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MepiAndn

To Text Simplification eivon évag avepydpevog Topéac tou Natural Language Prossesing(NLP).
Yy epyaocio auty| Yo acyornolue ye tov Touéa autd xan cuyxexpéva e to Text Clas-
sification. Yov topéac to Text Classification nepiéyet ta e&hc Prgartor 1)ty emhoyn evée
Corpus, 2) v npoeneepyooio tou Corpus awtol, 3) TNV eoywYN YUEIXTNELOTIXOY aTtd TO
Corpus, ta omola 5ty vouv TNV TOAUTAOXOTNTA UE BLAPORETIXOVE TEOTIOUG TO XUEVA, Xt TENOG
4) tnv exnaidevon Classifier tévew oto Corpus yio Ty xahbtepn ntpdBhedn tne ToAvThoxdTn-
To¢ Tou. ‘Oha tar mopamdvey Briyator Yo Tar avaAOGOUUE OE ERYAGIEC OL OTOIEC ATy OAOUVTOL
ue Tov Bo ywpo tou NLP xou Yo o nepapotiotodpe pe autd. Téhog, Yo cuyxpivouue ta

ATOTEAEGUOTA MO UE AUTA GAAWY EpYOCI®Y ot auTd To Tedio Tou NLP.



[IodAoyog kot Evyaprotiecg

H mapotoa Ituytaxn Epyaocta extoviinxe xotd to étog 2023 - 2024 oto mAaloLo TV TROT-
TUYLOXWY oToudWY pou 6to Tuhuatog [IAnpogopuic tou loviou Iavemotruov.

H epyaoio nparypotonominxe und ty enlBredn tne xo. Kdmio - Avda Kepuavidou, Avarninee-
teta Kardnyrreia tou Tunuatog ITinpogoprc tou Toviou Havemotnuiov, ye cuvepydtes Tov
%x. Ocguotoxhy Elopyo, enlong Avaminewty Kodnynty tou Turuotog ITinpogopixic tou
Ioviou Iavemotnuiou xou tov x. Kavoo Avopéa, Avaminewtr Kodnynth tou Tuduatog
[Ihneogopuric Tou Toviou Iavemotnuiov.

Avtixelyevo g epyaoioc anotehel n " Xpron epyohelwy Mnyovixic Mddnone (Machine
Learning) xou I'\woowic Teyvohoyioc (Natural Language Processing) yia tnv amhomnoinon
xewévou (text simplification)”. Xuyxexpiuévo aoyohobuacte oto Text Classification, uépog
Tou touéa Tou text classification.

Képxupa, 25/9/2024

ITouihc ANEEavBpog
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KegpdAharo A
Eitooyeyn

o Natual language processing (NLP) eivor xoppdtt evoc avepyOUevou topéa, o
oTolog UEYUANDVEL UE OAO XU TEPLOGOTEPOUS EPELVNTES VO TOV UEAETAVE Xdde Uépa
[1]. O topéac tou NLP éyer avantuyldel pye v ndpodo tou ypdvou xou ol epe-
UVNTEC TOL avamTOOGOLY €pYaAeia Yot TOMAES xon OLdPORES YpENoelS, HE Ui amd auTég va
elvon o Text Simplification. O otéyo¢ tou Text Simplification elvon 1 avdntuéy epyaheiwy
To. ontolal AMAOTOLOVVE €Val XEIUEVO (OGTE GTOUA PE YUUNAOTERO ETUNEDO YVWONG NG YAWOOW
TOU XEWEVOU VO UTOPOUY VoL XATAVONCOLY TO XElUEVO Ue YeYahlTeERT) euxOAla. e auThY TNV
TTUYLAXT EpYaoia HEAETATOL €val U€pog Tou Touéa auTol, ouyxexpéva To Text Classifica-
tion. YXxomndg tou Text Classification etvan vo fonidel ye to va xodopilel To molo xeluevo

YeetdleTan amhomolnam xou ToLo XEUEVO EiVaL ATAOTONUEVO UEXETA.

A.1 Amrnloroinorn xeipuévou

To Text Simplification €yel w¢ xOplo 6ToY0, dToua Ta omola O UAAVE TN YAWCOA TOU XELUE-
VOU GOV UNTEWXT TOUS YAWooo, xoog cuvidwe autol eivan ol dvipwrot Tou yeetdlovton éva
epyaielo oav autd mepilocoTepo. Eva pueydho puépog Twyv peuvdy Yivete Tdve oTa AyyAixd
XL YL auTOV Tov AOYo ToAAES epyaciec €youv avamtiZel €vay GpO YLoL VO OVOPECOVTAL OE
aUTH TV opdda atduwyv we ESL(English as Second Language) Learners [2]. Trdpyouv xou
epyaoieg ol omoleg epeuvoLy pyaAelor Xou Yot GAAES YAWOOES OTWE YLl TUPAOELY U AUTH 1) EQ-

yaoia n onola aoyohidnxe ye ta lonavind cov Yhdooo Tou xewévou [3], o yevixds bpog mov
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avary VplleTe and Toug epeuvnTég o€ auth TNy Tepintwon elvon Second Language (L2) [4]. To
Text Simplification ota Aéylo Twv cuyypapény Tng mapoxdtw epyooiog [5], unopel va nep-
EYEL " TOV YWELOUO TOU XEWEVOU OE AEEEWY Xou TNV ovadLdTodT) TOUS” ARG Xl OV TIXATAC TACT)

1) SLorypapy) AEEEWY VLol TNV TOEAY WY LIS ATAOTONUEVNS TEOTAOTG.

A.2 TJTloAunAoxotnTot XELWEVOUL

H mohumhoxdtnto evog xewwévou dev elvar xdtL to onolo eivon ebxolo va npofiédouye pe
xehon ohyopiduwy Machine Learning(ML). H trolumhoxétntd oe éva xelpevo €pyeton o€ TOA-
hoUg xou Sudpopoug mapdyovteg. Mepixol and tou mopdyovieg autols elvon yiol TapdOELY oL
N Xenon mohimAoxwy AéEewv, 1| To TOCO PeYdAn clvan plo mpdTaoT), xon moAlol epeuvNTES
TeooTotolY Vo Bpouy ToV xaAOTERO GUVBUAGUO PETEIXMY Yia TNV TeOBAedn Tng ToAUTAOXOTN-
Tag ouThS. Auto ebvan €va ohvieTto TEOBANUL, To omolo axdua Sev Exel Audel ue véoug TOmoug
X0l VEEC UETEIXES VO AVOXUAUTITOVTOL UEQOL UE T1) Uépal xou e Tig TpoPiédels va yivovtow 6lo

%o oo oxpBelS.

A.3 Ilapaywyr Corpus yia tny nedBAedn toAuTAoxoTNTA

XELLEVOL

Ytov topéa tou Text Classification extéc and tnv €pguva VEWY UETEIXWY YLl TNV TEOBAEdN
TOANUTTAOXOTNTOC UTEEY 0LV %ot dAAa e€lcou onuavTixd Yéuota. "Eva and autd eivon n naporywy
evog apxeTd yeydhou Corpus To omnoto elvon cwotd Tadvounuévo. Evoc yeydhog mapdyovtag
o onolog mpoc¥€tel 6T Buoxohio auTH elvon To OTL xde xetuevo meénel vo tadivoundel pe To
YEpL amd dTOHA UE EWOLXY) YVOOT Yol TNV EYYUNOT WO TAC ToCVOUNCTC OTWS AVAUPERETE Kol
ev ohlyolc €8¢ [6]. Enione, undpyet xou 1 duoxolio culhoyhc evic apxetd peydrou Corpus

70 omolo Vo TEPIEYEL TOLOTIXG XElUeEVO Yiol TNV exntaldeucy| Tou ML x@owxo.



Kegpdharo B
Mnxovik®y M&Onon

0 ML ocav déa, olugponve pe Ty mopaxdtew epyooio [7], Zexivnoe pe tov Frank
Rosenblatt and to Cornell University. O mpdtog alydprdpog tou clugwvo ue
NV (Bl epyacio ovoudotnxe " Perceptron”, évog akydprduoc o onolog avoryviplle
yedupoto. H Boow déa tou ML, tnv omola avépepe xar o Simon to 1983 clugpuva ye tnv
epyaoio [8], etvon 1 exnaideuon evoc olydpripou pe dedopéva ta omtola Eyoupue cUMEEEL WoTe

o Classifier va "pddet” and avtd xou va puropel va tpoBiédet anotéheopd [9].

B.1 Egopuoyr tng Mnyovixrie Mddnong yia tnv npdl-

Aethn TOALTAOKOTNTA TEOTACEWY

Yy epyooia auty yenowonotobue To ML xdvovtoag e€aymyr| yYoapaxtnelo Ty, o Loppt
aptdumy, yio va "exnawdedoovye” otov Classifier. O Classifier autoc petd Yo dnurovpynoet
EVOL OTATIOTIXG HOVTEAD X0 Vot TO TEOCUQUOCEL HOTE UE T BEBOUEVIL AUTA VAL EYEL TO XANVTERO

OLVATO TOCOGTO CWOTWY TEOPAEPEMV.



KepdAhoro C
[lapdporec Epyoaoiecg

v ouvéyel Yo avohloouue pepixéc epyaotec otov topéa tou Text Clasifica-
tion. Ytoyog tou xeporalou autol eivon va deiloupe 0 pedodoroyio yall e to

anoterécpata xdde epyaociac.

C.1 OneStopEnglish corpus: A new corpus for automatic

readability assessment and text simplification

H epyaotac auth| dnuootebtnxe to 2018, pe ouyypageic Toug Sowmya Vajjala xou Ivana Lucic
[2]. Kploc oxond e epyaoiog authc elvon va avadeiZel évar Corpus to onolo dnulovpynooy

oL ouyypagel, yia T yerjon tou otov Touéa Tou Text Clasification xou Simplification.

To Corpus mou dnutovpynoay etvor plor GLUAAOYY amd Xelpeva BNUOCIEVUEVA GTNY LG TOCEALDA
onestopenglish.com, yia 16 tooehido otoyeuuévn otoug ESL learners mou avagpépope xat mopo-
mdve. H iotocellda auth| el podfpota ota onolo €youy amhomoinel xeluevo dnuocieuuéva
oe epnuepldeg, omwg To "The Guardian”, and Wixole ot 3 SpopeTnd enineda Suoxolag,
Elementary, Intermediate xou Advanced. H oculhoyn mepiéyet xelpyeva mou Snuoctebtnxoy
otnyv meplodo 2013-2016 xou to xeluevo ye ™ peyahlTepn duoxoiia elivon o xelpevo molo
XOVTA 0TO TPWTOTUTO TO omolo Thpav amd Ti¢ epnuepldec. To Corpus mepiéyel 2166 Ledyn
TEOTACEWY. LT cuvéyela Yo del€ouue éva Topddelypo (elyn TEOTACENY HECO EVOC GYNUATOG

T0 onolo mipope and auth TV epyacia [2] uéow evédg mivaxa C.1.
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ITivoaxog C.1: Ilapdderypa Lebyog mpotdoewr touv Corpus OneStopEnglish [2].

ITpbtaon Eninedo dnoxoliag npdTaoT

Amsterdam still looks liberal to tourists, who were recently assured Advanced
by the Labour Mayor that the city’s marijuana-selling coffee shops
would stay open despite a new national law tackling drug tourism.
But the Dutch capital may lose its reputation for tolerance over
plans to dispatch nuisance neighbours to scum villages made from

shipping containers

To tourists, Amsterdam still seems very liberal. Recently the city’s Intermediate
Mayor assured them that the city’s marijuana-selling coffee shops
would stay open despite a new national law to prevent drug tourism.
But the Dutch capitals plans to send nuisance neighbours to scum
villages made from shipping containers may damage its reputation

for tolerance.

To tourists, Amsterdam still seems very liberal. Recently the Elementary
city’s Mayor told them that the coffee shops that sell marijuana
would stay open, although there is a new national law to stop drug
tourism. But the Dutch capital has a plan to send antisocial neigh-
bours to scum villages made from shipping containers, and so maybe

now people wont think it is a liberal city any more.

21N ouvéyelo UEAETOUVTOL Tol YopoxXTNEWOTIXd ou Yo yenowonoindolv yio to Text Clasi-
fication. Ouv cuyypageic apyRlouy pe To YaUPUXTNEIGTIXE To OTOld AVOPEROUY KOS ~ XOLVd.
yoeaxtnelo Txd” yio Tov Topéa. To yopaxtneloTixd autd nepiéyouy tov apliud Aélewy, To
Flesch-Kincaid Grade Level, to TTR(Type-token ratio) xou tov oprdué pnuotixdv, ovouao-

TGOV Xl TEOVETIXWY PEACEMVY.

"Totepa xS To THUPATAVE YOPUXTNELOTIXG OEV Elvol dpXeTE HoOVA TOUC Yia TNV TeoBAedn
NG Buoxohlag yenowonoinooy YoeoxTNELGTXG Tou elval cUY VA ueTay el OUEVOL ATtO EQEUVEC
otov Topéa Tou readability classification, 6mwe to n-grams. To n-grams elvan plor oelpd
OmO N YELTOVIXOUG YUPUXTNPEES %ol CUYXEXPLEVO Yenowonoimoav to Word n-grams, Pos

n-grams(Part of Speach) xou character n-grams. Erniong, éxavav yprion evoc epyaheiou
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ev ovopatt ”Stanford parser” yia Vo amOXTACOUV TOUC CUVTAXTIXOUSC XAVOVES TOROYWYNS

TEOTACEWY X TI¢ Oyéoelg e€dpTnong and To (Blo epyaheio.

To anoteréopota ToU avESEEY YPNOLLOTOUDVTAUS UOVO OUTH Ta YUpaXTNEloTixd Oty vouy To
OTL TO YOEUXTNELOTIXO oL TEOPBAETEL xaAUTERY Tor amoTeréoyata lvar To character n-grams
we 77.25% axpiBero. Autéd Yo govel molo avolutixd otov mopaxdte ivaxa C.2 mou delyvel

oxpBoc TIC TWéS oL Topovaiacay oty epyacia Toug [2].

ITivaxag C.2: Ilivaka§ mapovoiaong amoteleopdtwy Twvy XapakTnplioTiKoy ToU Xpnol-

ponowdvtar atov touéa tov readability classification otnv epyaoia [2].

XapaxtneloTixd AxpifBeia
Word n-grams 61.38%
POS n-grams 67.37%
Char n-grams 77.25%
Syntactic Production Rules 54.67%
Dependency Relations 27.16%

Yuveyllovtag ol gpeLVNTES AMOPACIONY VoL XAVOLY YENOT KoL YOQUXTNPIO TIXWY TOU YETNOl-
womotovvtar otov topéa tou ARA (automatic readability assesment). Mepixd tor avapépope
xan apamdve omwe o TTR. Ta yopoxtnoioTind oe autd T0 Pépog Tng epyaciog avagpépovtal

S TEOG TNV XATNYO0plol TOUS X0t OYL OVOUACTIXY OTOTE £ToL Vo Tal AVOPEPOUUE Xou EUELC.

Apynd avapépovton 6T Yeror T TUpaBOCLaXMY  YUQUXTNELOTIXMY Xol TUTKY” Tou €Youyv
xenotonomiel lotopxd otov topéa Tou ARA. Metd amd autd Ypnotuonolody YopoxTneto Tixd
nou Booilovtan oto PoS tagging poli ye to TTR xau Stapopetind yopoxtneto Tid Ae&hoyixhc
Topod Aoy g, “Totepa avagépouy 6Tl yenoulomoinoay yopaxtnelo Txd mou Bacilovtal oe psy-

cholinguistic databases, constituent parse trees, ahhd xou yoEoXTNEOTIXG AGYOU.

Téhog delyvouv ta anoteréopata otov mapuxdtw nivoxa C.3. Ta mopoxdtew anoteAéopata
éywvav pe tov Sequential Minimal Optimization(SMO) classifier xaw cuyxexpiuéva ye linear

kernel.
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ITivaxag C.3: Ilivakas mapovoiaons anoteAeoudtwy pe tny xpnon tov SMO Clasifier
oty epyaoia [2].

Opdda yapoaxtneio- Apldudg YApaXTINELOTIXOY TNV ouddas Axpifeia

Tl

Traditional 10 58.5%
Word 10 67.19%
Psycholinguistic 11 52.02%
LexVar, POS 29 72.48%
Syntactic Features 28 73.89%
Discourse Features 67 63.66%
Total 155 78.13%

To amoteléopato autd oe mapodpoles epyooiec atov touéa tou ARA eivor xovtd oto 90%
ahhd eTtlong oL cuYYpapelc avagépouy xal To OTL elvon Tolo BUoxoAo va yivel To classification

vt xetpevo (dtou Yéuatog amhd SlapopeTinig dUoXOMAC.

X1 cuvéyewa avaépouy xal Ta aroteréopata Toug Yio To Corpus otov Topéa Tou Text Sim-
plification. ' Tnv a&lohdynom Tou Touéa aUTOY YENOWOTOLOUYTOL SLUPORETIXES UETPIXES ATO
™V oxpifeia, ouyxexpéva 2 @opuouieg ev ovopatt BLEU xar METEOR score. X0ugwva ue
TOUg CLYYEAPELS €va score Tave amd 50 xou 0T 2 UTOVOEL OTL 1) TEOTAGT| TTOL ToEAYVNXE ATO
TOV XWX lvon xaTtavonTy otov yerotn. Me autd 6to vou to BLUE score tng epyaoto Atay
070 54.45 xa To METEOR score ftav 46. Xuyxplvovtag pe \on undpyovta anoteAéouata
a6 pio dAAN epyaoio mou elyav BLUE score 88.85 unootnpiCouv 6Tt Tar anoteréopota eivon
hoywd xadde n dhn epyacio yenowonoinoe yovtého ue 300 yhddeg Lebyn meotdoewy, o€
obyxplon ue to 2166 Lebyn mpotdoewy tou OneStopEnglish Corpus.

Téhog, ouunepaivouv to 6TL T0 Corpus €lvar YEHOWO Yiol TN ¥EHOT TOU GE JAAESC Epyaoieg

otov touéa tou Text Classification xou Simplification, xdtt to onolo €youv dellel pe ta

TEATEVEG ATOTEAECUATAL.
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C.2 Text Simplification To Specific Readability Levels

H enduevn epyaoio mou Yo avolbooupe dnuooiedtnxe to 2023 and toug Wejdan Alkaldi xou
Diana Inkpen [10] xat éyel wg xUpto Véua to text simplification. H epyooio avtr yenot-
uornotel to Newsela Corpus o onolo onwe avagpépouv xou oL cuyypagpelc "neptéyel 10786
xelyevd oe emineda duoxoiiag amd 1o 0 g to 47, ye To 0 va elvon To oo BUGKONO WS
TEOC TNV XAUTAVONCY|. TN CGUVEYELWL Ol CUYYPApElC Exavay pla Sdixacio Tou ovoudleton
Sentence Alignment, otnv omola Beloxouv ta Lebyn TV npoTtdoewy and xdde eninedo xo To

7evduypopuilouv”, xadoe To xelueva Bev oy KON o€ TETOLL LORPY.

"Totepa pe to evduypouuopévo Corpus éxavay classify pe 80% train xou 20% test split,
dnhadr yenowonoinoayv 80% ya Ty exmoideucn tou akyopiduou xon 20% yio Ty o&lohbynon
tou. O akyderduoc mou yenowonoinooay yio awtd eivon o CNN(Convolutional Neural Net-
work) classifier, o SVM(Support vector machine) xou téloc o Random Forest(RF). Ta
amoteéoparta goivovton xohd e 85.69% vau eivan to uhniétepo anotéleoua otov CNN clas-
sifier C.4.

ITivaxoag C.4: Ilivakas napovoizong anoteAeoudtwr otny epyaocta [10]. To xval dev to

z /. / 7z V4 z /. . -
avdpepar to Tl €lvar otny epyacia kai pe Pd&ipo vrodétw to o efvar cross-validtion.

Corpus Classifier AxpiBeia
Training (xval) CNN 85.69%
Training (xval) SVM 81.02%
Training (xval) Random Forest  85.64%
Test CNN 85.52%
Test SVM 80.68%
Test Random Forest  85.48%

Y1 ouvéyelo ouveyiCouv ol cuyypagelc xau mdve oto Yéua tou Text Simplification 6mou
avapépouv Tov HOVTEAO Tou Yenotpornoinoay, ev ovéuatt ”Seq2seq(Sequence to Sequence)
with attention”. To povtého 6mwe avagépouv ol cuyypagpelc anoptilete and 2 Recurrent

Neural Networks (RNNs) éva to onofo to ypnoyonolotv cav Encoder xat éva ooy Decoder.
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Hopaxdte BAEmOLUE Eva Oy ua UE TO TUEABELYUO TOU €UV Xol Ol CLYYPEIUPEIC GTO OTtolo
polveTan 1) apytteExToVIXY| Tou poviehou. Koadoe otny epyacio autr o Yo aoyorniolue ue
Té€Tol LoVTEAX Var avapépe TO OTL TO YovTéNo Talpvel cav elcodo pio mpdTaoT xon divel cav
€€0060 plo dhAn. H petatponn tng xdde Aé&nc oe pop@n tnv omolo unopel vo enelepyaoTel TO

novtého elvon evowpatwpuévo pépog tou Encoder xan tou Decode.

Y = The cat sat on the mat Ceosd

ATENTION A Q gP A
\ 7 o Uk U\ T
ENCODER T ! \
eml:ecic!.ng + won'i&\

@'@“@‘@“@@ —— L L RERR

O OOLELY
g4 4
worddid + eml:ecldmg HS5 - T #sd NSE usq HSS uss
I
\ T N .\ 'T‘ » | DECODER /
X = The cat perchedd on The mal Y = (sos> The cat sat on the mad

Y1 ouvéyela oL ouyypagelc avalbouy xou dhha uéer Tou povtédou Onws to Reinforcement
Learning, Evaluation Method xou téhoc mpaypotonotolv o mewpdyato ye train/test split.
Yav amoteréopata xadog oL cuyypageic dnuiovpyoly 36 wovtéla, o Vo UTopEGOUYE VoL To
avolDoouUe 6Aa 0. O UeTpixég Tou yenotwomolinxay amd Toug cuyypapeic eivon to BLUE
To omolo avapépaye xon mapandve xou To SARIL To xolbtepo yovtélo toug yia xdie eninedo
duoxoMag elye ooy anoteréopota SARI 34.08 xoauw BLUE 76.47 yio to eninedo 1, SARI 32.51
o BLUE 68.69 vy to eninedo 2, SARI 33.24 xou BLUE 61.88 yia to eninedo 3 xou téhoc
SARI 33.24 xou BLUE 61.38 vyio to eninedo 4.

C.3 Automatic Classification of Text Complexity

H epyaota [1] dnpootedinxe to 2020 and touc Valentino Santucci, Filippo Santarelli, Lu-

ciana Forti and Stefania Spina ye otéyo va avtipetwnicouv to Véua tou Text Clasifica-
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tion aAAd yior TV Itodun) Yhwooo. To Corpus mou yenoiuomnoincoay ol cuyypeapeic eivon uio
cLAOYH and 692 xelpeva egetdoewy yio eninedor CEFR(Common European Framework of
Reference) B1, B2, C1, xat C2, to enineda 6mwe Yo oy guotxd talvouinxay ond eldixoie

oc auTd Tl eTimeda.

To xelpevo unéotnre enelepyocio xou cuyxexpyéva tokenization, PoS tagging, lemma-
tizatation, analysis of the morphological features, dependency parsing xou constituency

parsing.

e Tokenization elvon 7 Sladixacion ywELOUOU EVOC XEWEVOL TEOTUOY TR0 TEOTAGCT), AEEN
Tpog AEEM, yeduuo Teo yeduua. Tevixd €yel mohhéc poppés, ahhd otny gpyacio auTy
OTWE OVPEREOLY Xal Ol CLYYEAUPELS Ywpllouv apyLxd TEOTACT TEOC TEOTUOT XU UETA
AEEN mpog AEEM, 1 Braduxacior auTr elvon x4t Tou mEénel var yivel yiol T oy WY UEPLXDY

UETELXMV.

e Emdyevo Priua eivon to PoS tagging, oc autd to Brua Bdloupe oe xdde token, dnhadn
AEEM, TO Yépog Tou AOYOoUL GTO omolo avixel, Ty prud, enideto. Eivon xou autd Briua mou

yeetdleTon yiar TNV e€aywyY| HEPIXWY UETEIXMY OTWS TOV oL TV ENUATOY.

o Yav PrAua 3 €youue To lemmatization, 6mouv ctdyoC elvan va Bpodue To Afupo xdie

AEENC.

e "Totepa oL oLYYEAPelc avahlOLY Ta LOPPOAOYIXA YaEaXTNELOTIXA xdde AEENG Ty Ao

EVOC PAUATOC 1| TO YEVOS EVOC OUCLAOTIXOU.

4 7 . 7’ 4 z /4 7 2.
e Metd xdvouv to dependency parsing yio To onolo dnuLouEYolY €va BEVEP0 OToU (alve-

Tou o moto token emnpedletan and molo token.

o Kot téhog xdvouv autd mou amoxarolv constituency parsing, To onoto otny oucia yog
OElY VEL TIC TEOTACELS UE TN~ unTewr TpdTaon” va etvar 1 ptla Tou 8EVEpoL, oL EGLTERLXOL
xouPol elvon xouudtia Tig tpdTaoNg, Ty Vo umopoloe va elvon 1 eruatxd| @edon(verb

phrase), xou tar @OMa efvon xdde token.

Y1n ouvéyela ol cuyypageic avagépovton ota Numeric Linguistic Features ta onota ywpiCouv
oe pepixéc ouddeg, Raw Text Features, Lexical Features, Morphological Features, Morpho-

Syntactic Features, Syntactic Features xou Discursive Features.
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Ta Raw Text Features eivon yopoaxtnpiotind omwe apidudc mpotdoewy oe xde xeluevo,
aprduog MZewv oe xdle mpodTacy, apldude yopoxThewy avd AEEN xou aptiudg EexwELoTOY
Ae€ewv 670 xeluevo. Ol MeplocdTERES epYAOIES YPNOWOTOLOLY EVay GUVOLAOUS ATd oUTE ToL
YOEAUXTNELOTIXG, €8V O)L O, XS elval Tot TOLo AmAd ToL Yo UnopoVoE XAMOLog Vo ToEAEEL

amd €va xelpevo.

Ta Lexical Features elvon otor AOyLor TV SLUYYRAPEWY ” TOL YAEAXTNELC TIXE ToL OTOloL UTOAOY (-
Covtau yenotuomoldvtog to anoteréopata Twv UDPipe, dnhady to lemmas, PoS tags xou
To. morphological annotations” xou 72 yopoxTNEIGTIXG TOU YENCLLOTOLUVTAL EVEEWS Yo To
Itohxd”. To yapoxtnplotind autd etvar To Basic Italian vocabulary rate, Lexical diversity,

Lexical variation, Lexical sophistication xou to Nouns abstractness distribution.

e To Basic Italian vocabulary rate petpder tor Aupata mou amaptilouv xdie Slapope-
Ty xotnyopio oto "new basic Italian vocabulary” (NVdB). Xe autiv tn Aota eivar
Ywelopéva Ta Afppato o 3 xatnyoplec ol omoleg ebvar ot e€¥c: Fundamentals, High

Usage, xou High Availability.

e To Lexical diversity elvon apriuog twv Eeywperiotov tokens mpog Tov aptdud Twv oMxo)Y
tokens. Ot cuyypageic avapépouy To Twe dua utoloyioTel o TOTog autdg o 100 Tuyola
tokens to anotéheoua Yo elvon molo dixono yia T cUYXELOT UE XEUEVO BLOPORETIXOU

ueyédouc. Iapaxdtw gatvetor o TomoC.

NumberO fTypes(UniqueT okens)

Lexical Diversity = NumberO fTok
umber okens

e To Lexical variation nepiéyel yopoxtnelotxd 6nwe to lexical density to onolo eivon o
aprduog Twv content words mpog Tov opriud Twv tokens 6To xEUEVO XU TNV XATAVOUT
xadeplac and Tic xatnyopiec twv content words. To content words elvon o apriudcg

oV tokens mou €youv yiver PoS tagged cav verbs, nouns, adjectives, or adverbs,

NumberO fContentW ords(verbs, nouns, adjectives, oradverbs)
NumberO fTokens

Lexical Density =

e To Lexical sophistication etvau €va yopoxtneio Tixd To onolo unoloyileton Y eNOYLOTOWSY-
tac To COLFIS Corpus, to onolo elvar ypauuévo ota Itahixd xou mepéyel tn cuyvotnta

TV MEewv.
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Teleutalo oe auTthY TNV opdda eivan To Nouns abstractness distribution, to onotlo utohoy(le-
Tol GUUPOVAL UE TO TOCOOTO TwY nouns ntou €yel Yewpniel wg éva amd ta mapoxdte: Abstract,

Semiabstract xot Concrete.

H endpevn ouddo yopoxtnplotixdyv elvon to Moppohoyixd yopoxtnetotxd. Ou ouyypagelc
avupetoniCouy v xatnyopla auty pe ) Yeron tou morphological complexity index (MCI).
(Within — SetDiv. + Across — Setdiv.)

Morphological Features = 5 _

YuveyiCovtag otny enduevn oudda €youue to Morpho-Syntactic yopuxtnpiotind. Ta yopon-
TNEIG TS auTd UTohoyllovton GluPLva PE ToL cuYYeagelc ue Bdon to PoS tagging, morpho-
logical analysis xau to ”parsing performed in the NLP pipeline elaboration”. Ta yopox-
TNEIC TG IOV TEPLEYOVTAL GTNY oudda auth elvon To Subordinate ratio, POS tags distribu-

tion, Verbal moods distribution xou Dependency tags distribution.

"Totepa €YOUUE TO LUVTOXTIXG YapaxTneloTixd To onola tepiéyouv to Depth of the depen-
dency trees, Length of non-verbal chains, Verbal roots, Arity of verbal predicates, Length
of the dependency link, Maximal non-verbal phrase, Number of syntactic constituents,
Syntactic complexity, Relative subordinate order, Length of clauses xot Subordination

chains length.

Téhoc eivon xou tor Discursive features(yopaxtneiotind oulfmmone) to onoio amopthlovio

and to Referential cohesion xar Deep causal cohesion.

e To Referential cohesion eivon clugwva ye toug cuyypageic "o pécog 6pog xou TUTIXN
AmOXALOY) TOU Loy TWV OVOUACTIXOY TOTWY, ToU eu@avi{oviol OE TEPLOGOTERES

TUPUXEUEVES TPOTACELS UEYEL TO Urxog 3.7

e Ko 1o Deep causal cohesion eivon 1 xatavous| and 8 xatnyopleg cuVBETIXOY XaL TO

normalized entropy Touc.

Y10 emoduevo xepdhato avohbouv To calsification algorithms mou yenowonoinoay to onolo
eivon To Random Forest classifier(RF), Gradient Boosted Decision Tree classifier(GBDT),
Support Vector Machine(SVM) with radial basis function as kernel, Multi-Layer Per-
ceptron with one hidden layer(MLP1), Multi-Layer Perceptron with two hidden lay-
ers(MLP2), Multi-Layer Perceptron with three hidden layers(MLP3), Quadratic Discrim-
inant Analysis classifier(QDA), Naive Bayes(NB) classifier which fits Gaussian distri-
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butions, K-Nearest Neighbors with uniform weights(kNNU), K-Nearest Neighbors with
weights set on the basis of the distance in the features space(kNND).

Kdti mou 8ev éyouue el amo Tig mpolyolueveg epyaoieg elvon 6Tl oL ouyypagelc Slegdyouy
ToL TELRUATE Yot xardéva amd Toug ahyoplduoug topouctdalovtag Oyt uovo To Accuracy Tou
akyoplduou aAAd xou to Precision, Recall xou F1 Score. Ko ta 3 Yo tar avakOoouue oe
TUEAXATW AEPIANO OTAY TOL YPNOWOTOCOUUE Yior Tol Ouxd pog metpdata. To classifier mou
elye xo\Otepo anotéheopa Htav ta Random Forest pe accuracy 72,5%, precision 69,6%,
recall 69,1% xou téhog fl-score 69%. ‘Oha tor amoteéopota napouctdlovTol OTOV TOPAUXAT

nivoxor C.5.

ITivaxag C.5: Ilivakas mapovoiaong aroteleopdtwy otnr epyacia [10]. To zval Sev to

4 z. 7/ 7 )4 z z. . .
avdpepay to Tl €lvar otny epyaocia kai pe Pd&ipo vrodétw to 6 elvar cross-validtion.

Model Accuracy Precision Recall F1 Score
Random Forest 72,5% 69,6% 69,1% 69,4%
SVM 71, 7% 69,0% 68,2% 68,6%
MLP3 68,4% 66,3% 65,7% 66,0%
GBDT 66,7% 63,4% 63,4% 63,4%
MLP2 67,4% 65,7% 65,3% 65,5%
MLP1 65,1% 62,5% 62,4% 62,4%
NB 59,7% 56,8% 58% 57,4%
kNNU 54,2% 56,0% 54,1% 55%
kNND 53,0% 55,1% 53,7% 54,4%
QDA 41,5% 44.2% 31,8% 36,9%

Télog, ot cuyypageic doxipaocay va xdvouv xdtt Tou Aéyeton feature selection. To feature se-
lection elvon 1 EMAOYY| TWV YOEUXTNEIC TIXDY TA OTOLOL ENNEENCAY TEPLOCOTERO TO ATOTEAEGUA
tou classification, cuyxexpwéva yenowonoinooay évav ranking classifier o onolog Balel ta
YOEAUXTNELO TIXG UE T1) OELpd amd Tar Tolo " onpavTixd” yio Tov ahyopwluo. To anoteléouata

Vetind xou onuavtind xodae agoupdviac ond 34.5% péyer xou 44.6% éxave Bertimwor| otov
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ohybprdpo ond +4% éwg xou +21,6%, 1o onolo Selyvel 6TL TOANG and Tar TOEATEVE Yoo~

TNELOTIXE OEV TROGUETOUY ONUAVTIXES TANEOPORIES Xl OTWS avVaPEPOLY XaL Ot (BLlot.

C.4 Text Complexity Classification Based on Linguistic In-
formation: Application to Intelligent Tutoring of ESL

H epyaoio oauth [11] dnuootéutixé to 2020 and tov M. Zakaria Kurdi. Xtnv epyaocia auti
o ouyypagéag yenowonotel éva Corpus o onoto avagépel we ESL Texts in Levels Corpus
(ESLTL), to omnolo éyet 6171 xelyeva oe 3 dopopetind enineda duoxoliag to omofo avtio-
Totyolv oc enieda A2, Bl xau B2 oto CEFR.

O ouyypagéag Yenolomolnoe SLUPORETIXES OUADES YUPUXTNPLOTIXWY ATO TWY OTOIWY 1) TEKOTN
elvon Tor pwvohoyixd yapaxtnerotixd. To yopoxtnototind autd elvon o apriuog GUANABGY avd

token, aprdudc poviuota avo token xou téhog apriude yeopudtwy avd token.

"Totepa cuvey(lel Ue To LORPPOROYIXA YUROXTNELOTIXG o6 To OTIO(0L TTEMTO X TEAEUTALO elvan
to stem diversity. To stem diversity unohoy(leton ye tov oprdud SLUPOPETINDY ANUUETWY

TEOC TOV 0pEtiU® OAWY TRV ANUUATWY TO 0Tolo QUiVETOL GTOV ToEUXATw TOTO.

NumberO fDif ferent Lemmas
NumberO f All Lemmas

StemDiversity =

XN ouvéyela TapousldlEL O CUYYRUPENS TNV ETOUEVY oudda 1 omolo amoptiletoun and Ta
npoVéuarta xon emdfuata avd AEEn. Metd avaklel to uixog twv nouns, adjectives, verbs,

adverbs xot To verb tenses.

Enduevn oudda yopoxtnplotixwy eivon to lexical features and tnv omola yenowonotetl to Lex-
ical Dencity(LEXdens), to Lexical sophistication, to Number of Different Words (NDW),
to TTR, to The Measure of Textual Lexical Diversity (MTLD) , xou to HD-D,

e To Lexical Dencity(LEXdens), to Lexical sophistication xoa to TTR eivon yopax-
TNELOTIXE IOV OVOPERUUE TIOROTIAVG, OAAS onuovTixd etvon vo avagépoupe oto TTR
611 0 ouyypapéas ueletder xou pepixd dhha €idn TTR to GTTR(Guiraud’s corrected
TTR) xow to CTTR(Caroll’s corrected TTR).

e To Number of Different Words (NDW) eivar to Lexical diversity 7| variation to onoio

€Y OLUE AVAPEREL ETLOTG TAUPATAVW.
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"Totepa o ouyypapéoac cuveyilel TEog Tor cLVTAXTIXG YopoxTnEloTixd. To yopoxTneloTXd
auTd elvon TOAAS o Bidpopa, ahhd auTd Tou yenouloroinoe o (Blog elvon eminédou Qpdoewy,

Z 4 Z . Z Z
emnédou TpoTdoewy, emmédou T-unit, xou téhog Poaciopéva 6Ta n-grams.

o Ta yopoxTNELOTIXG ETUTEBOL PEACEWY EIVAL YARPUXTNELOTIXG OTWS YO TURADELYUA TO
ratio of NP, to onolo eivar 0 aprdudc twv NP npoc tov aprduéd tov XP(total number

of phrases)

o "ToTepa €YOUUE TA YOPUXTNELOTIXG TEOTACEWY Tal OTOloL EVOL YoEUXTNELOTIXG OTWS TO

unxoc pa tpotaong 1) To Oog Tou parse tree.

o Ta yopoxtneloTxd mou €youv va xdvouyv pe To T-unit elvon 2, to urxog tou T-unit xou
1 avohoyla Twv aprdud T-unit mpog Tov apriud Twv mtoldmhoxwy t-units. To T-units

elvan oOUPOVA UE TOV CUYYRAUPEN 7Ol UXPOTERES YRUUUATIXES TPOTAUOELS”

e Télog ylar TNV OUADO AUTY AVUPEREL O CUYYEAPENS TOL N-GTaIs GOV YUQUXTNELOTIXO TA

omola XL AUTA EYOUUE AVAUPEREL TOUEUTAVE).

Yuveyllovtag o ouyypagéac avapépet tor Inter-Sential yopaxtneiotind. Xtnv ouddo auth

avolUeL To cohesion xot To coherence.

e ‘Oco avagopd yia to cohesion o cuyypagpéac Blvel Tou ¢ TUTOUC Ol oTolel elvon yial
AéZeic xan yioo mpotdoelg avtiotowyo. [o tig AéEeic ebvan o aprdudc twv discourse con-
nectors mpog Ti¢ AEEELC 6TO XelUEVO Xau Ylal TS TEOTAOELS Elvon 0 aptiudg Twy discourse

connectors Tpog T TEOTACELS.

NumberO f DiscourseConnectors
NumberO fwords

DiscourseConnectors : Words =

NumberO f DiscourseConnectors
NumberO f Sentances

DiscourseConnectors : Sentances =

o Twpa mnyatvovtag oto Coherence o cuyypagéog avagépel o 6T o Coherence ur-

ohoyileTon cuPPWVE Ye " TNy andctaot xdde AEENg and Lebyn CUVEYOUEVWY TEOTACEWY”



KEPAAAIO C. ITAPOMOIEY EPI'AYITEY 16

Ev ouveyeic BAénoupe v emduevn xotnyopia, psycholinguistic features, pla xatnyopla mou
€yeL yenowonoinlel o Tponyouuévn epyacia Tou €xoude avahOGEL, XUl TOU TEPLEYEL UETEIXES
6nwe Kucera-Francis Written Frequency (KFWF), Kucera-Francis number of categories
(KFNCat), Kucera-Francis Journal of Data Mining and Digital Humanities xot nohhéc

GAAEC TTOU AVAUPEREL O GUYYRAPES.

Yuveyllovtag ndue oty TeAeutaio xatnyopia 1 omolo elvar 1 xotnyopio Twv “readability
formulas”. To readability formulas nou ynpioponovftixay elvor ta €€fc: Gunning’s Fog
index, The Flesch-Kincaid formula, Coleman-Liau Index, Spache readability formula, The
Dale-Chall formula, Automated Readability Index (ARI), The FORCAST Readability

Formula xou téhog xdvel cuoyétion twv readability formulas.

e To mp®TO YopaxTNEOTIXG oTNY oudda auth elvon To Gunning’s Fog index. To yopox-
TNELWO TG U TO UToAOYILEL TOV YpEdVo exmaldeucng Tou Yo TEETEL Vo €xel Evag dvipwnog

yior v xortavorioet o xefyevo. O timog eivon o e€hc:

NumberO fWords 100+ NumberO fComplexW ords
NumberO fSentences NumberO fWords

Gunning' sFoglndex = 0.4 (

)

e YuveyiCovtag mdue oto Flesch-Kincaid formula. O tinog autéd Bydlel cav anotéleoua
oprduolg and o 0 éwe to 100, ye to 0 vo onuaivel 6TL Yo vor xatovonel to xeluevo
TEETEL VoL Efvall 0 avary VG TNG oE eNiNEdO amd(oLTou TAVETLoTAULOL xou ke 100 vor onpadvel

4 e 7 7. 7 4 7 4
ot yeewdleton eninedo 51 dnuotol. O Timog palveTon and %ATw.

NumberO fWords

NumberO f Syllables

FleschKincaidf ormula = 206.835—(1.015x )—(84,6

NumberO f Sentences

e To enduevo yapaxTnELoTXG Tou avaépet o ouyypapéag elvar To Coleman-Liau Index.
Y TapOUoLo TEOTO UE Ta TEONYOUUEVA TO anoTéAeoua elvon plor Tpocéyylom e Tééng
oyolelou Tou Yo TEENEL var efvol 0 avary votng, ahhd oto chotnua oyohietouv tng US. O

TUTOoC Bploxeton mapoxdte e L vo elvon tor yedpupata xou S vo efvon o optduoc Tpotdoemy.

Coleman — Liaulndex = 0.0588 x L — 0.296 * S — 15.8)

e Emduyevo otn Aicta eivon 1o Spache readability formula. Yav tOnog unohoyilel to
eninedo mou ypetdleTon Yo TV xoTavonot| toudixay BiBiienv puéyet tn 4n tdEn SnuotixoD.

O timog elvan mopaxdTe.

NumberO fWords

)
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NumberO fWords
NumberO fSentences

NumberO fUn familiarW ords

SpacheReadability Formula = (0.121% NumberOfWords

)—(0.082x

e Ev ouveyeic o Dale-Chall formula etvon nopéupoto ye to Flesch-Kincaid formula, ye
TN SLapopd Tou OTL 0 TUTOC Bivel TEpLEGOTERO Ao e BUOXOAES AEEELS TORd TO VOUUERO

TOV GUANIPBOV.

NumberO fDif ficultW ords NumberO fWords

)

TheDaleChall Formula = 0.1579%( %100)+0.0496:%(

NumberO fSentences NumberO fSentences

e Metd éyoupe to Automated Readability Index (ARI), to onolo €yel cav anotéleopa
aptdud o omolog avaAOYWS UE TO TOGO UEYdAOg Elvan TOGO xaL olo epimAoxo elvon o

xelyevo xou o TUnog elvan o e€rg:

NumberO fCharacters
NumberO fWords

NumberO fWords
NumberO fSentences

)+ 0.5 % (

ARI = 4.71  ( ) —21.43

e [o to teheutaio yopoxTNELOTIXG Tou Yo WAHCOUUE GE aUTHV TNV gpyaoio elvar To
FORCAST Readability Formula, to onofo dnuloupyinxe yio tov Ayepuovind Ltpato
yio va e€etdlouy to eninedo mou ypeeldletan xdnotog Yo va yivel otpatidtng. O tinog
Beloxete axpBidc amd xdTw and TNy Topdypeapo authy xat N 6tov T0no elvar To voUUEpo

7 e
TV HovocUAIBKY TEoTACEWY.

N
FORCAST ReadabilityFormula = 20 — 10

Téhog, o ouyypagéag avahlel Tn cuvoyétion petoll Twv readability formulas ye ) yeron

evog mivoxa yior var Bel€el Tor amoTeAEoUATA TOU.

O ouvyypagéag UeTd Ta yopoxTneloTixd cuveyllel ot Swadxacta emhoyrc classifiers. Ou
emhoyéc tou etvan ot €€¥g: Logistic Regression, Multilayer Perceptron, Adaptive Boost-
ing (AdaBoost), Bagging xar Random Forest, pepixolc and toug onolouc €youue Bel xou
Topomdvew.  Ernlong, n emhoyh toxtixig exnaideuone tou ouyypagéo ftav 10 fold cross-
validation. Téhog, ot yetpéc allohdynong xdde classifier eivon recall, precision, F-score

oM& xow Matthews’s Correlation Coefficient18 (MCC) xou to Roc Area.

O ahyopripog pe to xohltepa anoteAéopota fitay o Logistic Regression pe 6o to amoteréo-

potar va Bploxovton otov mivaxd C.6.

)
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IMivaxog C.6: Ilivakag mapovoiaons anoteAeoudtwy otny epyaoia [11].

Model Precision Recall F1 Score MCC Roc
Random Forest 93,5% 93,6% 93,5% 90,3% 99,1%
Perceptron 94,4% 94,4% 94,4% 91,7% 98,9%
Ada-boost 81,2% 82,2% 81,3% 72,3%  93,5%
Bagging 041%  941%  94,1%  91,1%  99%
Logistic Regression 97,6% 97,6% 97,6% 96,4% 99.8%

H epyooia auty) €xer moA) vdMAd anoTeAéouATA OE OYECT] UE TUPOUOLES EQYACIEC TTOU €Y OUUE

det mopamdve ue anotekéopato mou oyeddv ayyilouv to 100%.

C.5 Automated assessment of learner text complexity

H epyaoio auth [12] dnuootebtnxe to 2021 and toug Olga Lyashevskaya, Irina Panteleeva
xau Olga Vinogradova. Ou ouyypagelc autrc e epyastag yenowonoincoy to REALEC
corpus, neptéyetl 14500 xelueva exdéoemy xou GUUPWVL UE TOUS CLUYYPUPE(C TEpLEYEL TERiTOU

1.5 exotoppdplo Aéeic ota AyyAd.

Yuveylovtag umaivoupe xou Tl ota yopoxtneloTxd. Apyilouye xat TaAL UE YVWOTES OUddES
YopaxtneloTixwy Théwy, Lexical complexity. Xtn cuyxexpyévn epyaota acyorndixove ue

1o Diverity, Density xou Sophistication.

211 CUVEYEL TIUE OTA HOPPOAOYIXE YopaxTNEIoTiXd Tar ontota anaptilovton and Derivationa
xou Inflectional. To yopaxtneiotixd Derivationa to yétpnoav ol cuyypdgel yweilovtag to
emdéuata oc 6 eninedo. Metd pétpnoay to voluepo Twv emdeydtwy emnédou 3-6 xan TNV
avaroyio Twv emieudtwy emnédou 3-6 Teog Tov aptiud Oy Tev emepdtony. ‘Oco avagopa

to Inflectional features o pyétpnoav pe 1o MCI nou avagpépoue xan ToEATave.

"Totepa BAETOUUE TA GUVTAXTIXG YOROXTNRLOTIXG TTOU YENOWOTONCAY Ol GUYYEAPE(C To oTola
elvor TOAAG %ot xdmota omo AU Td €Y 0UE EoVE AVAPEREL TUPATEVEL OTOTE YLoL VoL UNV X0UEALOUUE
oc Yo Tar avapépoupe. Mall e ta ouvtaxtixd €youue xou Tor Discourse yopoxtneloTind ta

omola enioNG AVUPEPUUE TUPATAVE XAl Yot TOV (Blo A6Y0 Yol Tol TEOCTEPATOUYE.



KEPAAAIO C. ITAPOMOIEY EPI'AYITEY 19

Téhog, €yovue ta Functional N-grams, ta omolo avagpépouv ol ouyypagelc we four-grams
amd Aéelc mou yenotponotiinxay mdve and 280 @opéc oe dho to Corpus €yovtag Tov aptiud

eugavicewy xdde evoc amd TwV n-grams ohAd xaL T CUYVOTNTA TNG.

‘Oco avagopd Ta Tewpduata Twv classifier ol emhoyég Twv cuyypapdy fitay logistic regression,
random forest xou k-neighbors. Ta xoAbtepa anoteréoyata mou elyav froy ue Tov random

forest classifier ue precision 85%, recall 89% xau fl-score 85%.

C.6 Using Broad Linguistic Complexity Modeling for Cross-
Lingual Readability Assessment

H ouyxexpyévn epyaoia [13] dnuootettnxe to 2021 and touc Weiss Zarah, Chen Xiaobin xou
Meurers Detmar. To Corpus to onolo ypnoylonolncay ot cuyypageic elvar 10 dlayAwooixd
Spotlight Corpus, to onolo mepiéyet xelyevo and 2 meptodixd, 1 and neplodind otor Ayyhxd
xan éva oto I'eppavind. To Corpus eivor ywpiopévo oe 2 yAwooeg xou 3 eninedd Suoxohlog
ue 3285 xelueva yio 1o AyyAmd xou 1446 xelueva yio to T'eguovind Corpus. Erniong, yiveto
xan avapopd oto OneStopEnglish Corpus to onolo avopépaue xan Topandve xow To omolo
Yo yenowonotioouy ol cuyypagelc Tng epyaciog authg. XNy gpyacio autrh uTtohoyloTnXoy
312 yopoxtnplotnxa, onoTe OTWS elvar Aoyixd TOAAG amd autd Vo avapepdoly ovouacTixd

xa ToAAG Yor avapepdoly we XaTryopla YopaxXTNELoTIXMY.

O xatnyopiec tov yopaxtnetotixdy eivar ot e€rc: Surface Length (LEN), Yuvtoxtixd yopox-
tnetoTxd, Lexical yopoxtnplotind, poppohoywd yapoxtnetoTixd, Discourse Cohesion, Lan-

guage Use ah\d xou Human Language Processing (HLP).

e Ta Surface Length features etvon yopoxtnelotind 6mee o aprdudg mpotdoewy, culhaBoY

X0 TTEOUOIWY UETEIXWY TOU EEEPEVVACOUE XOUL OVAUPEQUUE TTHUPOTIAVE.

e Enlong éyoupe ta Yuvtoxtixd, Lexical, popgoroyixd xaw Discourse Cohesion yopotneio-
Txd Tou €youue avapépel xou mporyouuéves. To Language Use av xou cav 6po yia
YAEAXTNELOTIXG OEV TO €YOUUE Eovadel Elvor GTNY oUGIA TOL YAEAXTNELOTIXA TOU €Y 0LV

VoL XAVOUY UE TN CUYVOTNTA AEEEWV ToL OTtola €Y OUUE OEL TUEATAVE.

o Téhog yia ta yopaxtnetotixd €yovue o HLP, to omolo and dtt avapépouv ot cuyypogpeic

elvan 7 yapoxtneloTind Pactopéva ot Yewplo Tonoveoieg e€dptnonc”. Aev avagpépovton
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TOANG. mopamdve yioe Ta HLP yoapoxtnplotixd.

Apynd, yivete o melpapo oto OneStopEnglis Corpus pe toug mapoxdte oiyopiduoug: RF,
ordinal RF, SVM upe radial kernel xou SVM pe polynomial kernel xou toug exnoudebouv ye
10folds cross-validation. Ta arotehéoyata Tou Togouctdlouv ol cuyypagelc elvor poévo yia

tov SVM e tov polynomial kernel énwe gatvovtar otov mopoxdte nivoxa C.6.

ITivaxag C.7: Iivakag tapovoiaons arotedeopdtwy atny epyacia [13].

Precision Recall F1 Score

Elementary 93.2% 94.7% 94.0
Intermediate 87.8% 91.5% 89.6%
Advanced 95.5% 90.0% 92.6%

Y1n ouvéyela oL cuyypageic xdvouy xau éva Telpaua o xdie YAwooo Tou Spotlight Corpus
pe to (B yapaxtnetoTind. o to AyyAwd pépoc tou Corpus €yel anotehéoyota o SVM
74.5% oxpifeo ye to corss-validation. To anoteréopata oto Ieppovind pépoc tou Corpus

e tov {Swo classifier ta anoteréoparta elvon 88.0% axpiBeto.

C.7 When Shallow is Good Enough: Automatic Assessment
of Conceptual Text Complexity using Shallow Semantic

Features

Auth 1 epyaoia [14] dnuootedtnxe to 2020 and touc Sanja Stajner xou Ioana Hulpus, To
Corpus nou yenotpomoljinxe and toug ocuyypagelc ftav To Newsela corpus, to onolo mepLéyel

1,911 to omola €youv anhonomdel oe 4 pe 5 enineda Suoxohiog.

To Baowd onueto v To onolo whdve ol cuyypagelc eivon éva Ta ” Entity-based Conceptual
Complexity Features” to onola ywpllovion oe 2 BlapopeTixés OUABES VEWY YURUXTNEIGTIXDV.

To yapoxtnerotxd autd ywpillovta oe Surface (text-based) xou Shallow Semantics.

Ta Surface Text-based Features eivou yopaxtneio 1ixd pe 6téy0 var ” anoTunedoeouy TNy TOAU-

TAOXOTNTE oL expedleTon oTny empaveloxy) dour) Tou Adyou”. Tao yopuxtneloTind eivon 5
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Number of mentions divided by the total number of tokens, Average number of mentions
divided by the total number of tokens (in a paragraph), Average number of mentions
divided by the total number of tokens (in a sentence), Average distance (in sentences) be-
tween consecutive mentions, Average distance (in paragraphs) between consecutive men-

tions.

Tao Shallow Semantics Features eivon yopaxtneiotixd ue 0ty 0 Vo’ anoTuUTMGoUY T T0G6 TOU
umoBotpo Yvahone mou ypeeldleton yior vo xotovoniel €vo xelpevo”. Ta yopoxtnolotixd elvon
14 omo6t Yo avapépoupe ta TewmTo 5 evdeixtixd Number of unique entities, Average number
of unique entities in a paragraph, Average number of unique entities in a sentence, Entities

to mentions ratio in the document, Average entities to mentions ratio in a paragraph.

Kodedg 8ev avahDovTon ToL Y opox TNELOTING XOl VAPEROVTOL UOVO ATd OVOUA, ETCL TA AVUPEQUUE
xan €6w. Emnlong, ou cuyypageic yenowonoinoay xa 4 YuyoyAwoGohOYIXd YoEoXTNELOTIXG
yio Omwe To avdpepay xou ot (Blol 7 we xaky| Bdon”. To yapoxtneiotind oautd elvan: familiarity,

age of acquisition, concreteness, and imagery.

To familiarity eivar otnv ousla 1 cuyvoThTa TOL CUVAVTAUE piot AEEN

To age of acquisition eivor n nhuxia otnv onola plo AéEn amoxtdre.

To concreteness elvon 10 1660 7 yewpomacTOC” elvon TO AVTIXEUEVO GTO OO0 AVUPEPETE

n MEEn.

2 . ’ 9 2 9 ’ ’ ’ 9 799 ’ ’
Kou tého¢ 1o imagery elvon 1 "évtaon” pe tnv onola uior AéEn ”Onurovpyel” ulo etxdva

Téhog, éyovue ta metpduata. To xahiTepo anoTéAeoua Gy EEYWELC T XATIYORIA YOEUXTNELO-
v oy T shallow semantic feature ye 94% F-measure otov Logistic Clasifier xou pe tov
OLVOLACUG OV TOV YUPAXTNPIOTIXGY Vo Exel To xahlTepo anotéheopa we 96% F-measure

xou yia Tov Logistic ahAd xou tov SVM Clasifier.



Kegpdharo D
TAomoinon

€ auTO To xePdhano Vo e&nyfooupe TN yedodoroyia Tou axohoulooue Yo TNV
TRy WYY TOU WO xou Tr Biedoywyr) Tou nepduatoc. Ta Bruato mou Yo
xavoupe etvon Bruata mou €youv yivel oe xdmoleg amd TIC epyaoieg mou OeiE-
OUE TORUTEVE GOV TUEABELYUA Xl OTAY CUVAVTAUE XYTL TOU YENOWOTOACAUE and auTég Vo

AVOUUPEPOVUE TO ATO TTOU THEAUE TNV LOEAL.

D.1 Emoy7 Corpus

Apynd €youue va emhé€ouue to Corpus mou Yo ypnowornotioouye. H emoyy yag Yo npénet
Wovixd vor elvan and éva Corpus to ornolo €xel sentence alligned mpotdoeig yio Tnv €UxoAn
yeron ahhd xou ylti To va €youpe Blo oprdud and xdde "duoxoiia”, N xhdom Omwe Yo
TO oVOPEQOUNE amd €0 xou TEpa, omnuaivel To 6Tl Va ypelooTel Aydtepn enclepyasio Twy
anoteleoudtoy oto téhoc. H emhoyi poac frav xovuvh oe oyéon pe to OneStopEnglish[2]
xouw 0 PWKP Corpus [15]. To NewSela ftov xou autd pior oxédmn odhd xodae déhet dradixaoia
yioe T Adm Tou Bev 1o Shélope. H tehixd emdoyy| ftay va yenotwonoioouue xon to 2. O
aptduoe Twv Tpotdoewy tou yenowonololue oto PWKP eivon ot mpdteg 5000 yio xdde pio
amo NG xAdoelg, ondte advoro 10000 xou otov OneStopEnglish nrpaue to eninedo Advanced
xau Elementary, ot onoteg elvan ouyxexpiuéva 2166 (edyn. Xnuoavtind vo avagpepdel elvar to 6Tt
UGy oLV xdmola oo oty epyooio [16] oyetixd pe to Corpus otny onola oL cuyypapeic
oyvpllovtan 61t To Corpus dev elvan o&iomoto xodwg Lebyn mpotdoewy civon paired ye

Adog TEOTO xou oxXOUo Xt OTL Ol TPOTAOELS Elvol OE MEQINTWOELS Tadlvounuéveg Addog ue

22
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TNV Toto MepimAoXY PEELXES PORESC VoL elval 1) TToto ol antd Tic 2. ‘Oco avapopd tar Bixd Yo

cuuTEPdoUATA Vol TA AVAPECOUNE GTO OIXO TOUG XEPIANLO.

D.2 rnpoeneiepyacio Corpus

'H npoeneéepyacio mou €yive oto Corpus dpyloe pe TNV aolpect) TwV oTIEEWY, apLiuny
xoL BITAOTOTWY XEVOV eVOLdueoa amd T AEEelg, xadodg PETA TNV oaipecy) TwV GTIEEWY
onuoveyHinxay xevd. Metd amd autd xdvaye To lemmatization to omoio avagépinxe xou
oty epyaoia [1]. opoxdte @aiveton 0 xOdxac Tou yenotponotiinxe yio Ty npoeneiepyaoia

tou Corpus.

#function to remove punctuation and digits, as well as coverting all «
characters to lower case and removing extra white spaces

def remove_punctuation_and_lowercase(corpus_):

nlp = spacy.load(”en_core_web_sm”)#

translation_table_punc = str.maketrans(””, 7”7, string.punctuation«
translation_table_num = str.maketrans('', '', '0123456789")
for i in range(len(corpus_)):
temp_text = corpus_[i].translate(translation_table_punc).«+
lower ()

# a regular expression to replace multiple spaces with a <«
singular one

! 1

temp_text = re.sub(r'\s+', , temp_text)

# lemmatization

doc = nlp(temp_text)#

lemmatized_text = ' '.join([token.lemma_ for token in doc])

# temp_text.translate (translation_table_num)

corpus_[i] = lemmatized_text.translate(translation_table_num)

return corpus_
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D.3 EmAoy7 yoeoxtneloTixoy

To yapaxtneloTixd Tar onolal YeNoHoTooouE TEAXS elvar 29.

Apynd €youpe ta readability formulas, ané ta onola yenowonomooue ta eEAc:

e Flesch Reading Ease formula [11],

e Flesch-Kincaid Grade Level [2],

e SMOG Index [17],

e Gunning FOG Formula(Fog Scale) [18],

e ARI [19],

e Dale-Chall Readability Score [11],

e Spache Readability Formula [11],

o xou téhoc to Coleman-Liau Index [11].

24

‘Ola T Topaméve tar utohoyilouue pe ) yeron e BPBAodnixne texstat omwe galveton xou

OTOV TOEUXYTEL XOOLXAL.

# function to extract the redability

formulas

def readability_features_textstat(corpus):

flesch_kincaid_features = []
flesch_features = []
smog_index_features = []

gunning_fog_features = []

automated_readability_features =

dale_chall_readability_features
spache_readability_features = |]

coleman_liau_features = []

for text in corpus:

[l
[1
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flesch_kincaid_features.append(txs.flesch_kincaid_grade(text)«
)
flesch_features.append(txs.flesch_reading_ease(text))
smog_index_features.append(txs.smog_index(text))
gunning_fog_features.append(txs.gunning_fog(text))
automated_readability_features.append(txs.«
automated_readability_index(text))
dale_chall_readability_features.append(txs.<+
dale_chall_readability_score(text))
spache_readability_features.append(txs.spache_readability(«
text))
coleman_liau_features.append(txs.coleman_liau_index(text))# <«

didn 't use

return flesch_kincaid_features, flesch_features, <
smog_index_features, gunning_fog_features, <«
automated_readability_features, <«

dale_chall_readability_features, spache_readability_features

Y1 ouvéyew ypnowonoinoa ta 4 and to 3 "Raw Text Features” mou avagépeton otnv
epyooia [1], ta onolo eivon o opriude twv tokens avd mpdtaoy, o aptdude yopuxthewy avd
token xou o aprdude drapopeTinddv tokens otny tpdtact [20]. ‘O héyog mou de ypnotponoinoa
xan Tor 4 elvon 6TL 0 apLiude Twv tpotdoewy ot éva Corpus nou amaptileton and 1 npdTao

™ Qopd Bev €xel dia oav YeTpr, Yo Ntav yio xdde mpdToon amhd o aprduog 1.

"YTotepa unohdyioa 1o TTR pall xou ye to CTTR xow GTTR [11]. To function nouv Brénete
TEAX AT TAPVEL CAY TOPUUETEOUE TO TPOETEEEPYUCUEVO COTPUS Xol Yiot XAE TEOTAOT UT-
ohoyilel xan oT0 TéNOG emoTEEPEL T amoteéopatd. o Yéuo euxohiog pe ™ Yeron g
BBaodxne nltk vroloyilouue xan to PoS tags xdde Aé<ne yia tn yehorn Toug oc emoUEva

functions xou tor emoTEEPoLYE xan LT ‘O (WOXOG AUTOC TEPIEYETE GTO TapaxdTw function.

# function to extract the pos tags s well as some other features
# function to extract the pos tags s well as some other features
def extract_pos_nltk(corpus):

pos_tags= []

words = []
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sent

ence_len = []

= [l

=

unique_tokens = |[]

char_count = []

for

return sentence_len, pos_tags, ttr, gttr, cttr, unique_tokens,

text in corpus:
# tokenize sentence into words
words = nltk.word_tokenize(text)
sentence_len.append(len(words))
char_count .append(len(text.replace(” 7, 7”))/len(words))
# count of the unique words in a sentence
unique_words = set(words)
unique_tokens.append(len(unique_words))
if len(words) = 0:

ttr.append(0)
else:

ttr.append(len(unique_words) / len(words))

gttr.append(len(unique_words) * math.sqrt(len(words)))
cttr.append(len(unique_words) * math.sqrt(len(words)/2))
pos_tags.append(nltk.pos_tag(words))

char_count

26

Y1n ouvéyel myaue ota yapoxtneloTxd PoS. Ytov mopoxdtey x@owa PAénete To function

™y eZoywyn TV Vouuepwy Twv verbs, nouns, adjectives, adverb xd pronoun [21] and xdle

TedTaoN YenoonowwvTag Ta PoS tags amd to mponyoluevo function. Apyixd mepvdue ta

PoS tags w¢ moapduetpo oto function, xou petd pe éva loop yetpdue yio xdie mpdTaoT TOCY

am6 xdde tags €youUE xou PUETA EMGTEEPOUUE TO AMOTEAECUOTAL.

# function to extract the number of different pos tags per sentence
def pos_feautres(pos_extracted):

verbs = []

nouns = []

adje
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advrb = []
pro = |

for sentence in pos_extracted:

temp_verb = 0

temp_noun = 0

temp_adje = 0

temp_advrb = 0

temp_prn = 0

# find

the count of each pos in

for word in sentence:

if

if

if

if

if

word[1] in ('VB', 'VBD',
VBZ'):
temp_verb += 1

word[1] in (”"RB”, 'RBR',
temp_advrb 4= 1

word[1l] in ('NN', 'NNS',

temp_noun += 1

word[1l] in ('JJ', "JIR'
temp_adje += 1

)

a sentence

'VBD', 'VBG', 'VBN', 'VBP'

'RBS', 'WRB'):

'NNP', 'NNPS'):

1JJS ')

word[1l] in ('PRP', 'PRP$', "WP', 'WP$'):

temp_prn += 1

verbs.append(temp_verb)

nouns . append(temp_noun)

adje.append(temp_adje)

advrb.append(temp_adje)

prn.append (temp_prn)

return verbs, nouns, adje, advrb, prn

27

'

"Yotepo petoPaivouye oto function oto onolo urohoyiCouye to contenct words incidence

xou raw content word incidence [1]. Apywxd 9étoupe pio Aoto ye dha tar contect tags, xou
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28

av UTdpyouv Ta tags poc AéEng otn AMota ta oadpotlouye. Etn cuvEyela T BlatpoVUE TEOS TO

voUuEEO TwV Aé€ewv xdde mpodTaone. Téhog, emotpépoupe xaL To UL enelepyaouévo aptdud

content words.

# function to extract the number

def calculate_word_incidence(pos_

contenct_words = []

raw_content_word_incidence =

# make a list of the content

content_tags = {'NN', 'NNS',

'VB', 'VBD',

"JJ', 'JIR',

'RB', 'RBR',

i=0

for sentence in pos_tags:
for word in sentence:
content_words = 0

if word|[1]

of word incidence

tags, total_words):

[]

tags

'NNP', 'NNPS', # Nouns

'VBG', 'VBN', 'VBP', 'VBZ', 4 Verbs
"JIS', # Adjectives

'"RBS'} # Adverbs

in content_tags:

content_words += 1

if total_words[i] = O0:

content_word_incidence = 0

else:

content_word_incidence =

total_words[i])

int (content_words) / int (¢

contenct_words.append(content_word_incidence)

raw_content_word_incidence.append(content_words)

i4=1

return contenct_words 5

raw_content_word_incidence
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Enéduevo function vroloyilet pévo to yopoxtnptotind tf-idf [18]. To yapaxtneiotxnd autd to
unoloyiCouye pe ) yeron tne sklearn Biodrinng xou cuyxexpwéva pe to TfidfVectorizer().
Téhog, npwv emoteédoupe To anotéreopa Beforwvopacte ot oe tepintwon dadpeong ye to 0

4 4 4 Z
To anotéieoya Yo tedel o 0 avtl Tou va €youue error.

# function to calculate the tf idf feature

def calc_tf_idf(corpus):

tf_idf = []

# initialize the tf—idf vectorizer

vectorizer = TfidfVectorizer|()

# fit and transform the sentence

tfidf_matrix = vectorizer.fit_transform(corpus)

feature_names = vectorizer.get_feature_names_out ()

# convert the matrix to a dense format
dense_matrix = tfidf_matrix.todense()

dense_matrix_as_array = dense_matrix.tolist()

for doc_index, doc in enumerate(dense_matrix_as_array):
temp_val = 0
temp_count = 0
for word_index, score in enumerate(doc):
if score > 0: # append only words with a non—zero TF-IDF<«
score
temp_val += score
temp_count 4= 1
if temp_count > O0:
tf_idf .append(temp_val/temp_count)

else:
tf_idf.append(0)

return tf_idf
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Eméuevo function mou ypnoulonotolue eivan Yol TOV UTOAOYIOHO TwV optdudy Twv dlopope-

OV Ppdoewy ye Tt BoRdeio tne BiBhodrixne nltk [11]. ©étoupe pla ”ypopportixd” xou

(éyvoupe Tic mpotdaoelg xa g adpoiloupe avdhoya pe T dour) tne. T v to xdvoupe awtd

YENOWOTOLOVUE ol TO regex yio Tr SLEuxOAUVONC TN oviyVEUoTG TOUS, TO regex elvol €va

epyoleio Yo vo dnutovpyolue " udoxes”.

1 # function to extract number of different phrases

2 def calculate_np_vp_pp(corpus):

3 np_count_list = []

4 vp_count_list = []

5 pp_count_list = []

6

7 grammar = r””"”

8 NP: {<DT|JJ|NN.x>+} # Chunk sequences of DT, +
JJ, NN

9 PP: {<IN><NP>} # Chunk prepositions <«
followed by NP

10 VP: {<VB.x><NP|PP|CLAUSE>+$} # Chunk verbs and their <«
arguments

11 non

12

13 # Create a chunk parser

14 chunk_parser = nltk.RegexpParser (grammar)

15

16

17 for sentence in corpus:

18 np_count = 0

19 vp_count =

20 pp_count = 0

21

22 # tokenize sentence into words

23 words = nltk.word_tokenize(sentence)

24 # extract POS tags for the

25 tagged_words = nltk.pos_tag(words)

26 # extract phrases

27 tree = chunk_parser.parse(tagged_words)

28 # count NP, VP, PP

29 for subtree in tree:
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if isinstance(subtree, nltk.Tree):

if subtree.label() = 'NP':
np_count 4= 1

elif subtree.label() =— 'VP':
vp_count 4= 1

elif subtree.label() =— 'PP':

pp_count += 1
np_count_list.append(np_count)
vp_count_list.append(vp_count)

pp_count_list.append(pp_count)

return np_count_list, vp_count_list, pp_count_list

Eméuevo function ypenoweldel yia Tov utoloyioud tou apuduod n-gram otnyv npoétact. To
function owtéd to xwA® Y n = 2, 3 xou 4, dnwe avapépeTon xou otny epyooio [11], xou

ETOTEEPR TOV aptdud TOUG avd TEOTACT Xak ave AEEN.

# function to extract the number of ngrams per word and per sentence
def n_grams_(corpus_smpl, corpus_adv, n, sentence_len_smpl, <
sentence_len_adv):
bi_grams_per_sentence = ||

bi_grams_per_word = []

corpus = corpus_smpl + corpus_adv
sentence_len = sentence_len_smpl + sentence_len_adv
1=0

for sentence in corpus:

# tokenize the sentence into words

tokenized_sentence = nltk.word_tokenize(sentence)

# generate n—grams for each sentence and count them
sentence_ngrams = ngrams (tokenized_sentence, n)

total_ngrams = sum(len(ngram) for ngram in sentence_ngrams)
bi_grams_per_sentence.append(total_ngrams)

if sentence_len[l] = 0:

bi_grams_per_word.append('0")
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else:

bi_grams_per_word.append(total_ngrams / int(sentence_len[l¢>

1))
14=1

return bi_grams_per_sentence, bi_grams_per_word

[Inyaivovtog oto enduevo function €youpe tov aprdud tTwv govnudtoy [11]. Ta tov uvtoho-
Yiouo6 Toug yenotponoovue t BiEhodxn Pronouncing xou cuyxexpuyéva to count_phonemes()

OTWS BPAETOUUE XoU TTAUPAUXBTE.

# function to count the number of phonemes for an English word

def count_phonemes (word):

# get the ARPAbet phonemes from the CMU Pronouncing Dictionary

phoneme_list = pronouncing.phones_for_word(word)

if phoneme_list:
# select the first pronunciation variant (if there are <
multiple)
phonemes = phoneme_list [0].split()
return len(phonemes), phonemes
else:

return 0, []

To enduevo P€pog Tou XM TPOETOWALEL TA YOPUXTNELOTE OE Tivoxa LopPHC ENEEEQYAOLUNG
amo toug classifers. Apyd Vétoupe éva header yia va E€poule To OO YaPUXTNELOTIXG Elvou

N x&e othAn. ‘Eneita evivel Tic MoTeq OOTE TO TEHOTO UGG VoL ELVAL TOL YARUXTNELOTING TNG

XAIONG TV ATADY TEOTICEWY X0l TO UTOAOLTO ULGO ELVOL TA YOROXTNELOTIXG TV TEQITAOXWY

mpotdoewy. Metd petatpénel tn Aota autyh o dour) pandas n ool elvon avoryxador yior T

yerion tov classifier. Télog, ypdpouue Oha To anoteAéoyata ot €va .csV apyElo ot TeEpinTwon

TIOU TOL YPELIGTOVUE YLoL TO XEPIANLO TNG AvAALGTC.

# header list of all the features names for each sentence

header = ['flesch_kincaid', 'flesch', 'smog.index', 'gunning fog',
"ARI', 'dale_chall_readability ', 'spache_readability ',
"words_per_sentence ', '"TTR', 'GITR', 'CTTR', 'unique_tokens<+

", 'char_count', 'count_phonemes"',
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'"bi_grams_per_sentence', 'bi_grams_per_word', '+
tri_grams_per_sentence ', 'tri_grams_per_word', '«
four_grams_per_sentence', 'four_grams_per_word',

'NPs', 'VPs', 'PPs',

'"verbs', 'mouns', 'adjective', 'adverb', 'pronouns', '«
content_words_incidences ', '«

9

_raw_number_of_content_words "]

length_0SE = len(pp_count_0SE) /2

class_smpl_OSE = pd.Series (0, index=range(int(length_0SE)))
class_adv_0SE = pd.Series(l, index=range(int(length_0SE)))
class_smpl_list_OSE = class_smpl_O0SE.values.tolist ()
class_adv_list_0OSE = class_adv_0SE.values.tolist()
complexity_level _OSE = (class_smpl_list_0SE + class_adv_list_0SE)

length_PWKP = len(pp_count_PWKP)/2

class_smpl_PWKP = pd.Series (0, index=range(int(length_PWKP)))
class_adv_PWKP = pd.Series(l, index=range(int(length_PWKP)))
class_smpl_list_PWKP = class_smpl_PWKP.values.tolist ()
class_adv_1list_PWKP = class_adv_PWKP.values.tolist ()

complexity_level _PWKP = (class_smpl_list_PWKP + class_adv_list_PWKP)

# list of all the features for each sentence
lines_0SE = [flesch_kincaid_OSE, flesch_0SE, smog_index_0SE, <«
gunning_fog_OSE,
automated_readability_0OSE, dale_chall_readability_0SE, <«
spache_readability_OSE,
words_per_sentence_0SE, TTR_OSE, GTTR_OSE, CTTR_OSE, <«
unique_tokens_0SE, char_count_0OSE, count_phonemes_O0OSE,
bi_grams_per_sentence_0SE, bi_grams_per_word_0SE, <
tri_grams_per_sentence_0SE, tri_grams_per_word_0SE, <«
four_grams_per_sentence_0SE, four_grams_per_word_OSE,
verbs_0SE, nouns_0SE, adje_0SE, advrb_0SE, prn_0OSE,
np_count_0SE, vp_count_0SE, pp_count_0OSE, <
content_word_incidence_0SE, <+

no_f_raw_content_word_frequency_OSE]

lines_PWKP = [flesch_kincaid_PWKP, flesch_PWKP, smog_index_PWKP, <

33
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gunning_fog_PWKP,

automated_readability_PWKP, dale_chall_readability_PWKP, <>
spache_readability_PWKP,

words_per_sentence_PWKP, TTR_PWKP, GTTR_PWKP, CTTR_PWKP, <«
unique_tokens_PWKP, char_count_PWKP, count_phonemes_PWKP,

bi_grams_per_sentence_PWKP, bi_grams_per_word_PWKP, <«
tri_grams_per_sentence_PWKP, tri_grams_per_word_PWKP,6 <
four_grams_per_sentence_PWKP, four_grams_per_word_PWKP,

verbs_PWKP, nouns_PWKP, adje_PWKP, advrb_PWKP, prn_PWKP,

np_count_PWKP, vp_count_PWKP, pp_count_PWKP, <«
content_word_incidence_PWKP, <«

no_f_raw_content_word_frequency_PWKP |

transposed_columns_0SE = list(map(list, zip(xlines_0SE)))
transposed_columns_PWKP = list(map(list, zip(*lines_PWKP)))

lists_df_0SE = pd.DataFrame(transposed_columns_0SE, columns=header).«>
transpose ()
lists_df _PWKP = pd.DataFrame(transposed_columns_PWKP, columns=header)«

.transpose ()

# extract the features in a csv to possibly use for the paper
with open(”Features_list_OSE.csv”, 'w', newline='') as file:
writer = csv.writer(file)

# write each row to the CSV file
writer .writerow(header)
for row in lists_df_O0OSE:

writer.writerow(lists_df_0SE[row])

with open(” Features_list PWKP .csv”, 'w', newline='') as file:

writer = csv.writer(file)

# write each row to the CSV file

writer .writerow(header)
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for row in lists_df_PWKP:

writer .writerow(lists_df_PWKP[row])

[ VA R

© oo N O

L = W N =

Metd 9étouvpe ) uédodo ue tny omola Yo exmoudelcoLUe ToLg aAyoplduoug, cuyxeEXpUIEVa
ue train-test split xou ouyxexpiéva ywplouévo oe 70/30 train/test yio to PWKP xou 90/10

train/test yioa To OneStopEnglish Corpus twv classifier.

X_0SE = lists_df_0SE.transpose()
y_0SE = complexity_level_ OSE

# split the dataset into training and testing sets for the OSE Corpus
X_train_0OSE, X_test_0SE, y_train_OSE, y_test_0SE = train_test_split(«
X_0SE, y_0SE, test_size=0.1, random_state=42)

X_PWKP = lists_df_PWKP.transpose()
y_PWKP = complexity_level_ PWKP

# split the dataset into training and testing sets for the PWKP «
Corpus

X_train_PWKP, X_test_PWKP, y_train_PWKP, y_test_PWKP = <«
train_test_split (X_PWKP, y_PWKP, test_size=0.3, random_state=42)

To enopeva 3 block xwdua eivon o classifiers, oto onola @atveton 1 Sadixacion and To TG
Toug puiullw” péypel xou To mwe Toug oloroy®. Apylloupe ye tov RE classifers. Ot
ToedpEeTEoL Tou dhhaga eivor To randome state oe 112 to omnolo elvon amAd SrapopeTind seed,
oAAG pog @épver Alyo xolltepa anoteréopata and to default 42, To min samples split to
oMGEape amd 2 o 8, To min samples leaf and 1 oe 2 xoau to max features to dhhalo and
To sqr(square root) ot6 log2. Télog, Ta amoTeEAéoPATA TOU CUNEYW TEPLEYOUY EXTOC TOU
accuracy xou To preceision, recall, f1 score xou téhoc To consusion matrix. To {Bio Yo yivel

yia 6houg Toug classifiers.

# create a Random Forest classifier with various hyperparameters

rf_clf = RandomForestClassifier(
n_estimators=100, # number of trees
max_depth=10, # maximum depth of each tree

min_samples_split=8§, # minimum number of samples to split<«

an internal node
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min_samples_leaf=2, # minimum number of samples at a <«
leaf node
max_features='log2 "', # number of features to consider <«

when looking for the best split

bootstrap=True, # use bootstrap samples

criterion='"gini', # function to measure the quality of<«
a split

random_state=112, # seed for reproducibility

n_jobs=-1 # use all processors for parallel «
processing

# train the classifier on the training data

rf_clf.fit(X_train, y_train)

# make predictions on the testing data

y_pred = rf_clf.predict(X_test)

# calculate and print the accuracy of the model
accuracy = accuracy_score(y_test, y_pred)

print (f” Accuracy: {accuracy * 100:.2{}%")

# calculate precision, recall , and Fl-score
precision = precision_score(y_test, y_pred, average='weighted')
recall = recall_score(y_test, y_pred, average='weighted')

f1 = fl_score(y_test, y_pred, average='weighted"')

print (f” Precision: {precision * 100:.2{}%")
print (f” Recall: {recall % 100:.2{}%”)
print (£”"Fl1-Score: {fl % 100:.2f}%”)

# generate a classification report
print (”\nClassification Report:”)

print(classification_report(y_test, y_pred))

# generate a confusion matrix



40
41
42

© 00 N O Ut ke W N

NN NN N NN N N H = = e e e
0 N O Ut ke W NN = O O 0NN O Ut e W NNy = O

KEPAAAIO D. TAOIIOTHXH

print (”\nConfusion Matrix:”)

conf_matrix = confusion_matrix(y_test, y_pred)

print (conf_matrix)

Enéuevog classifier elvar o DecisionTree. Ot mopduetpol nou mewpdoue eivor to criterion to

onolo €yel (Blo anmotéheopa xou Yoo Tic 3 emhoyée, gini, entropy xou log loss, nelpdope to

max depth ané None oe 4 %t tou avéBaoce to accuracy and 67,76% oe 75,96%, to random
/7 / 4 7 7 e /7 7’ /.

10 onolo omwe avaPépaue xou Tapandve elvon amAd to seed oto omolo eldaye TO *UADTERO

anotéleopa xou Téhog To max features to onoto ahhdEape andé None oe log2.

# initialize the DecisionTreeClassifier with some hyperparameters

clf = DecisionTreeClassifier(
criterion='entropy',
splitter='best ',
max_depth=4,
min_samples_split=2,
min_samples_leaf=1,
max_features='log2 ',

random_state=163

# train the model

clf.fit(X_train, y_train)

# make predictions

y_pred = clf.predict(X_test)

# evaluate the model

accuracy = accuracy_score(y_test, y_pred)
precision = precision_score(y_test, y_pred, average='weighted')
recall = recall_score(y_test, y_pred, average='weighted")

f1 = fl_score(y_test, y_pred, average='weighted"')

cm = confusion_matrix(y_test, y_pred)
print (f'Accuracy: {accuracy}')
print (f'Precision: {precision}')
print (f 'Recall: {recall}")
(f

print (f'F1 Score: {fl1}")
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print ("\nClassification Report:”)
print(classification_report(y_test, y_pred))

print (f'Confusion Matrix:\n{cm}")

38

Téhog, €youue Tov SVM o ornolog elvar oty oxoyévela twv SVM. Ot napduetpot mod dAaoy

elvor povo o class weight to onolo édeca oe balanced ané None.

from sklearn.svm import SVC

from sklearn.metrics import accuracy_score

# create a rbf SVM classifier
svm = SVC(kernel='rbf', gamma = "scale”, probability = False,

class_weight = ”"balanced”)

# train the classifier

svm.fit(X_train, y_train)

# predict on the test set

y_pred = svm.predict(X_test)

# evaluate the classifier

accuracy = accuracy_score(y_test, y_pred)

precision = precision_score(y_test, y_pred, average='weighted"')
recall = recall_score(y_test, y_pred, average='weighted')

f1 = fl_score(y_test, y_pred, average='weighted')

cm = confusion_matrix(y_test, y_pred)

print (f'Accuracy: {accuracy}')

print (f'Accuracy: {accuracy}')
print (f 'Precision: {precision}")
print (f 'Recall: {recall}")

print (f'F1 Score: {fl1}")

print ("\nClassification Report:”)
print(classification_report(y_test, y_pred))

print (f'Confusion Matrix:\n{cm}")

P




KepdAharo E

AmoteAeopaTa

V OUVEYNC UTOVOUUE OTO XEQPAANLO TWV omoTeheoUdtwy. To xepdloo autd Vo
TEPLEYEL TNV TOEOVGIAOT] TWV ATOTEAEOUTWY, META NG omoloag Yo yivel xou 1 o&-
ohoynon touc. Téhog, Yo cuyxpivouue o oyéon Pe TOPOUOIES EQYACIES, Yol VA

TPOETOWAG TOVUE YL TO XEPIANO TWV CUUTEQAUCUNTODV.

E.1 Ilapouciacn anoteAscudtwy

Apywd Vo avagépw 6Tt Ya Eexvrjoouue ue Ta anotedéopata Tou PWKP Corpus. ‘Onwg
QoIVETAL XL OTOV Topoxdtw Tivoxa E.1, to mowo vdmid anotéleopa emtelydnxe ue tov
SVM, pe 76,33% accuracy. Ot dlhot 2 classifiers Sev ftav mohd miow oe oyéon pe Tov
RF, frav ehdyrota paxptd, ue accuracy 76.17%, uéhic 0,19% mowo miow andé tov SVM,
eniong To DecisionTree fjtay 10 yeipdteQO Xou Ye Ut Vo Elvon GYeTIXd TdAL xOVTA GTaL GANAL
anoteréoparta pe 74.8%. Xtn ouvéyeto BAémoupe to Confusion Matrix yio xdde évav and

Toug ahyopltuoug atoug mivaxeg E.1, E.1 xou E.1

39
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ITivaxoag E.1: AnoteAéouara twv classifer yia to PWKP Corpus.

Model Accuracy Precision Recall F1 Score
RF(RandomForest) 76.17% 76.24% 76.17%  76.17%
DecisionTree 75% 75.28% 75% 74.97%
SVM 76,33% 76,33% 76,33% 76,33%

ITivaxacg E.2: Confusion Matriz tov RF classifer yia to PWKP Corpus.

True class
simple advanced Total
simple 1148 389 1148 + 389
Classified as
advanced 326 1137 326 + 1137

Total 1148 + 326 389 4 1137 3000

ITivaxacg E.3: Confusion Matriz tov Decision Tree classifer yia to PWKP Corpus.

True class
simple advanced Total
simple 1092 445 1092 + 445
Classified as
advanced 305 1158 305 + 1158

Total 1092 4+ 305 445 + 1158 3000

IMivaxag E.4: Confusion Matriz tov SVM yia to PWKP Corpus.

True class
simple advanced Total
simple 1187 350 1187 + 350
Classified as
advanced 360 1103 360 + 1103

Total 1187 + 360 350 + 1103 3000

Y1 ouvéyela mnyaivovtog ota anoteréopata yio To OneStopEnglish Corpus o xolitepog
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classifier fitav o RF, pe to xalltepo accuracy tne epyaoiac, 78.80%. Xe autéd to Corpus,
OTWS QalvETAUL XU 0TOV TopoxdTe Tivoxa E.1 ot dhhol 2 classifier Aoy xatd ToA) yewpdtepol
ue Twv Decision Tree va éyel 57.83% xaw tov SVM 54.60%. Ta 2 autd anoteléopata eivor
xovtd oto 50%, to onolo onuoiver tL ot 2 autol classifier mpoPhénouvy oyedov tuyoio. Ko
puoxd €youpe xou Yo Toug classifiers Tou OneStopEnglish to Confusion Matrix yia xdde

évay and Toug alyopliuoug otoug mivaxeg E.1, E.1 xou E.1

ITivaxag E.5: AnoteAéouarta twv classifer yia to OneStopEnglish Corpus.

Model Accuracy Precision Recall F1 Score
RF (RandomForest) 78.80% 79.15% 78.8% 78.69%
DecisionTree 54.61% 55.18% 54.61%  54.13%
SVM 54.61% 54.79% 54.61% 52.8%

ITivaxag E.6: Confusion Matrix tov RF classifer yia to OneStopEnglish Corpus.

True class

simple | advanced Total

simple 190 33 190 + 33

advanced 59 152 59 + 152
Total 190+59 33 4 152 434

Classified as

ITivaxac E.7: Confusion Matriz tov Decision Tree classifer yia to OneStopEnglish

Corpus.
True class
simple | advanced Total
simple 99 124 99 + 124
Classified as
advanced 73 138 73 + 138

Total 99473 124+ 138 434
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ITivaxag E.8: Confusion Matriz tov SVM ya to OneStopEnglish Corpus.

True class

simple advanced Total

simple 164 59 164 + 59

advanced 138 73 138 + 73
Total 164+ 138 59+ 73 434

Classified as

E.2 X0yxpion pe nopdupoleg epyacisg

Puowd, omwe €youue Oeilel oto xe@dhato ye Titho "lapduolec Epyaciec” to xahibtepo
amotéleoya mou €youyue et eivan and v epyooio [11] pe accuracy 97,6%. To accuracy
T elvor TP TOAD XA, XU QUOIXE OEV UTEEYEL XAV VOTNUA Vo dpylCOUUE TN GUYXELON
oauTh. ARG elvon onuavTnd Vo avaépouUe TS oty epyasia auTh yenowomotfinxay 111
OLUPOPETIX YAUPAXTNELO TIXE XATL TO OTOLO PUOLXA Elvol BUOXOAO VoL GUAREEELS Ao TIC TTREOTY-
oelg xoddC TOMG amd Tar YoEaXTNELOTIXA auTd Bev €youv étowes BiBholnxes xan epyoheio
vt voo og Bonificouy 6Tov LUTohoYIouO Toug. Me pohig 29 yopoxTnelo Tnd ATay Aoyixd va

€y ouUE TOAD BEOUO YLl VAL (PTACOUUE To ATOTEAECUOTA TTOU BAETOLUE amd JAAES EPYATIEC.

Yuveylovtag €youue dAAN pio epyaota 1 onola yenowponolfoel xou auth) To OneStopEnglish
Corpus. H epyasio auvtr etvor 1 [13] ye oyeddv 1o Blo xold anotehéopota Ye TO accuracy
va ptéver oto 95.5% vy tic Advanced npotdoelc, ye tic Elementary vo éyouv accuracy
93.2% o Tic Intermediate vo éyouv accuracy 87.8%. Ta amoteréopota autd eivar TOAD
AL, Hou TOAD YoxELd omd ToL Oixd Yo, oA xan TIAL oL LY YEAgElS elyay Ypnoylonotoel
312 BLapORETIXG YoPOXTNELOTIXG, TdvVw antd 10 Qopéc ToV apLliu AUTMY TOU YENOWOTOLCUE.

Me autd 670 Vou TdPE OTO AMOTEAEGUATA TTOLO XOVTLVAL GTAL OIXE LS.

Y ouvéyel Yo ouyxpivoupe to amoteléopotd ag and e epyaotes [2], [10] xau [1]. Me v
(Bt oeLpd Tor xahbtepa amoteAéopata Toug elvan ye tov SMO 78.13%

, ue Tov CNN  85.69% xou pe tov RF 72,5%. Kowtdvtac ta xahdtepo amotehéopato mou
oel€ape xou otoug mivaxeg E.1 xou E.1 BAémouye To 6TL ooy TWEC €lvan oYeTNE XOVTIVES UETALY

TOUC.

Téloc, loog 1 epyaota [16] va elye Sixto pe tic opgpBories tic oto PWKP Corpus xaddc eiye

aroteAéopata yewotepa Tou OneStopEnglish, oAAd dev €youue opxetd dedouéva yior Vo TO
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CUUTERAVOUUE.
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Kepdharo F
LUMUTEPAOMATL

V TEAEL QTACOUE OTO XEPANOLO TV CUUTERUOUATWY. Y Tdeyouv TOAAS TEdyuoTo
Tot ool UTOPEL Vor ExorvaL BLAPORETIXG OGO avaPopd. BLdpopouS TopEelg oTng epyaoia

auTH.

F.1 Corpus

Apynd €youpe ta Corpus. ‘Ioog n emhoyn tou PWKP cov corpus vo unv oy 1 xohitepy
HE LT ToL E€pw TAEWY, xad®S EYEL TO aEVNTIXG, TO OO0 BE GXEPTAXOUE OTNV dpYT, TOU
ot eltvan Corpus and xelyevo oto Wiki, dev elvan évar Corpus 1o omolo dnuovpyrinxe and
CUALOYY| TIOLOTIXWY XEWEVWY, 4Tl To omolo umopel vo duoxohede v €peuva avtr. ‘Oco
avagopd to OneStopEnglish Corpus, napdio mou elye to xahltepo accuracy, elye xon To 2
YEWOTEPA accuracy otoug dhloug 2 classifiers. To xOplo Véua ye o Corpus autd Yewpolue
ot elvon to wxpd péyedoc tou. Eve yia mapddetypa to PWDK Corpus elye to xohitepa
anoteNéopato yio train-test plit 70%-30%, to OneStopEnglish to eiye yio train-test plit
90%-10%. Tooc av cuveyioet n euriovtnon Tou Corpus Yo umopoUcE XoTd TN YVOUT LOU Va

Z 4 7 7’ Z
EXEL XATA TOAD XAUAVTEQU UTOTEAECUATOL.

F.2 Xoapaxtnpiotixd

‘Oco avapopd o yopaxTnelo Txd, YEmEOoUUE OTL 0 HEYAAUTEROC TERLOPLOUOS Tay O aptiudg

TOUTIXOVY YARAXTNELO TIXOV. ATO TIC EPYATIES TOU AvVaPEPUUE AUTES UE To XAADTERH ATOTEAED-

44



KEPAAAIO F. YTMIIEPAYMATA 45

potar eby oy TOMAES POREC TUPATAVE YAUPAUXTNELO TIXE ol T TOGO YENOHIOTOLCOUE EUELC. AV
ATAY VoL IAAGEOUUE XATL GTOV TOUEN TWV YAURUXTNELO TV, Yewpolue 6Tl auTé Yo iTory To u6vo
mou Yo oAAGope. To yopaxTNEIG TIXE TTOU YENOWOTOCUUE PAVAXAY VO EXOVOL ULaL OYETIXE
XA BOLAELS OE GUYXELON PE TIC BGAREC EQYUOIEC TOU OVAUPEQOUE TORUTAVG, 1) TOUAAYLOTOV

autd Yewpolpe 6Tl Belyvouy Ta anoteAéopata Twv calssifiers.

F.3 AMyéprdpolr Mnyavixng Mdadnong

Yto 9éua twv MM classifaiers, plor ohhoryr) mou Yo xaAUTEREVE Tal ATOTEAECUOTO XATE TNV
dmon pag, Yo unopoloe vo Ntav 1 yenon mopandve apuduny classifiers. T mopdderyuor,
oto OneStopEnglish Corpus n dwgopd and Classifier oe Classifier eivon yrydvtio(79.26%
T0 %ohUTEpo xou 54.60% 1o YewdTERD). pe TNV odhagr auth Yo uropolooue vo elyope Bpel

ahyopLdpoUC Tou elyay XOADTERA AMOTEAECUATAL.

F.4 TI'svixd cvunepdopata

Téhog, Yo avopépoupe To OTL €val oNUOVTIXO TEOBANUA oTov Topéa Tou text classificiation
Yewpolue OTL elvan 1) BlordectUOTNTOL SLOPORETIXWY ERYOAEIWY Yot TNV EEXAYWYT) TWY TEPITAOXWY
YoeaxtneloTixwy. Me neplocdtepa epyoheio Yol TOV o%x0T6O auTO 1) SLXAOYT) EVOC PEYAAOU
aptduol yopoxTNEoTIX®)Y Vo Aoy TOAY ToLo EUXOAY), XATL TOU OTKC AVAUPEQUUE TOQATAV

Yewpolue OTL elvan VA amd TOUC TOLO CNUAVTIXOUE ToedyovTeg 6To VEéua auTo.
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LUVTUNOELC

AT Artificial Intelingence

NLP Natual language processing

ML Machine Learning

TTR Type-token ratio

CTTR Caroll’s corrected Type-token ratio
GTTR Guiraud’s corrected Type-token ratio
PoS Part of Speach

ARA automatic readability assesment
SMO Sequential Minimal Optimization
CNN Convolutional Neural Network
RNNs Recurrent Neural Networks
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RF Random Forest classifier

GBDT Gradient Boosted Decision Tree classifier
SVM Support Vector Machine

MLP Multi-Layer Perceptron

QDA Quadratic Discriminant Analysis classifier
ESLTL ESL Texts in Levels Corpus

LEXdens Lexical Dencity

MTLD The Measure of Textual Lexical Diversity
NB Naive Bayes classifie

kNN K-Nearest Neighbors

CEFR Common European Framework of Reference
NDW Number of Different Words

ARI Automated Readability Index

HLP Human Language Processing

sqr square root



PWKP parallel Wikipedia Simplification

L2 Second Language

MCC Matthews’s Correlation Coefficient18

HLP Human Language Processing
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N O Ot s W N =

10
11
12
13
14
15
16
17
18

19
20
21
22
23
24
25
26

Kodikoc ywplLopevog o block

!pip install textstat

!pip install nltk

!pip install scikit—learn

!pip install Pronouncing

!pip install spacy

Ipython —m spacy download en_core_web_sm

import
import
import
import
import

import

spacy
requests

string

textstat as txs
nltk

math

from nltk import bigrams, trigrams, ngrams

from nltk.tokenize import word_tokenize,

from collections import Counter

import

re

sent_tokenize

from sklearn.feature_extraction.text import TfidfVectorizer, <«

CountVectorizer

from sklearn.tree import DecisionTreeClassifier

from sklearn.svm import SVC

from sklearn.metrics import accuracy_score

import
import

import

from sklearn.model_selection import train_test_split,

pandas as pd
csv

pronouncing #for the phonemes

54

GridSearchCV



27
28

29
30
31
32
33
34

35
36
37
38
39
40
41
42
43
44
45

46
47
48
49
50
51
52

53
54
55
56
57
58
59
60

from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy_score, precision_score, <

recall_score, fl_score, confusion_matrix, classification_report

nltk.download( 'punkt')
nltk.download( 'averaged _perceptron_tagger')

# Download PWKP Corpus

url = "https://raw. githubusercontent.com/AlexandrosPoulis/«
DownloadableCorpus/main/PWKP_108016"
response = requests.get(url)
if response.status_code = 200:
with open("PWKP.txt”, "wb”) as file:
file.write(response.content)
print (" File downloaded successfully!”)
else:
print (" Failed to download the file.”)
# Download OneStop Corpus

url = "https://raw. githubusercontent.com/AlexandrosPoulis/«+
DownloadableCorpus/refs /heads/main /ADV-ELE. txt”
response = requests.get(url)
if response.status_code = 200:
with open(” Onestop.txt”, "wh”) as file:
file.write(response.content)
print (" File downloaded successfully!”)
else:
print (" Failed to download the file.”)
# split the PWKP Corpus in simple and advanced sentences

with open("PWKP.txt”, ”"r”) as file:
lines = file.readlines()
i=0
simple_PWKP = []
advanced_PWKP = []
temp = 0



61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
T
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96

97

for line in lines:
i+=1
if i =1

temp_adv = line

elif i = 2 and line.__eq__('\n') = False:

temp_simple = line

if line.__eq__("'\n")

advanced_PWKP.append(temp_adv)
simple_PWKP.append(temp_simple)
i=0

# split the Onestop Corpus in simple and advanced sentences

with open(”Onestop.txt”, 7r”) as file:
lines = file.readlines()
i=0

simple_Onestop = []
advanced_Onestop = []

temp = 0

for line in lines:

i4=1
if i =1
temp_adv = line
elif i = 2:
temp_simple = line
elif i = 3:

advanced_Onestop.append(temp_adv)
simple_Onestop.append(temp_simple)
i=20

#function to remove punctuation and digits , as well

as coverting

all «+



98
99
100
101
102

103
104
105

106

107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123

124

125

126
127

characters to lower case and removing extra white spaces

def remove_punctuation_and_lowercase(corpus_):

nlp = spacy.load(”en_core.web_sm”)#

translation_table_punc = str.maketrans(””, ””, string.punctuation¢«
translation_table_num = str.maketrans('', '', '0123456789")
for i in range(len(corpus_)):
temp_text = corpus_[i].translate(translation_table_punc).<«
lower ()

# a regular expression to replace multiple spaces with a <«
singular one

"', temp_text)

temp_text = re.sub(r'\s+',
# lemmatization
doc = nlp(temp_text)#—

lemmatized_text = ' '.join([token.lemma_ for token in doc])

# temp_text.translate (translation_table_num)

corpus_[i] = lemmatized_text.translate(translation_table_num)

return corpus_

dict_simpl_ensure_unique = []
dict_adv_ensure_unique = []

number_of_sentenses = 5000

corpus_simple_no_punc_0SE = remove_punctuation_and_lowercase (<
simple_Onestop [: number_of_sentenses]|)

corpus_adv_no_punc_0SE = remove_punctuation_and_lowercase (<«
advanced_Onestop [: number_of_sentenses]|)

corpus_no_punc_0SE = corpus_simple_no_punc_0SE + <

corpus_adv_no_punc_0SE

corpus_simple_no_punc_PWKP = remove_punctuation_and_lowercase (<«

simple_PWKP [: number_of_sentenses])



128

129

130
131
132
133
134
135
136
137
138
139
140
141
142
143

144

145

146

147

148

149

150

151

152
153

154

corpus_adv_no_punc_PWKP = remove_punctuation_and_lowercase (+°
advanced_PWKP [: number_of_sentenses]|)
corpus_no_punc_PWKP = corpus_simple_no_punc_PWKP + <«

corpus_adv_no_punc_PWKP

# function to extract the redability formulas

def readability_features_textstat(corpus):
flesch_kincaid_features = []
flesch_features = []
smog_index_features = []
gunning_fog_features = []
automated_readability_features = []
dale_chall_readability_features = []
spache_readability_features = |[]

coleman_liau_features = []

for text in corpus:

flesch_kincaid_features.append(txs.flesch_kincaid_grade(text)<«
)
flesch_features.append(txs.flesch_reading_ease(text))
smog_index_features.append(txs.smog_index(text))
gunning_fog_features.append(txs.gunning fog(text))
automated_readability_features.append(txs.«
automated_readability_index(text))
dale_chall_readability_features.append(txs.<+
dale_chall_readability_score(text))
spache_readability_features.append(txs.spache_readability (<«
text))
coleman_liau_features.append(txs.coleman_liau_index(text))# <«

didn 't use

return flesch_kincaid_features, flesch_features, <
smog_index_features, gunning_fog_features, <«
automated_readability_features, <«

dale_chall_readability_features, spache_readability_features



155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186

187
188
189
190
191

# function to extract the pos tags s well

def extract_pos_nltk(corpus):
pos_tags= []
words = []
sentence_len = []

ttr = []

cttr = []
unique_tokens = |[]

char_count = []

for text in corpus:
# tokenize sentence into words
words = nltk.word_tokenize(text)
sentence_len.append(len(words))
if len(words) = 0:
char_count .append (0)

else:

char_count .append(len(text.replace(

unique_words = set(words)

as some

other features

7 77))/len(words))

# count of the unique words in a sentence

unique_tokens.append(len(unique_words))

if len(words) = 0:
ttr.append(0)

else:

ttr.append(len(unique_words) / len(words))

gttr.append(len(unique_words) x math.sqrt(len(words)))

cttr.append(len(unique_words) * math.sqrt(len(words)/2))

pos_tags.append(nltk.pos_tag(words))

return sentence_len, pos_tags, ttr,

char_count

gttr,

cttr,

unique_tokens,

# function to extract the number of different pos tags per

def pos_feautres(pos_extracted):

verbs = []

sentence

P



192
193
194
195
196
197
198
199
200
201
202
203
204
205
206

207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228

for sentence in pos_extracted:
temp_verb = 0
temp_noun = 0
temp_adje = 0
temp_advrb = 0
temp_prn = 0
# find the count of each pos in a sentence
for word in sentence:
if word[1l] in ('VB', 'VBD', 'VBD', 'VBG', 'VBN',
VBZ') :
temp_verb 4= 1

if word[1l] in (”"RB”, 'RBR', 'RBS', '"WRB'):
temp_advrb 4= 1

if word[1] im ('NN', 'NNS', 'NNP', 'NNPS'):

temp_noun += 1

if word[1] dim ('JJ', 'JJR', 'JIS'):
temp_adje +=1

if word[1l] im ('PRP', 'PRPS$', '"WP', 'WP§'):
temp_prn 4= 1

verbs.append (temp_verb)
nouns . append (temp_noun)
adje.append(temp_adje)
advrb.append(temp_adje)
prn.append (temp_prn)

return verbs, nouns, adje, advrb, prn

'VBP',

'



229

230 def calculate_word_incidence(pos_tags, total_words):

231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266

# function to extract the number of word incidence

contenct_words = []

functional_words = []

raw_content_word_incidence

# make a list of the content
content_tags = {'NN', 'NNS',

IVBI IVBDI
133, 'JIR',
'RB', 'RBR',

=

# make a list of the functional

functional_tags = {'CC',
D',
DT
X
lPWl ’
e
LS
o
'PDT
POS'
'"PRP"
'RP
lTOl 7
o
"WDT

i=0

)

for sentence in pos_tags:

for word in sentence:

content_words = 0

funct_words = 0

tags

'PRPS ' ,

'WP'

'WP$'7

if word[l] in content_tags:

tags

'NNP', 'NNPS',
'VBG', 'VBN'
"JJs

IWBI}

'VBP',
# Adjectives
'"RBS'} # Adverbs



267 content_words += 1

268

269 if word[l] in functional_tags:

270 funct_words += 1

271

272 if total_words[i] = O0:

273 content_word_incidence = 0

274

275 else:

276 content_word_incidence = int(content_words) / int(«
total_words[i])

277 functional_word_incidence = int(funct_words) / int (¢«
total_words|[i])

278

279 contenct_words.append(content_word_incidence)

280 functional_words.append(functional_word_incidence)

281 raw_content_word_incidence.append(content_words)

282

283 i+=1

284

285 return contenct_words, functional_words, <>

raw_content_word_incidence
286

287 # function to calculate the tf idf feature
288 def calc_tf_idf(corpus):

289

290 tf_idf = []

291

292 # initialize the tf—idf vectorizer

293 vectorizer = TfidfVectorizer ()

294

295 # fit and transform the sentence

296 tfidf _matrix = vectorizer.fit_transform(corpus)
297

298 feature_names = vectorizer.get_feature_names_out ()
299

300 # convert the matrix to a dense format

301 dense_matrix = tfidf_matrix.todense()



302
303
304
305
306
307
308
309

310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327

328

329

330
331
332
333
334
335

dense_matrix_as_array = dense_matrix.tolist ()

for doc_inde

X,

doc in enumerate(dense_matrix_as_array):

temp_val = 0

temp_count = 0

for word_index, score in enumerate(doc):

if score > 0:

score

tem

tem

p_val += score

p_count += 1

if temp_count > O0:

# append only words with a non—zero TF-IDF<«

tf_idf.append(temp_val/temp_count)

else:

tf_idf.append(0)

return tf_idf

# function to extract number of different phrases

def calculate_np_vp_pp(corpus):

np_count_list = []

t =[]

vp_count_1lis

pp_count_1lis

”

grammar = I

b2

t =

79

NP:

PP:

[]

{<DT|JJ INN.*>+}
JJ, NN
{<IN><NP>}
followed by NP

# Chunk sequences of DT, «+

# Chunk prepositions <«

VP: {<VB.x><NP|PP|CLAUSE>+$} # Chunk verbs and their <

9

arguments

# Create a chunk parser

chunk_parser

nltk.RegexpParser (grammar)



336 for sentence in corpus:

337 np_count = 0

338 vp_count = 0

339 pp_count = 0

340

341 # tokenize sentence into words

342 words = nltk.word_tokenize(sentence)
343 # extract POS tags for the words

344 tagged_words = nltk.pos_tag(words)

345 # extract phrases

346 tree = chunk_parser.parse(tagged_words)
347 # count NP, VP, PP

348 for subtree in tree:

349 if isinstance(subtree, nltk.Tree):
350 if subtree.label() =— 'NP':
351 np_count 4= 1

352 elif subtree.label() = 'VP':
353 vp_count += 1

354 elif subtree.label() =— 'PP':
355 pp_count 4= 1

356

357 np_count_list.append(np_count)

358 vp_count_list.append(vp_count)

359 pp_count_list.append(pp_count)

360

361 return np_count_list, vp_count_list, pp_count_list
362

363 # function to extract the number of ngrams per word and per sentence

364 def n_grams_(corpus, n, sentence_len):

365 bi_grams_per_sentence = []

366 bi_grams_per_word = []

367

368 1=0

369 for sentence in corpus:

370

371 # tokenize the sentence into words

372 tokenized_sentence = nltk.word_tokenize(sentence)

373



374
375
376
377
378
379
380
381

382
383
384
385
386
387
388
389
390
391
392
393
394

395
396
397
398
399
400
401
402
403
404
405
406
407
408
409

# generate n—grams for each sentence and count them

sentence_ngrams = ngrams (tokenized_sentence, n)

total_ngrams = sum(len(ngram) for ngram in sentence_ngrams)

bi_grams_per_sentence.append(total_ngrams)
if sentence_len[l] == 0:
bi_grams_per_word.append('0"')

else:

bi_grams_per_word.append(total_ngrams / int(sentence_len[l«

1))

14=1

return bi_grams_per_sentence, bi_grams_per_word

# function to count the number of phonemes for an English word

def count_phonemes (word):

# get the ARPAbet phonemes from the CMU Pronouncing Dictionary

phoneme_list = pronouncing.phones_for_word(word)

if phoneme_list:
# select the first pronunciation variant (if there are <«
multiple)
phonemes = phoneme_list [0].split()
return len(phonemes), phonemes
else:

return 0, []

# function to count the number of phonemes for an English word
def count_phonemes_sentence(corpus, words_per_sentence):
phonemes_count_list = []
1=0

for sentence in corpus:

# tokenize the sentence into words
tokenized_sentence = nltk.word_tokenize(sentence)

temp_phonemes_count = 0



410
411
412
413
414
415

416

417
418

419

420

421
422
423

424

425
426
427

428

429

430
431

# count the phonems in a sentence
for word in tokenized_sentence:
num_phonemes, phonemes = count_phonemes (word)

temp_phonemes_count += num_phonemes

phonemes_count_list.append(temp_phonemes_count/ <

words_per_sentence[l])

1 4= 1

return phonemes_count_list

flesch_kincaid_0SE, flesch_0OSE, smog_index_0SE, gunning_fog_ 0SE, <
automated_readability_OSE, dale_chall_readability_0SE, <«
spache_readability_OSE = readability_features_textstat(+

corpus_no_punc_0SE)

flesch_kincaid_PWKP , flesch_PWKP , smog_index_PWKP , <«
gunning_fog PWKP , automated_readability_PWKP , <«
dale_chall_readability_PWKP , spache_readability_PWKP = <

readability_features_textstat(corpus_no_punc_PWKP)

words_per_sentence_0SE, pos_tags_0SE, TTR_OSE, GTTR_OSE, CTTR_OSE, <
unique_tokens_0SE, char_count_0SE = extract_pos_nltk(«
corpus_no_punc_0SE)

words_per_sentence_PWKP, pos_tags_PWKP, TTR_PWKP, GTTR_PWKP, <
CTTR_PWKP, unique_tokens_PWKP, char_count_PWKP = extract_pos_nltk<>
(corpus_no_punc_PWKP)

verbs_0SE, nouns_0SE, adje_0SE, advrb_0SE, prn_0SE = pos_feautres(+
pos_tags_0SE)

verbs_PWKP, nouns_PWKP, adje_PWKP, advrb_PWKP, prn_PWKP = <«
pos_feautres (pos_tags_PWKP)

content_word_incidence_0SE, functional_word_incidence_0SE, <
no_f_raw_content_word_frequency_OSE = calculate_word_incidence (+

pos_tags_0SE, words_per_sentence_0SE)



432

433
434
435
436
437

438

439
440

441

442

443

444

445

446

447

448

449

450

451

452
453
454
455

content_word_incidence_PWKP, functional_word_incidence_PWKP, <>
no_f_raw_content_word_frequency_PWKP = calculate_word_incidence (¢«

pos_tags_PWKP, words_per_sentence_PWKP)

tf_idf _0SE = calc_tf_idf (corpus_no_punc_0SE)
tf_idf_PWKP = calc_tf_idf (corpus_no_punc_PWKP)

np_count_0SE, vp_count_OSE, pp_count_0SE = calculate_np_vp_pp (¢«
corpus_no_punc_0SE)

np_count_PWKP, vp_count_PWKP, pp_count_PWKP = calculate_np_vp_pp(«
corpus_no_punc_PWKP)

count_phonemes_0SE = count_phonemes_sentence(corpus_no_punc_0SE,
words_per_sentence_0SE)
count_phonemes_PWKP = count_phonemes_sentence (corpus_no_punc_PWKP, <«

words_per_sentence_PWKP)

bi_grams_per_sentence_0SE, bi_grams_per_word_0SE = n_grams_ (<
corpus_no_punc_0SE, 2, words_per_sentence_0SE)

tri_grams_per_sentence_0SE, tri_grams_per_word_0SE = n_grams_ (¢«
corpus_no_punc_0SE, 3, words_per_sentence_0SE)

four_grams_per_sentence_0SE, four_grams_per_word_0SE = n_grams_ (<«

corpus_no_punc_0SE, 4, words_per_sentence_0SE)

bi_grams_per_sentence_PWKP, bi_grams_per_word_PWKP = n_grams_ (¢«
corpus_no_punc_PWKP, 2, words_per_sentence_PWKP)

tri_grams_per_sentence_PWKP, tri_grams_per_word_PWKP = n_grams_ (<«
corpus_no_punc_PWKP, 3, words_per_sentence_PWKP)

four_grams_per_sentence_PWKP, four_grams_per_word_PWKP = n_grams_ (<«

corpus_no_punc_PWKP, 4, words_per_sentence_PWKP)

# header list of all the features names for each sentence

header = ['flesch_kincaid', 'flesch', 'smog_index', 'gunning fog',
"ARI', 'dale_chall_readability ', 'spache_readability',
"words_per_sentence ', '"TTR', 'GITR', 'CTTR', 'unique_tokens+<+

", 'char_count', 'count_phonemes',



456 '"bi_grams_per_sentence', 'bi_grams_per_word', '+

tri_grams_per_sentence ', 'tri_grams_per_word', '«
four_grams_per_sentence', 'four_grams_per_word',

457 'NPs', 'VPs', 'PPs',

458 '"verbs', 'mouns', 'adjective', 'adverb', 'pronouns', '«

content_wrods_incidences ']

459

460 length_0SE = len(pp_count_0SE)/2

461 class_smpl_OSE = pd.Series (0, index=range(int(length_0SE)))

462 class_adv_0SE = pd.Series(l, index=range(int(length_0SE)))

463 class_smpl_list_OSE = class_smpl_0SE.values.tolist()

464 class_adv_list_0SE = class_adv_0SE.values.tolist ()

465 complexity_level _O0SE = (class_smpl_list_0SE + class_adv_list_0SE)

466

467 length_PWKP = len(pp_count_PWKP)/2

468 class_smpl_PWKP = pd.Series(0, index=range(int(length_PWKP)))

469 class_adv_PWKP = pd.Series(l, index=range(int(length_PWKP)))

470 class_smpl_list_PWKP = class_smpl_PWKP.values.tolist()

471 class_adv_list_PWKP = class_adv_PWKP.values.tolist ()

472 complexity_level PWKP = (class_smpl_list_PWKP + class_adv_list_PWKP)

473

474 # list of all the features for each sentence

475 lines_0SE = [flesch_kincaid_0SE, flesch_0SE, smog_index_0SE, <«

gunning_fog_OSE,

476 automated_readability_OSE, dale_chall_readability_0OSE, <«
spache_readability_O0SE,

477 words_per_sentence_0SE, TTR_OSE, GTTR_OSE, CTTR_OSE, <
unique_tokens_0SE, char_count_0SE, count_phonemes_0SE,

478 bi_grams_per_sentence_0SE, bi_grams_per_word_0SE, <«
tri_grams_per_sentence_0SE, tri_grams_per_word_0SE, <«

four_grams_per_sentence_0SE, four_grams_per_word_0SE,

479 verbs_0SE, nouns_0SE, adje_0SE, advrb_0SE, prn_0OSE,

480 np_count_0SE, vp_count_0SE, pp_count_0SE, <
content_word_incidence_OSE]

481

482 lines_PWKP = [flesch_kincaid_PWKP, flesch_PWKP, smog_index_PWKP, <«

gunning_fog_PWKP,
483 automated_readability_PWKP, dale_chall_readability_PWKP, <«



spache_readability_PWKP,
484 words_per_sentence_PWKP, TTR_PWKP, GTTR_PWKP, CTTR_PWKP, <
unique_tokens_PWKP, char_count_PWKP, count_phonemes_PWKP,
485 bi_grams_per_sentence_PWKP, bi_grams_per_word_PWKP, <«
tri_grams_per_sentence_PWKP, tri_grams_per_word_PWKP, <«

four_grams_per_sentence_PWKP, four_grams_per_word_PWKP,

486 verbs_PWKP, nouns_PWKP, adje_PWKP, advrb_PWKP, prn_PWKP,

487 np_count_PWKP, vp_count_PWKP, pp_count_PWKP, <«
content_word_incidence_PWKP]

488

489

490

491

492

493 transposed_columns_0SE = list(map(list, zip(xlines_0SE)))

494 transposed_columns_PWKP = list(map(list, zip(*xlines_PWKP)))

495

496 lists_df_0SE = pd.DataFrame(transposed_columns_0SE, columns=header).<
transpose ()
497 lists_df_PWKP = pd.DataFrame(transposed_columns_PWKP, columns=header )<

.transpose ()

498

499 # extract the features in a csv to possibly use for the paper
500 with open(” Features_list_OSE.csv”, 'w', newline='') as file:
501

502 writer = csv.writer(file)

503

504 # write each row to the CSV file

505 writer .writerow(header)

506 for row in lists_df_0OSE:

507 writer.writerow(lists_df_0SE[row])

508

509 with open(” Features_list PWKP.csv”, 'w', newline='') as file:
510

511 writer = csv.writer(file)

512

513 # write each row to the CSV file

514 writer .writerow(header)



515
516

518
519
520
521
522

523
524
525
526
527
528

529

530
531
532
533
534

535

536

537
538

539
540

541
542
543

for row in lists_df_PWKP:

writer .writerow(lists_df_PWKP[row])

X_0SE = lists_df_0SE.transpose()
y_0SE = complexity_level_ OSE

# split the dataset into training and testing sets for the OSE Corpus
X_train_0OSE, X_test_0SE, y_train_OSE, y_test_0SE = train_test_split (<«
X_0SE, y_0SE, test_size=0.1, random_state=42)

X_PWKP = lists_df_PWKP.transpose()
y_PWKP

complexity_level_ PWKP

# split the dataset into training and testing sets for the PWKP «
Corpus

X_train_PWKP, X_test_PWKP, y_train_PWKP, y_test_PWKP = <«
train_test_split (X_PWKP, y_PWKP, test_size=0.3, random_state=42)

# create a Random Forest classifier with various hyperparameters

rf_clf_OSE = RandomForestClassifier(

n_estimators=100, # number of trees
max_depth=10, # maximum depth of each tree
min_samples_split=8§, # minimum number of samples to split«

an internal node

min_samples_leaf=2, # minimum number of samples at a <«
leaf node

max_features='log2 "', # number of features to consider <

when looking for the best split

bootstrap=True, # use bootstrap samples

criterion='gini', # function to measure the quality of«
a split

random_state=112, # seed for reproducibility

n_jobs=-1 # use all processors for parallel «

processing
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545
546
547
548
549
550
551
552
553

554
555
556
557

558
559
560
561
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563
564
565
566
567
568
569
570
571
572

573
574
575
576
577
578

# train the classifier on the training data

rf_clf _OSE.fit(X_train_0OSE, y_train_OSE)

# make predictions on the testing data

y_pred_0SE = rf_clf_OSE.predict(X_test_0SE)

# calculate and print the accuracy of the model

accuracy_0SE = accuracy_score(y_test_0SE, y_pred_0SE)

print ("The results for of the Random Forest Classifier for the OSE <«
Corpus:”)

print (£” Accuracy: {accuracy_ OSE * 100:.2{}%")

# calculate precision, recall , and Fl—score

precision_0OSE = precision_score(y_test_0SE, y_pred_0SE, average='<«
weighted ")

recall _0SE = recall_score(y_test_0SE, y_pred_0SE, average='weighted"')

f1_0SE = fl_score(y_test_0SE, y_pred_0SE, average='weighted')

print (£” Precision: {precision.OSE % 100:.2 f}%")
print (f7 Recall: {recall_.OSE x 100:.2f}%")
print (f”7 Fl-Score: {fl1_.OSE % 100:.2{}%")

# generate a classification report
print (”\nClassification Report:”)
print(classification_report(y_test_0SE, y_pred_0SE))

# generate a confusion matrix

print (" \nConfusion Matrix:”)

conf_matrix_OSE = confusion_matrix(y_test_OSE, y_pred_0OSE)
print (conf_matrix_0SE)

# initialize the DecisionTreeClassifier with some hyperparameters
clf_0SE = DecisionTreeClassifier(
criterion="'log _loss ',
splitter='best ',
max_depth=4,

min_samples_split=2,
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min_samples_leaf=1,
max_features='log2 ',

random_state=163

# train the model
clf _OSE.fit(X_train_0SE, y_train_OSE)

# make predictions
y_pred_0SE = clf_0SE.predict(X_test_0SE)

# evaluate the model

accuracy_0SE = accuracy_score(y_test_0SE, y_pred_0SE)

print ("The results for of the Decision Tree Classifier for the OSE <«
Corpus:”)

print (£7 Accuracy: {accuracy_ OSE * 100:.2{}%")

# calculate precision, recall , and Fl—score

precision_0OSE = precision_score(y_test_0SE, y_pred_0SE, average='<«
weighted ")

recall _0SE = recall_score(y_test_0SE, y_pred_0SE, average='weighted"')

f1_0SE = f1_score(y_test_0SE, y_pred_0SE, average='weighted"')

print (£” Precision: {precision.OSE % 100:.2 f}%")
print (f7 Recall: {recall . OSE x 100:.2f}%")
print (f” Fl-Score: {fl1_.OSE % 100:.2{}%”)

# generate a classification report
print (”\nClassification Report:”)
print(classification_report(y_test_0SE, y_pred_0SE))

# generate a confusion matrix

print (”\nConfusion Matrix:”)

conf_matrix_OSE = confusion_matrix(y_test_OSE, y_pred_0OSE)
print (conf_matrix_0SE)

# create a rbf SVM classifier
svm_0SE = SVC(kernel='rbf', gamma = ”scale”, probability = False, <
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class_weight = ”"balanced”)

# train the classifier

svm_OSE.fit(X_train_0SE, y_train_O0SE)

# predict on the test set
y_pred_0SE = svm_0SE.predict(X_test_0SE)

# calculate and print the accuracy of the model
accuracy_0SE = accuracy_score(y_test_0SE, y_pred_0SE)
print ("The results for of the SVC for the OSE Corpus:”)
print (£” Accuracy: {accuracy_ OSE * 100:.2{}%")

# calculate precision, recall , and Fl—score

precision_0OSE = precision_score(y_test_0SE, y_pred_0SE, average='<«
weighted ")

recall _0SE = recall_score(y_test_0SE, y_pred_0SE, average='weighted"')

f1_0SE = fl_score(y_test_0SE, y_pred_0SE, average='weighted')

print (£” Precision: {precision.OSE % 100:.2 f}%")
print (f7 Recall: {recall_.OSE x 100:.2f}%")
print (f”7 Fl-Score: {fl1_.OSE % 100:.2{}%")

# generate a classification report
print (”\nClassification Report:”)
print(classification_report(y_test_0SE, y_pred_0SE))

# generate a confusion matrix

print (" \nConfusion Matrix:”)

conf_matrix_OSE = confusion_matrix(y_test_OSE, y_pred_0OSE)
print (conf_matrix_0SE)

# create a Random Forest classifier with various hyperparameters

rf_clf _PWKP = RandomForestClassifier(

n_estimators=100, # number of trees
max_depth=10, # maximum depth of each tree
min_samples_split=S§, # minimum number of samples to split<«

an internal node
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min_samples_leaf=2, # minimum number of samples at a <«
leaf node
max_features='log2 ', # number of features to consider <«

when looking for the best split

bootstrap=True, # use bootstrap samples

criterion='gini', # function to measure the quality of<«
a split

random_state=112, # seed for reproducibility

n_jobs=-1 # use all processors for parallel «

pI‘()C(}SSiDg

# train the classifier on the training data

rf_clf _PWKP.fit(X_train_PWKP, y_train_PWKP)

# make predictions on the testing data

y_pred_PWKP = rf_clf_PWKP.predict(X_test_PWKP)

# calculate and print the accuracy of the model

accuracy_PWKP = accuracy_score(y_test_PWKP, y_pred_PWKP)

print ("The results for of the Random Forest Classifier for the PWKP <«
Corpus:”)

print (£” Accuracy: {accuracy PWKP x 100:.2 f}%”)

# calculate precision, recall, and Fl-score

precision_PWKP = precision_score(y_test_PWKP, y_pred_PWKP, average='<«>
weighted ")

recall _PWKP = recall_score(y_test_PWKP, y_pred_PWKP, average='«
weighted ")

f1_PWKP = f1_score(y_test_PWKP, y_pred_PWKP, average='weighted")

print (f” Precision: {precision . PWKP «x 100:.2{}%")
print (f” Recall: {recall PWKP x 100:.2{}%")
print (f” Fl-Score: {flPWKP % 100:.2{}%")

# generate a classification report



679 print(”\nClassification Report:”)

680 print(classification_report(y_test_PWKP, y_pred_PWKP))

681

682 # generate a confusion matrix

683 print(”\nConfusion Matrix:”)

684 conf_matrix_PWKP = confusion_matrix(y_test_PWKP, y_pred_PWKP)
685 print(conf_matrix_PWKP)

686 # initialize the DecisionTreeClassifier with some hyperparameters

687 clf _PWKP = DecisionTreeClassifier(

688 criterion='log_loss ',
689 splitter='best ',

690 max_depth=4,

691 min_samples_split=2,
692 min_samples_leaf=1,
693 max_features='log2 ',
694 random_state=163

695 )

696

697 # train the model

698 clf _PWKP.fit(X_train_PWKP, y_train_PWKP)

699

700 # make predictions

701 y_pred_PWKP = clf_PWKP.predict(X_test_PWKP)

702

703 # calculate and print the accuracy of the model

704 accuracy_PWKP = accuracy_score(y_test_PWKP, y_pred_PWKP)

705 print(”The results for of the Decision Tree Classifier for the PWKP <«
Corpus:”)

706 print(f” Accuracy: {accuracy ' PWKP x 100:.2{}%")

707

708 # calculate precision, recall , and Fl-score

709 precision_PWKP = precision_score(y_test_PWKP, y_pred_PWKP, average='<«"
weighted ")

710 recall _PWKP = recall_score(y_test_PWKP, y_pred_PWKP, average='<
weighted ")

711 f1_PWKP = f1l_score(y_test_PWKP, y_pred_PWKP, average='weighted")

712



713 print(f” Precision: {precision . PWKP * 100:.2{}%")

714 print(f” Recall: {recall PWKP x 100:.2{}%")

715 print (£’ Fl—Score: {fI.PWKP x 100:.2{}%")

716

717 # generate a classification report

718 print(”\nClassification Report:”)

719 print(classification_report(y_test_PWKP, y_pred_PWKP))
720

721 # generate a confusion matrix

722 print (”\nConfusion Matrix:”)

723 conf_matrix_PWKP = confusion_matrix(y_test_PWKP, y_pred_PWKP)
724 print(conf_matrix_PWKP)

725 # create a rbf SVM classifier

726 svm_PWKP = SVC(kernel='rbf', gamma = "scale”, probability = False, ¢
class_weight = ”"balanced”)

727

728 # train the classifier

729 svm_PWKP.fit(X_train_PWKP, y_train_PWKP)

730

731 # predict on the test set

732 y_pred_PWKP = svm_PWKP.predict(X_test_PWKP)

733

734 # calculate and print the accuracy of the model

735 accuracy_PWKP = accuracy_score(y_test_PWKP, y_pred_PWKP)

736 print(”The results for of the Decision Tree Classifier for the PWKP «
Corpus:”)

737 print (£’ Accuracy: {accuracy PWKP x 100:.2f}%")

738

739 # calculate precision, recall , and Fl-score

740 precision_PWKP = precision_score(y_test_PWKP, y_pred_PWKP, average='<>
weighted ")

741 recall PWKP = recall_score(y_test_PWKP, y_pred_PWKP, average='<>
weighted ")

742 f1_PWKP = f1_score(y_test_PWKP, y_pred_PWKP, average='weighted')

743

744 print(f” Precision: {precision . PWKP =« 100:.2 f}%")

745 print(f” Recall: {recall PWKP % 100:.2{}%")
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print (f” Fl-Score: {flPWKP x 100:.2{}%")

# generate a classification report
print (”\nClassification Report:”)
print(classification_report(y_test_PWKP, y_pred_PWKP))

# generate a confusion matrix

print (”\nConfusion Matrix:”)

conf_matrix_PWKP = confusion_matrix(y_test_PWKP, y_pred_PWKP)
print (conf_matrix_PWKP)




