
teaching quality and learning outcomes emerge. First, future research should focus on designing
and implementing a more holistic framework that captures a broader range of teacher
competencies and explores their relationship with the students' academic achievements. This
expanded approach could address competencies that may currently be underrepresented or
overlooked due to the absence of their identification. By incorporating them into academic
frameworks, a more comprehensive and nuanced understanding of teaching effectiveness can be

developed.

Additionally, further exploration of methods for measuring teaching competencies and utilizing
student feedback is necessary. While this study demonstrated the value of using ML algorithms and
TM techniques to analyze open-ended textual data, future research should incorporate and
compare additional advanced methods. More specifically, this includes hybrid approaches, aspect-
based SA, and Al-based systems specifically tailored to the field of education. By evaluating the
performance of the various techniques that emerged from this research, scholars can identify the

most effective and accurate tools for extracting information from untapped textual data.

Furthermore, the integration of Al chatbots represents a promising avenue for simplifying the
analysis process. These tools could automate the collection, categorization, and interpretation of
large volumes of student feedback, allowing institutions to gain valuable insights in a timely and
systematic manner. It should also be mentioned that future studies need to explore the feasibility
and reliability of such systems, assessing their ability to streamline feedback analysis while

maintaining accuracy and consistency.

A further critical recommendation is to broaden the scope of student feedback analysis to
include different education contexts, encompassing various courses, disciplines, and institutions.

By analyzing larger and more diverse datasets, researchers can uncover patterns and relationships
164

Institutional Repository - Library & Information Centre - University of Thessaly
11/09/2026 19:56:01 EEST - 216.73.216.250



that may vary across different cognitive domains, course difficulties, and student demographics.
This broader perspective would not only validate existing findings but also highlight potential

opportunities for improving teaching practices.

Lastly, raising awareness within the educational community remains a key priority. It is vital that
institutions and educators recognize that vast amounts of textual data from student feedback are
often collected but remain underutilized. Promoting the value of tapping into this resource will
encourage collaboration between researchers, policymakers, and educators, fostering a culture of

evidence-based decision-making aimed at enhancing the quality of teaching and learning.
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1. Dervenis, C., Fitsilis, P., & latrellis, O. (2022). A review of research on teacher competencies

in higher education. Quality assurance in education, 30(2), 199-220.

Publisher: Emerald Publishing
Status: Published

Abstract: The purpose of this paper is to thoroughly assemble, analyze and synthesize
previous research in order to investigate and identify teaching staff competencies derived
from the roles and tasks attributed to university professors. In this literature review, we
looked at both the conceptual framework exploring the educational concepts and the
learning theories focusing on teaching staff roles and competencies in higher education.
Thirty-nine (39) scientific papers were studied in detail from a total of 102 results, which were
eligible based on the PRISMA Statement. A multi-dimensional approach to teacher
competencies in higher education was proposed, which consists of 6 main dimensions with
their respective characteristics. Thirty-three (33) discrete teaching staff competencies were
identified and distributed in the aforementioned dimensions. The research revealed that
specific competencies, such as the digital competence of teachers, which have lately become
of high importance worldwide due to the COVID-19 pandemic implications, surprisingly, until

recently they were considered secondary in the educational process.

2. Dervenis, C., Kyriatzis, V., Stoufis, S., & Fitsilis, P. (2022, September). Predicting students'
performance using machine learning algorithms. In Proceedings of the 6th International

Conference on Algorithms, Computing and Systems (pp. 1-7).

Publisher: ACM
Status: Published

Abstract: Learning analytics (LA), defined as “the measurement, collection, analysis and
reporting of data about learners and their contexts for the purposes of understanding and
optimizing learning and the environments in which it occurs”, is a research topic that has
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data management provide timely and actionable information that can transform the overall
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exploit the huge amount of data derived from student feedback, and in particular the
comments on open-ended questions, constitutes a huge challenge for both universities and
researchers. In this study, we use SA methods to measure teachers’ communication
competencies. Utilizing the data of over 700 feedback comments from students of our
university, we assessed specific competencies through the sentiment intensity that these
comments contained. The model designed for the SA, as well as the entire experimental
phase, were implemented using an open source data mining and visualization platform. Our
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comments. A discussion about our research findings offers valuable insights into the

potential of our approach regarding assessing teacher competencies in the teaching domain.
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guestions aiming to extract emotions and opinions conveyed within their messages. Our
research goal is to ascertain the most efficient approach to tackle this difficult task by
conducting a comparison of SA methods, including Machine Learning (ML) and lexicon-based
models. Both lexicon-based and ML approaches were implemented using an open source
data mining platform while also utilizing student comments submitted at the end of academic
semesters. Our study reveals a promising approach that effectively addresses the issue at
hand, particularly within the domain of educational data. Additionally, it emphasizes the key
aspects that led to the selection of this approach effectively highlighting the weaknesses and

strengths inherent in each method.
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Appendix B — Generation of a 3x3 Confusion Matrix using

Python Code

# Script to plot a 3x3 confusion matrix using the seaborn library
import seaborn as sn
import pandas as pd

import matplotlib.pyplot as plt

# Copy the incoming data into a new DataFrame
my_data = in_data.copy()

df = pd.DataFrame(my_data)

# Initialize variables for the classification results (confusion matrix cell values)
# POS = Positive, NEU = Neutral, NEG = Negative

# The variables represent the count of each classification outcome
POS _x POS =0 # True Positive: Predicted POS and Actual POS

POS_x_NEU =0 # False Positive to Neutral: Predicted NEU but Actual POS
POS_x_NEG =0 # False Positive to Negative: Predicted NEG but Actual POS
NEU_x_NEU =0 # True Neutral: Predicted NEU and Actual NEU
NEU_x_POS =0 # False Neutral to Positive: Predicted POS but Actual NEU
NEU_x_NEG =0 # False Neutral to Negative: Predicted NEG but Actual NEU
NEG_x_NEU =0 # False Negative to Neutral: Predicted NEU but Actual NEG
NEG_x_POS =0 # False Negative to Positive: Predicted POS but Actual NEG

NEG_x NEG =0 # True Negative: Predicted NEG and Actual NEG

# Traverse the DataFrame row by row and calculate confusion matrix values
for index, row in df.iterrows():
# Check the actual and predicted values and update the corresponding cell
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if row[0] == 2: # Actual is POS
if row[1] == 2: # Predicted is POS
POS_x_POS +=1
elif row[1] == 1: # Predicted is NEU
POS_x_NEU +=1
else: # Predicted is NEG
POS_x_NEG +=1
elif row[0] == 1: # Actual is NEU
if row[1] == 1: # Predicted is NEU
NEU_x_NEU +=1
elif row[1] == 2: # Predicted is POS
NEU_x POS+=1
else: # Predicted is NEG
NEU_x NEG+=1
elif row[0] == 0: # Actual is NEG
if row[1] == 0: # Predicted is NEG
NEG_x_NEG += 1
elif row[1] == 2: # Predicted is POS
NEG_x_POS +=1
else: # Predicted is NEU

NEG_x_NEU +=1

# Create a 2D array representing the confusion matrix

array = [
[POS_x_POS, POS_x_NEG, POS_x_NEU], # Row for actual POS
[NEG_x_POS, NEG_x_NEG, NEG_x_NEU], # Row for actual NEG

[NEU_x_POS, NEU_x_ NEG, NEU_x_ NEU] # Row for actual NEU
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# Convert the confusion matrix array into a DataFrame for visualization
df_cm = pd.DataFrame(array, index=["POS", "NEG", "NEU"], # Actual values

columns=["POS", "NEG", "NEU"])  # Predicted values

# Plot the confusion matrix as a heatmap using seaborn

sn.heatmap(df_cm, annot=True, cmap="crest", linewidth=.9, fmt=".0f")

# Initialize variables for performance metrics
Accuracy_ALL=1.0
Precision_ALL=1.0

Recall_ALL=1.0

Accuracy_POS=1.0
Precision_POS=1.0
Recall_POS=1.0

F1_POS=1.0

Accuracy_NEG=1.0
Precision_NEG = 1.0
Recall NEG=1.0

F1_NEG=1.0

Accuracy_ NEU=1.0
Precision_NEU =1.0
Recall NEU=1.0

F1_NEU=1.0

187

Institutional Repository - Library & Information Centre - University of Thessaly
11/09/2026 19:56:01 EEST - 216.73.216.250



# Calculate metrics for the Positive class (POS)

if (POS_x_POS + POS_x_NEG + POS_x_NEU) !=0:
Accuracy_POS = POS_x_POS / (POS_x_POS + POS_x_NEG + POS_x_NEU)
Precision_POS = POS_x_POS / (POS_x_POS + POS_x_NEG + POS_x_NEU)
Recall_POS = POS_x_POS / (POS_x_POS + NEG_x_POS + NEU_x_POS)

F1_POS = (2 * Precision_POS * Recall_POS) / (Precision_POS + Recall_POS)

# Calculate metrics for the Negative class (NEG)

if (NEG_x_NEG + NEG_x_POS + NEG_x_NEU) !=0:
Precision_NEG = NEG_x_NEG / (NEG_x_NEG + NEG_x_POS + NEG_x_NEU)
Accuracy_NEG = NEG_x_NEG / (NEG_x_NEG + NEG_x_POS + NEG_x_NEU)
Recall NEG = NEG_x_NEG / (NEG_x_NEG + POS_x_NEG + NEU_x_NEG)

print(Precision_NEG)

if (Precision_NEG + Recall_NEG) !=0:

F1_NEG = (2 * Precision_NEG * Recall_NEG) / (Precision_NEG + Recall_NEG)

# Calculate metrics for the Neutral class (NEU)

if (NEU_x_NEU + NEU_x_POS + NEU_x_NEG) != 0:
Precision_NEU = NEU_x_NEU / (NEU_x_NEU + NEU_x_POS + NEU_x_NEG)
Accuracy_NEU = NEU_x_NEU / (NEU_x_NEU + NEU_x_POS + NEU_x_NEG)
Recall_NEU = NEU_x_NEU / (NEU_x_NEU + NEG_x_NEU + POS_x_NEU)

F1_NEU = (2 * Precision_NEU * Recall_NEU) / (Precision_NEU + Recall_NEU)

# Calculate overall metrics
Accuracy_ALL=(NEU_x_NEU + NEG_x_NEG + POS_x_POS) /\
(POS_x_POS + POS_x_NEU + POS_x_NEG + NEU_x_NEU +

NEU_x_POS + NEU_x_NEG + NEG_x_NEU + NEG_x_POS + NEG_x_NEG)
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Recall_ALL = (POS_x_POS + NEU_x_NEU + NEG_x_NEG) /\
(POS_x_POS + NEU_x_NEU + NEG_x_NEG + NEG_x_NEU + POS_x_NEU +

NEG_x_POS + NEU_x_POS + NEG_x_NEU + POS_x_NEU)

# Generate a result string containing the metrics

res = "Overall Accuracy: " + str('%.4f' % Accuracy_ALL) \
+", Overall Recall=" + str('%.4f' % Recall_ALL) + "\n" \
+"POS: Accuracy=" + str('%.4f' % Accuracy_POS) \
+", Recall=" + str('%.4f' % Recall_POS) \
+" F-1=" + str('%.4f' % F1_POS) + "\n" \
+ "NEG: Accuracy=" + str('%.4f' % Accuracy_NEG) \
+", Recall=" + str('%.4f' % Recall_NEG) \
+" F-1=" 4+ str('%.4f' % F1_NEG) + "\n" \
+ "NEU: Accuracy=" + str('%.4f' % Accuracy_NEU) \
+", Recall=" + str('%.4f' % Recall_NEU) \

+" F-1="+ str('%.4f % F1_NEU)

# Add the result string as text to the plot

plt.text(x=0, y=0, s=res)

# Display the plot

plt.show()
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Appendix C — BERTopic Implementation Using Python in
Google Colab

pip install bertopic[flair,gensim,spacy,use]

pip install advertools

pip install pandas openpyxl

# Importing libraries

from bertopic import BERTopic

import pandas as pd

import advertools as adv

from transformers import AutoModel, AutoTokenizer

from sklearn.feature_extraction.text import CountVectorizer

from bertopic.vectorizers import ClassTfidfTransformer

# Reading the Excel file

df = pd.read_excel('/content/drive/MyDrive/07 PhD/O_RESEARCH/Topic Modeling Student

Perspective for Teaching excellence/Real_Comments.xlsx')

# Reading my data from the 'data_column' in the Excel file provided to me.

docs = df['comments'].tolist()

# Loading multilingual BERT model
multilingual_model = AutoModel.from_pretrained("bert-base-multilingual-cased")

tokenizer = AutoTokenizer.from_pretrained("bert-base-multilingual-cased")

# Creating BERTopic model
greek_stopwords = sorted(adv.stopwords|'greek'])
vectorizer_model = CountVectorizer(stop_words=greek_stopwords)
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# Guiding the analysis model towards specific topics.
# | am using specific words (seed words) that act as initial indicators to
# direct the model to identify topics that are more relevant to what we are

# interested in.

ctfidf_model = ClassTfidfTransformer(
MoAU Alyeg €xelg wg seeds!

seed_words=["teacher", "late", "difficult", "communicative", "capable", "digital", "posting"],

seed_multiplier=10

# Creating BERTopic model with a specific number of topics

topic_model = BERTopic(embedding_model=multilingual_model,

vectorizer_model=vectorizer_model, language="greek", ctfidf_model=ctfidf_model)

# Fitting the model to the documents
topics, probs = topic_model.fit_transform(docs)

topic_model.get_topic_info()

from gensim.models import CoherenceModel

from gensim.corpora.dictionary import Dictionary

# Extracting the topics in the form of a list of words
topics = topic_model.get_topics()

topic_words = [[word for word, _ in topics[topic]] for topic in topics]

# Converting the documents to tokens for Gensim
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tokenized_docs = [doc.split() for doc in docs] # Splitting the comments into words

# Creating a dictionary and corpus for Gensim
dictionary = Dictionary(tokenized_docs)

corpus = [dictionary.doc2bow(doc) for doc in tokenized_docs]

# Calculating the Coherence Score using c_v

coherence_model = CoherenceModel(topics=topic_words, texts=tokenized_docs,

dictionary=dictionary, coherence='c_v')

coherence_score = coherence_model.get_coherence()

print(f"Topic Coherence Score: {coherence_score}")
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