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ITepiindm

H av€avépevn evowpdtworn e Teyvntic Nonuoolvne oe xploweg mepoyéc Mdne anogdoewy, onwg 1
vyetovouiny) neplahn, tar ouxovouxd xan 1 Towx Sixonocvvn, uroypauuilel TNV avoryxoudTnTo VT T CUC TH-
potar v gbvan oot xon xatovontd. IIodég amogdoeic udniod xvdivou houPBdvovton enl TOou TAEGVTOE PE TN
xeron wovtéhwy "uodpou xoutiod", xau oL npoomdieieg va e€nyniody autd ta povtéla, avtl vo avantuydoly
HOVTENA TTOU €fvall EYYEVAC Blaporv) o epUNVeEloIUd, Utopoly va Slanwvicouy emPBhofelc mpaxTixég xon var 0Ny -
couv ot onuovTix xotveovid {nulo. Ta 8évtpa ano@doewy elvor YVOOTE 6TOV TOUER TNS UNYOVIXAC wddnong ylo
TNV EYYEVY] TOUC BLOPAVELD, ATOTEAMVTAUC TUPADELY A TOU TS Ol TOAUTAOXOL ahYOpLHIOL UTOPOUY VoL XATUG TOUV
xatavontol. 20tdo0, aUTH 1 EYYEVAS EpUNVEUCILOTNTA BEV LoodUVaUE! TdVTa UE EENYNOIUOTNTA OTOV TTEAYHATIXO
%xOOUO, OTOU 1) CAUPHVELY TWV ATOPACENY EVOC LOVTEAOU TRETEL VoL eVl EQapUOoLUN XL VoL €YEL VONUA Yiot GAOUC
Toug YeRoTeES.

H nopoloa epyocio Slegeuvd Ti UTEEYOUCES TEOXANCELS YOl VAL XOTACTOUY Tl BEVTPA ATOPACEWY TEOYHATIX
EPUNVEVCIUA, UE OTOYO VO YEQUEKOOEL TO YAoUo UETOED TN TEYVIXNGC DLUQAVELNG XAl TNG TRUXTIXNAG XATAVONOTS.
Eppotidvouue otnyv xoatavonon e avipdmivng Mg amo@doeny xat 6Toug Teploptolols e avilpdmivng ovtii-
ndne. Me yvouova autd, tpoteivouue texvixéc adENong NS EPUNVEUCIUOTNTAS OTOL BEVTPO ATOPACTS, TLC OTolES
o&lohoyoluoL UECHL WG EPEUVOG XPNOTAOV.

A€&eig-xhedid —  Aévdpo Anodgaoneg, EEnynowdmrta, Egunvevowotnra, EEnyrown Teyvnti Nonuooivy,
Avipdmvn Afdn Anogdoewv, Strong Optimal Classification Trees, C4.5
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Abstract

The increasing integration of Artificial Intelligence in critical decision-making areas, such as healthcare,
finance, and criminal justice, underscores the necessity for these systems to be clear and understandable.
Many high-stakes decisions are currently made using "black box" models, and efforts to explain these models,
rather than developing models that are inherently transparent and interpretable, can perpetuate harmful
practices and lead to significant social harm. Decision trees are well-known in the field of machine learning
for their inherent transparency, exemplifying how complex algorithms can be made understandable. However,
this inherent interpretability does not always equate to explainability in the real world, where the clarity of
a model’s decisions must be applicable and meaningful to all users.

This thesis explores the existing challenges in making decision trees truly interpretable, aiming to bridge the
gap between technical transparency and practical understanding. We delve into the understanding of human
decision-making and the limitations of human perception. Guided by these insights, we propose techniques
to enhance the interpretability of decision trees, which we evaluate through a user survey.

Keywords — Decision Trees, Explainability, Interpretability, Explainable AI, Human Decision Making,
Strong Optimal Classification Trees, C4.5
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Chapter 0

Extetoapevn Ilepiindn oto EAAN VX

0.1 Eicoywyn

Kodag 1 teyvnt vonuooiivy yiveton 6ho xou mo avandonacto pépog tng Mdng anopdoewy oe xpiooug topeic
OTWE TNV LYELOVOUXT TERIVAAT), Tol OLXOVORXE XL TNHY TOLVLXT] SLXooG VT, 1) VALY XT) VoL EIVOL TO GUCTAPOTA UTA.
oot xou xatovontd dev Eyel utdpEel ToTé dAhoTe YTay ToTE o ouctaoTxy|. ToAAéc and autéc Tic anogdoelg
vdPnhol ploxou hapfdvovtan ye ) yerion povtéAwy "uadpou xoutot" xou Ty tpootdeta vo e&nyndoly auvtd ta
povTéRa, avtl var avomtuydody wovtéha mou elval eYYeEVMS copt] xal epunvedotua, uropel va dtouwvioel emBAofelc
TpoxTixég xou Yo pmopovioe axdurn xou vo odnyroel oe coPopéc {nuiéc oty xowvwvia. Ta dévtpa anopdoewy,
pnuiovton eVpEWS Yiot TNV EYYEVY) DLUPAVELE TOUG GTOV TOULN TNG UNyovixAc pdinong, anoteAoly mapddelyua
Yio TO TS oL TOAUTAOXOL oAy bptduol unopolv va Yivouy xoatavontol- 1 tepapyixt| Soun Toug ETTEENEL GUYVE TNV
OTTIXOTIOMNOY XoU TNV XUTAVONOT| 0XOUT Xl Al (U1 TEYVIXE XATAPTIOUEVOUC EVDLPEPOUEVOUS. §20T600, auTh
1 EVOWUATWUEVY EPUNVEUCLLOTNTA BEV LooBUVaUE! TAVTO UE TNV ETEENYNUATIXOTNTO GTOV TPAYRATIXG XOCUO,
OTIOU 1) COPHVELDL TWV ATOPAOEWY TOU HOVTEAOU TEEMEL VoL E(VOL EPUPUOCULT Xl VoL £XEL VONUA VLol GAOUE TOUG
xerotec. H nopoloo epyacia diepeuvd TIC UPLOTAUEVES TPOXAACELS YLOL VAL XATAGTOUV T DEVTPO AMOPACEWY
TEAYHATIXE EPUNVEVCLUA, PE OTOHYO VAl YEQPUEWOEL TO YAoUo PETOED NG TEXVIXNG SLOUPAVELIS Xl TNG TEUXTIXAC
XUTAVONTOTNTAG. BeATIOVOVTUC TOV TpOTO YE TOV OTOlo To BEVTPN AMOPACEWY EMXOLVOYOUV T1) GUANOYLOTIXN
TOUG, 1 LERETN eTUBLOXEL VoL GUUPBEAEL GMUAVTIXG GTNV OVATTUEN CUGTNUETWY TEXVNTAS YONUOoUYNG Tou Bev elvou
(6vo amoteheopotind adAd xou aftomoTta xou dixata, diaopaiilovtac 6t  Teyvnth Nonuoolvrn utootneilet ovti
VoL uTtovoueUeL xploleg avipdmiveg amopdoels.

0.1.1 Eppnvedoipa AEvopa Anopdoswy

Ta dévtpa ano@doewy Yewpolvton epunveldola AOYw NG AmAC, Lepapyixic SOUnE Toug, 1 ontola ppeitol GTEVE
™y avdpdmivy Aoy Mdne amogdoewy. Kdde xouBoc oe éva 8évipo anopdoeny aviinpocwnelel €va onueio
amoQacNC UE BAOT EVal CUYXEXPWEVO YAPUXTNELOTIXG, XL Ol XAdBol TTou TNydlouy and Toug xOuBoug anelxovi-
Couv Ta mbavd amoteréopota. Autéd 10 HOVTENO TOU YOLdlEL Ue BEVTPO EMLTEENEL OTOUC YPNOTES VoL AXONOLTY-
oouv T dtadpopr| and Tt pilo Tpog Tor PUANY, ToEOXOAOUIDVTAS OTTIXE TN GELEA TWV ATOPACEWY OV 0dNYOLV
o évo TEAXO anmoTéleopo. Auth 1 cogprivels Tou TpOTOL UE TOV OTOl0 TEOXUTTOUV Ol ATMOYACELS BLEUXOAUVEL
TOUG YPHOTES VoL XATOVOoOLY Xat Vo eTaAnUIedcouy 1 Bladixacior GUANOYLIONOU, EVIOYVOVTAC TNV EUTLCTOGUVY
%ol SLEUXOAUVOVTOC TNV EUXOAGTERT ETIXOWVGVIO TOU TEOTOL e Tov omolo AauPBdvovTol oL amo@doelc ToU UoV-
téhov. IloAMéc gopéc, duwe, 1 dour, 1 mOAUTAOXOTHTA Xl 1 opohoylo Tou yenolonolelton oe €va BEVTPO
anogdoeny Unopel vo eivon Aoyuwer| yio évay alyopiduo, ahhd umopel vor efval cuviypotixny| 1) avTidlavonTixy ylo
Toug avipnmvoug evdtagepduevous. Kadde to Bdtoc xou 1o mhdtog twy dévipwv auidvovtol yio vor QLhoZevii-
couv ToAUThoxa chVOAo Bedopévwy, unopel v Yivouv utepBolixd mepimhoxa, Ue TohudpLiues BlaxAadnOoELS XaL
ouvifixeg mou elvan S0oxoho va axoroudndolyv. Autr 1 molumhoxdtnta unopel Vo EMOHUIACEL TN GOPY|, YEO-
pe Aoy mou xorhotd Tar UixpdTEPa SEVTEO TEOGOLTA, UETATEENOVTAC TO O €VOl UNEESEUEVO LOTO AMOPACEWY
Tou BuoXOAEVEL TNV xaTavonor. Emmiéov, 1 yerion texvixic opoloylac 1 edixdy 6pwv Yio TOV TOPEN GTOUC
x6puPBouc unopel Vo BUGYERAVEL TNV XATAVONOT TNS UTOXEPEVNC CUANOYIOTIXAC amd U] eBix0olC YeHoTeS Ywplc
eledinevpévee yvooels. 'Etol, evd to 8évtpa ano@doemy ETBLOXOUY EYYEVOC TN SLPAVELD, N TEAXTLXY EQap-

1



Chapter 0. Extetopévn Ieptindmn ota EAAnvixd

poYY Toug oe o clvieTa oevdpla UTopel Vo 0dNYHoEL ax00aLol GE OBLAPAVELD, TEQLTAEXOVTOS TNV XATAVONOT
TWV EVOLUPEPOUEVWY XAl UELVOVTAS EVOEYOUEVWS TNV EUTIGTOCUVT] TIOU AMOBIDETOL O QUTA TAL LOVTERAL.

0.1.2 Xvuveicpopd

H nopoloa epyaoio EMXEVTROVETOL GTO EQUNVEVGIULO BEVTEA ATOPAGEWY, Evay oxpoywvlalo Ao Tng epunvelolung
Ny oVIXhC pdinong, mou ogeldetan TNV ETTAXTIXY ovdy X Vo owxodoundel eumiotooivn xan uneuduvdTHTA OTIC
epapuoYéc texynTc vonpoolvng. Ilapd tnv eyyevy| Toug dlagdveia o cUYXEIoT Ue dhhal TOAOTAOX A HOVTERA, TOL
BevTpa anogdoewy eaxoloudoly Vo nopouctdlouy TEOXANCEL, GTNV EQUNVEUCIUOTNTO TOU TEETEL VO AVTUIETWL-
moTolv yiot TNV Then o&ionoinom Twv duvatotitewy Toug. Lo TNV AVTIHETOTON QUTWY TV TPOXANCEWY, N
Topoloa EpELVA ELOAYEL X0 OELOAOYEL VEO UETEO EPUNVEVUCLUOTNTAS EWOIXE TYEBLUCUEVD Yial DEVTPOL ATOPAGEWY,
eVIoY0OVTAS TNHY OVIAUTIXT auoTNeoTHTA Pe TNV ontola aflohoyeiton 1 epunvevodtntd toug. Me tn Siepedvnon
TWV TOEAYOVTWY Tou enneedlouy Ty aviedrivn avtiindm e cpunvevodtnTag, 1 ToEoUcH UEAETN ETUBLIXEL
vor cUUPAREL 0TV avdTTUEY) BEVTPWY OmOPACE®Y oL Bev elvol UOVO LoYLEd WEC TEOS TNV on6dooY ohhd ol
WS TPEOC TN CAPAVEL XL TNV EUTIETOCUVY Twv Yenotdyv. H npocéyylon auth unoypauuiler tov xplowo pdho
™S epuNVEVCOTNTAC OTN YEQUPWOT Tou Ydouatoc Yetald twv duvatothtwv tne Teyvnthc Nonpoolvne xou
TV avIpWTOXEVTELXMY EQUEUOYKY, ToVI{OVTAC TOV EVEUTEPO AVTIXTUTO TNS TapoUoOS ERELVIC GTNY TROWUNoN
ooy xou urebuvey npaxtedy TeyvntAc Nonuooivne.

0.2 Oewpntxd YTréBadeo
0.2.1 Eppnvevoupdtnio

H epunvevodnta, n onola oplletar we N txavéTnTa eVOC HOVTENOU VoL TIOREYEL EPUNVEVOIIES EENYHOELS YOl TIC
TpoPiédeic tou, Exel avadetydel oe xplown TTuYT NG €EELVAC XaL TNG TEAXTXAC TNS Wnyavixhc pdinong. Ta
ene€NY Ao HOVTEAD TPOGPEPOLY TANEOPORIEC TYETIXE PE TOUC TORIYOVTEG TTIOL OBNYOUY TIC AMOPACELS TOUC,
6lvovTag oToug YeNOTES T SUVITOTNTO VoL XATAVOTIOOUY, Vil ETUXUEWGCOUY XAl EVOEYOUEVKS Vo OPLOBNTHCOLY
TOL AMOTEAEOUATE TOoug. LNV €€6pUETN BEBOUEVLY xou TN PNy ovixy| pddnor, n epunvevodtnTa oplletar we
avéTnTa eERYNoNS 1 TopoyHc Tou voruatoc Ue xatavontolc 6poug ot évav avipwro. H xoatavénorn evéc
HovTéNOLU oL dnpLovpyeitan and UTOAOYLOTH anoTelel cuyVE TpolUndleon yio Vo eUTOTEUTOOY Ol XPNOTES TIC
npofiédelc Tou povtéhou ot vo axohovdicouy Tic cuotdoelg Tou oyetilovton Ye auTés Tic TpoPiédeLc.

Alo x0piegc mpooeyyioel €youv avadeydel otn BiBMoypapla yior T BIEUXOAUVOY TNC XATAVONCNG TV HOV-
TEAWY pnyovixic pdidnong: 1 enedhiynon tou padpou xoLvTod xo 0 GYESOHOS TOL Blopavolc poviENou[4].
Ta povtéha padeou xouTiod eltval HOVTENX punyovixic uddnong ¥ alyodprduol mou eivon Wiaitepo TOAUTAOXOL Xa
duoxola gpunvedovtal 1 eENYolvToL WS TEOG TOV TEOTO Ue ToV 0mtolo xatahiyouv oTic TpoBAéelc 1 Tic anopd-
oelg Toug. Autd tor povtéda ouyvd mepapBdvouy mepinhoxes YoONUATIXES CUVUPTHOELS 1) UPYITEXTOVIXEG UE
HEYGAO oprdud mapauéTeny, YEYOVOE Tou Xotho Td BUOX0AO Yo TOUG avipOTOUE VAl XATUAVOGOUY TOUS UTIOXE(-
MEVOUC unyaviopols N T Aoy niow and ta anoteréopatd tToug. Ou teyvixée e€fynone tou padpou xouTlol
(post-hoc e&nyfioeic) avagpépovtoan o pedddouc Tou anooxomoly oty e&Rynon tov TpdTou Pe Tov onolo Ta
povTéla Topdyouv ta anotehéopatd Toug. Eivar oxatddinia o cus thpata Mng anogpdoewy uhniod xwdidvou,
xodg Umopolv va yelpoywyndoly hote vo agnynioly pa Swpopetet lotopla and excivn Tou black-box mou
egnyolv. Xe avtideon ye to napadootaxd povtéla black-box, ta omola divouv mpotepaudtnTa otV axp(Bela
neofBiedne eig Bdpoc Tng epunVELCUOTNTAS, To ENEENYHOLIA LOVTEAN ETUTUYYAVOUV Wi LlooppoTtia YeTtall omo-
doone xou dagpdvelas, npowddviac TNy epmotocivn xou Ty urevduvétnta ota custhdate TN [32]. ZuvAdee
Ta gpunvelole povtéha teplopilovton 6T Lop@r TOU LOVTEROL WOTE aUTO ElTe Vo elvon yprolo oe xdmotov, elte
VoL UTIoOVEL OE Pacixt| YVOOT Tou Topéa, dTwe 1 povotovia, 1 outidtnta [63].

H onpocio tTwv epunveloLlpnmy LOVTEA®Y

H onuacia twv epunvedony povtéhov Mnyovixic Mdlnong omopeéel and didpopo {ntApata.  Apyixd, n
XUTAVONOY) EVOS LOVTEAOU TOU TaPdYETOL Umd €Vary UTOMOYLOTY elvon ouyvE amopadTnTy Yiol Vo €Y0UV oL XeHOTES
eumiotoolvy ot TpolAédelc Tou HovTENOU xan Vo oxohouDolV TIC OYETIXEC ouoTdoels. Auth 1 avdyxn ylo
eumioToolvn ot unoloylotxég npofAédelc etvon Wlitepa Evtovn oe xplowoug Touelc Omwe 1) wTeLxy, omTou
dromcuBetovtan avdpdmivee Lwée [48], [8], ahhd xou ot owxovouxd mhaiowr [21]. H anaitnon yu Swowpavi| povtéha
v TV evioyuon g EUTOTOCUVNG TV XeNoT®v yivetow axdun mo eupavic étoy To cUoTNUO TopoUotdlel
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éva ampocdOXNTO HOVTEND GTOV YEHoTN, YEYOVOC Tou amantel deCodnéc enynoec and To cloTNU Yol TNV
anodoyy| Tou povtéhou. Emmniéov, o opiouévoug touelc e@apuoy®y, ol xpoteg amoutoly emapxy| xotovénon
TWV CUCTYCE®Y TOU GUCTARATOC YL Vo Tap€youv vouxd opdéc eénynfoelc yia Tic evépyeléc Toug o dAlouC.
Ylyouvpa, UTdEYOUY TEPLTTWOELS OTIOUL 1) EPUNVEUCLUOTNTA TOU HOVTENOU EYEL QT ONUCia XL OPIOUEVOL YPNoTES
unopel va Bpouy ixavomolnon 6o vo loYeToouy Tig TEORAEPELS EVOC HOVTENOU AMOXAELTTIXE Xl OVO AOYW TNG
vPnic mpoPientinrc axpifelac, Tapafiénovtac Ty xotavontdétntd Tou. H oyetind onpacia tne xatavontdn-
Tog €vavtt Tne oxpifelog TpoBhedng TopaUE Vel UTOXEWEVIXY ot EE0PTATOL A TAL GUUPEROVTA TOU YENOTY %ol
TO CUYXEXPWEVO TEdlo eqappoYnc.

Extéc and v xpiown avdyxn yia Ty xatavonor twy Loviéhwy ot topelc pe udgmid SaxuBeluara, Sidpopot
Yepehddelc Aoyol unoypaupilouv T onuasio TS EPUNVEUCIHOTNTIC TV LOVTENWY pnyavixhc wéinone [15]:

Euniotooclvn: H avdntuén evog poviéhou npofiedne e€optdton xadoplotind and v eumotooivn
%o TNV amodoy. Mévo pe Ty xotavonor Twyv SuVaToY ol adiVATOY ONUEDY TOU UOVTENOL UTOopPOLY
oL yerotee va avantOEouv TNy amopaitnTy EPToTOcUYY KoTe va Baclotolv otic TeoPAédels Tou. Auth 7
eumiotoolvy elvon YeueMwdng yia Ty eupelor LLoVETNON xou Yeron TWV UOVTEAGY PNy ovixhc Udinone.

Arvtiotntar H epunvevoipdtnra, dlog péow unyoviouoy 6nwe to feature importance, npocdidet pio
alodnon artiotnrog. Autéd Bondd To x01v6-0TodY0 Vo xaTavonoEL TIC UToxelueveg oYECELS ToU 0dNYoLY T
OMOTENEGUATO TOU LOVTENOU, YEQUEMVOVTAS TO YEoUo HETOEY TOMITAOXMY UTOAOYIGHMDY X0 XOTUVONTOV
OTOTEAEGUATOV.

MeragepoipndtnTo: [ vo unopel évag dvipnnog mou AopBdvel amo@doelc Vo Ye1oULoToL|OEL anoTe-
Aeoyotixd éva yovtého mpoPAedne e véa, otéato Bedopéva, TO YOVTENO TEETEL VO TOREYEL Wlol oagy
XATAVONOY TNG UeAhovTnc ouuneplpopdc. O yerotng meémel vo elvon BERonoc 6T To HOVTEND YEVIXEVEL
XOAG 1) xaTovoel Tor ouYXeEXpéva TAa{oLo oTal ontola amodidel afLOToTA YL VO EUTUO TEVTEL TO LOVTENO Ylat
™ M anogdoewy.

ITAneogdenomn: Ilépa and v exTANP®OY TWV EXTAUBEUTIXOV TOU OTOYWY, EVa HOVTENO TEETEL Vol
AVTATOXEIVETOL AMOTEAECUATING OTLC AVAYXES TOU TpayoTixol xéouou. H xatavénern tou xatd técov éva
oVotnua eEunnpeTel TEayRaTIXE TOV EUBLWXOUEVO o%0Td Tou elvan {wTtixfc onuaciog Yol Ty avdmtuéy
Tou, dwopailovtoag 6Tl Aertoupyel we mpaxTixd epyaheio.

Aixoun xou deovioroyixh APn anogdoswyv: H xotavonorn twv Aoywy nlow ond yia andgoon
OmOTENEL XOWWVIXY ovary X o avopEVETOL Vot Yivel vopuxd dixaimpa yio toug tohites tne EE [31]. Auté to
"Suxaiwpo oty e€iynon" uroypedvel Toug uteduvous Mg amo@doewy va tapouctdlouvy To anoteréo-
HOTE TOUG PE COaprivelo MOTE vor TNeoly Ta deovtoloyixd mpdtuna. Omnotocdrinote ennpedletar amd (o
OUTOUATOTOMNUEVT] ATOPAUCT] UTOPEL VoL AoXAOEL AUTO TO duxalwua yior vor AMBel e€nyroeic.

Euv90vn: H evooudtwon tng duvatdtag enelrynong oto WovTéha unyavixrc pddnong agopd enlong
v eudivn. ‘Eva povtého mou unopel vo dixatohoyNoel TiC amo@doel; Tou Umopel va Aoyodothoel Yo
g evépyeléc Tou. Auth 1 mtuyr elvon Wiaitepa onuoyTX Yiot TNV AVTETOTON Tdovdy UETABOAGY oTa
dedopéva e TNV Tdpodo Tou Yedvou, dc@aiilovtag 6Tl Ta LovTéla Topauévouy uediuva xon aEldToTA.

ITpooappoy: H xatavonon tou poviélou tpdBhedng Xt Twv UTOXEUEVOY TopaydVTWY TOU EMLTEETEL
OTOUG EBXOUE TOU TOEN VoL GLUYXEIVOLY TiC TPOBREYELC TOU LOVTENOUL PE TNV UTEPY 0UGH Y VDG TOU TOPEd.
H epunvevoipdtnro eivon amopaitnTn yiot Ty TPOGUpHOYYH TOU UOVTEROL TEOBAEYNC UE TNV EVOLUITWON
YVOOEWY TOL APOpOUY GUYXEXPWEVO Touéa. Loupwva ue toug Selvaraju x.d. (2016) [64], ta epunvedolo
povtéha mpoPAiedne umopolv va BondAoouv toug avipodroug, Wlne Toug ewdxols Tou Topéa, Vo Aoy-
Bdvouv xahltepec anopdoelc. And ahyoprduix| drodn, 1 epUNVEUCIUOTNTO ETUTEENEL OTOUC OYEBLUOTES
CLCTNUATKY Vo BelTidoouy To Yovtého mpdPiedne mpooapuolovtac Tig nopauéteous. Emniéov, 1 epurn-
veuootnTa Bondd ToUC TEOYPUUUATIOTEC GTOV EVIOTUOUS XOL TNV AVTWUETHOTIOT TRV TPOTKY anotuyiag.

Proxy Functionality: ‘Otav éva povtélo elvan spunvedoiuo, urnopet vo alohoyniel oe uetpég népay
QUTOV TOU eXTUSEVTNUE dUET YLol VoL BEATIOTOTOMOEL, OTWE 1) ACQIAELL, 1) DIXOLOCUVT] YOl 1) WL TIXOTNTA.
Avth n nTuyn xahoTd THY EQUNVEUGUOTATO UTOXAUTACTATO VLo TNV AELOAGYTOT EVPOTEPWY XOLVMVIXMY Xl
AELTOURYIXWY EMUTTWOOEWY, EVIOYVOVTAS TN CUVOAXY YENOUWLOTNTA XL ATOBOY T TWV CUGTAUATWY UNYAVLXAS
pddnone.
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H evowpdtwon autdy Twv apy®y oty ovdntun HovTéAny unyovixic pdinong oyt wévo evioy Vel TV meoxtix)
YENOTXOTNTA Toug, oAAG xau o evduypaupiler ue evpltepeg xovnvXég a&le xou Tpoodoxieg, xahotdvtog Ta
O Loy LEd, o€LOTIoTA Xl EVVUYPUUULOUEVY PE TIC AVIPOTIVES AVAYXES.

ITpoxAfioeic Twv epnVEVCILAWY LOVTEAGY

Av xon 1 avoryxondTNTA TNG EPUNVEVGUOTNTAC GTT| UNyovixy] WEUnam, OeC TEPLYREPNXE TEOTYOUUEVWS, OVALY V-
wplleTton eUpEWC, WIS Yo TNV eVioyUoT NG EUTLOTOGUVNE X0l TN BGPEMoT) TNG NS CUPHOEPKATS, 1 ENiTEVEN
e eunepléyel mpoxAfoelc. Ot mpoxAfoelc auTée TEOXVOTTOUY Omd Uiol TOLUAL TEYVIXWY, TEOXTIXOV Xl EU-
YULO TV TEPLTAOXDY TToU eTNEEGLOVY TNV avdntudn xan TNV eQoppoYY| epunveldowy povtéiwy. IapatneRinxe
and tov Pazzani [57] 61 Ayeg epyaoiec otoyebouv nporypatind otny eunelpt| a€LOAGYNON TS EQUNVEUCHLOTNTUS
mépa and TNV A XeHoT Tou HEYEDOUS TWV aVOmapas ToEwY Tou tpoxintouy. Ilupd to cagpr Theovexthpata
TOV BLAPAVOY CUCTNUETWY TEYYNTAC VONUOSUVNS, 1) TOPEld TEOC TNV TAHRWS EPUNVELCLUN TEYVNTY VONUOCUVY
elvon yepdtn ye eumodLol Tou XAAOTTOUY TO PACUN A THY TOAUTAOXOTNTA TOU UOVTEAOU EMC TG AMAULTHOELS TWV
EWBLXWY YENOTOV.

Movtéla Madpov koutiot

Ta olbyypova govtéla unyavixic udinong, wiwe ta Poadid vevpwvixd dixtua, anotelolvion omd exatoupdplo
TEUUETEOUS X0 Yopoxtnellovton and enimeda agaipeong. Autd Ta oTpOUOTA, oV Xou elvol EVERYETIXA Yl TN
oUANYN TONOTROXWY TEOTUTWY GE PeYdAa oUvola dedouévemy, dnuLoupyoly éva oevdplo "padeou xoutiol" dmou
1 oxéomn €lo680u-eEH00U Elval OUCLUCTXG WU XoTavonTh. AUTY 1) TOAUTAOXOTNTA AMOTEAEL ONUOVTIXG EUNOBLO
oYL HOVO YLOL TNV XUTAVOYNTT] TOU TL XAVEL TO HOVTEAO OAAG Xau Lol TN BLdyvewon cPaiddTtwy 1 Teoxatolfdeny
oTic TpoPBrédelc Tou povtéhou.

To povtéla padpou xoLTLOL GUYVE ETUTUYYEVOUY AVOTEPES EMBOCELS GE GUYXPLON ME ATAOUGTEQD, TLO EQUN-
vebouda povtéla. e epyooieg mou mepthoufdvouy Yeydia cOvolo Sedouévmv e LPMAY BlaoTATIXOTNTAL Kol
TOAUTAOXOTNTA, OTWE 1] AVAYVOPELOT EXOVOS xou olthlog, Tor WovTéla podpou xouTlo) Umopoly va evIonicouv
hentd potifo xou cuoyetioelc mov anhovotepa Hovtéla unopel vo ydoouyv [63]. Puoixd, dtav efetdlovtar npoP-
AAUOITL TTOL €Y 0UV SOUNUEVA BESOUEVA UE ONUAVTIXGL YORUXTNELO TIXE, GUYVE BEV UTERYEL ONUAVTIXY Slopopd GTNY
an6d001 PETAUED Mo GOVIETWY TOEVOUNTAOY Xot TOA) AmAOUCTERWY TOEWVOUNTOVY WETY and Tpoeneiepyaoio.

To yeyovog 6Tl Tohhol ETO THUOVES BUOKOAEDOVTOL VOL XATAOHEVACOLY EQUNVEVCLUA LOVTEAN UTORE! VoL ToO(POdOTEL
Vv menoldnomn 6TL Tar wadpol XOUTLA €XOLY TNV XOVOTNTA VAL ATOXAAUTTOUY XpuUUEva woTiBo oto dedopéva Ta
onola 0 yeHotne Bev yvopele nponyoupévwe. ‘Evo dlagpavéc yovtého unopel va eivan oe $éon va amoxolidel
autd to (Ba potiBo.

Adyow e mohimhoxng Boung Twv YOVTEAWY Uadpou xouTlol €yel mpoxVPeL 1 avdyxn Yo Tn dnuiovpyio ueTo-
yevéotepwv e€nyfoewy Twv woviehwy. Ot post-hoc uédodor ML nopéyouv e€nynoelc mou dev eivon motég 670
apy6 povtéro. Ilohhéc and tic yedddoug mou toyvpllovton 6Tt mapdyouv e€nyroelc urohoyllouvy avt’ autol
YEeNOoWa CUVOTTIXG G TATIO TG oTolyElo TwV TPoPAédewy Tou yivovton and 1o apyixd yovtéro. Autéc ol post-
hoc e&nyroeic elvon oxatdhhnhec o cuvothuata AMidne anopdoewy e VPNAG SoxdBeupa, xodode umopolv va
yewpaywyndoly yia vo apnyndolv yio Swpopetinf aghynon ond exeivy tou yadpou xoutol tou e&nyolv [4].
Enlong, ouyvd dev Bydlouv vonua 1 8ev Top€youy aprETEC AETTOUERELES YIOL VO XATAVOTICOUUE TL XEVEL TO Hadpo
xoutl. [ var avTigetwmiotel 1o TpdBAnua TnNE EpUNVELUCILOTNTAS, TPOCPITES EQYACIES pEow TNE a&lonoinong Twy
Yedpov yvoaone [51, 49, 50|, npocpépouv wla To Sounuévn TeocEYYIoN OTIC EENYHOELS TWV HODPWY XOUTLOV.

I'evikés IlpoxAnoeas otny Epunvevoiudétnta

Mo omd Tl onpavTixdTepec TPoXANoELS TNE EpUnvevotudT TS ot obyyeovr Mnyovixh Mdidnon etvon v éNhewdn
TUROTONEVLY PeTEXOY [23]. To nedio dev diodétel evialee petpixée yio T U€TENon NS EPUNVELCWOTNTAC,
YeYOVOS Tou TEpmAéxel TiC Tpoonddeieg Behtiwong ¥ axdua xaL TOV 0plopd Tou Tt xorhoTd €vol HOVTEND EpUT-
veluoLlo.

Ov amoutroelg yioo TNV epunvevciuoTnTa toixiAouy oe ueydio Bodud avdhoyo pe tnv eumelpion Tou yeHoTn
X0l TNV TEPLOY T} EPUOUOYNGC. L€ YEVIXEC YROUUES, 1) EPUNVEUCLUOTNTA OpileTol ovaryxaoTiXd Ue TeOTO ToL apopd
ouyxexplévo touta. ‘Eva ongavtind xetthpto yia Ty emAoYN eVOC LOVTEAOU Omd ULol OELRE LTOPHPLOY HOVTENWY
pE Tapopoles ETDOOELS €lvol Vo CUVADEL PE TNV TEONYOLMEVY YVKON Tou Topéa. I Toug Adyoug autolc,
ot ahyopriyol emaywyhic xavévmy, ot omolol emoTtpépouy €va oUvoho xavovwy "if-then", ¥ ou exmaudeutéc
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OEVTpWY ano@doewy elval oY VE 1 TEOTIMMUEVY ETAOYN, xadwg Vo TEENEL VA TROCPEEOLUY TO ATALTOVUEVO
eninedo epunvevodtntac [40].

Epunveboipo povieia

Ta eyyevde epunvetotya Lovtéla Eexwpllouv yiol TNV XavdTNTE TOUC Vo TopéYouv cagelc, StonoINTxnés YVOOELS
oxetwd ue Tig ddaoieg AMdng amopdoeny, xadotwdvtag Ta andpaltnta ot evaicdntoug xan uPnAol pioxou
Topelg 6nwe 1 uyelovouxy tepldohdn, 1 yenuatodoTnon xou 1 vouxr) cupudePwaon. Autd to povtéha €youv
oyediaoTel byt LbVO Yia VoL eEXTEAODV epyacie ahhd xou YLl VoL EENYOVY TIC AMOQYAGELS TOUC UE TEOTIO XUTAVONTO
Y1t TOV Vlp®To, YEQUROVOVTOS TO YEOUA UETAED TWY TRONYUEVKY UTONOYLOTIXMY TEYVIXDY X0l TV TROXTIXMY,
XAOMUEPLYOY avoryxwdv MPng amopdoeny.

Linear Models

Ta yeoupxd HovTéra, 6w 1 Yeopuxr Tahvdedunon xa. 1 AoyloTixy Tahvdpounon, eival YvwoTd ylo Thy
anhénTa xou TN Olapdveld touc. H oyéon petoll tov yopaxtnploTixdy eloddou xou Ttou meoPBAenduevou
ATOTEAEOUATOC EXPEAlETOL UETL PapdV 1} CUVTEAECT®Y, oL omolol elvan dueca epunvevoipol. Kdde cuvteheotic
TOCOTXOTOLEL TOV avTiXTUTO EVOC avTioToL oL YopoxTNELOTIX00 oTNY TEOBAEdT), TEOCPEPOVTUS OmAéS TANEO-
(QOplEC YLl T1) CUUTIEPLPOEE TOU YOVTEROU.

Rule-lists

O mo ouvnhouévog tonogc xavdvev elvon avoupiBora ol mpotactoxol xavovee if-then. To turuo cuviniume
EVOC TPOTACLOXOU Xavova anoTteleltan and €voy cuVBLaoUd cLVINXGY oTic YetofAntéc eleddov. Evd to tudua
ocuvihune umopel va mepléyel ouvdéoelg, dlalelEelc xou opvioelg, oL meplocdtepol ahyopliuol Yo emioteédouv
XAVOVEC TOU TEPLEYOUV HOVo cuvdEoels. Ta cuothuata Bactouéva oe xavdveg dNULOURYOLY GUVOAL XAVOVLY
av-téTE Yo T M anogpdoewy, to omofo elvan ebxoho vo xoatavondoly xou v eheyydolv and tov dvipwno.
Mrnopotv va yenotwonondolv BLdpopes Lop®ES Yol TNY AVOTUPAOTAOT TEOTACLUXMY xavovewy. H mo amiy
TEOGEYYLON Elvol 1) AT} XATAYEAPT) TV XAVOVWY, OTwE 6To axdhoudo mopddelyua:

IF (INCOME > 400 AND GOAL=CAR) THEN ACCEPT
IF (INCOME > 900 AND GOAL=HOUSE) THEN ACCEPT
DEFAULT:REJECT

H e€aywyr) xavovwy unopel vo npaypatonondel o LOVTENX LoEOU XOUTIOU, OIS To VEUROWIXE BixTua xou Tol
SVM, yio tv e€aywyn evog cuVOAoL xavbvewy Tou TpooeYYilouy 660 To BuvaTdy TERLEGATERO TO HadPO XOUTE
0L TOUTOYEOVA THEEYOUV Lol TTLO XAUTAVONTY aVOmapdoTaoy oToug YeNotes. 201600, mponyolueveg EpEUVES
oyeETId UE T TEXVIXES eEaywYhc xavovey [39] €deilav Ot oplopévol ohybpriuol ETLOTEEQPOUY LOVTEAA TIOU
npooeyyilouvy 6TeVd To LTOXElUEVO LOVTELD TOU Yolpou XOUTIOV, dhAd UE X6GTOC TNV AWENUEVY TOAUTAOXOTNTOL.

Ou Aotec xavovwy Yewpolvton enelnyfowes eneldy) mopéyouv o ooy, dladoylxr avdiuon twv xpltneiwy
Mne anogdoswy oe g Loppy| Tou elval Ay xou evxoha xatavonty and Toug avipwnoug. Kdlde xavévae oe
pLoe Moo anotehelton and po dnhwon "if-then" mov dnAddvel pntd pior cuVITN xaw To anotéheaua av 1 GUVITXN
oty cavortotelton. Auth 1 wopn wueiton Tig Aoyixée avdpwmiveg dladxaoies oxédng, onwe 1 Priuc-tpoc-Briua
AVTWETOTLOT TEOBANUATWY 1) oL Slory vwoTinég dladxaoieg, xahotdvtag T Stoucintny topaxorolinon. Auvtn
dlapdveta emuTEénel 6TOUC YENoTeg o)L HOVO Vo BAETOLY Toleg GUVIAXES 0BNYOUY OE GUYXEXQIIEVES ATOPICELS,
ohAG o vou eTahIebouY Xl VoL EUTLGTEVOVTOL TO OXETTIXG Tiow and xdde andgoon.

Iopd v apywer) Toug amfynor, ta poviéha nou Bacilovtow oe xavdvee cuyvd uTopEpouy amd dldpopa af-
LOONPE(LTOL UELOVEXTHULATOL TOL HTOPOUY VoL UELWGOUY TN YENOWOTNTA TOUS 66OV apopd TNV ENEENY NUATIXOTNTA.
Iedhtov, o yeydhog apududs xavévewy Tou TapdyovTol Ylol TOAOTAOX HOVTEAN UTOopEl Vo Elvol CUVTELTTIXGG,
MELOVOVTOS T1) CUPHVELOL Xall DUOXOAEVOVTAC TOUG YPHOTES VA XATAVOHOOUY TNV uTtoxelpuevn Aoy . Emmiéoy, n
AVEAACTIXOTNTA TWV CUCTNUATKY Tou Bacilovton oe xavéoves umopel vo 0dnyfoel oe eddpauoTy CUUTERLPOPE OE
anpoBAenTo GEVdpPLY TTOL BEV XUAUTTOVIOL OO TOUS UTARYOVTES XAVOVES, TeploplilovTag TNV TEOCUpUOC TIXOTN T
xat Ty o€lomiotio toug. 'Etol 1 ouvtrienon peydhwy cuvoreny xovdvwy xadiototon avépixtn, xodde 1 evnuépwon
evOc xavovo umopel vo amontel dAUGIOWTEG aAAaYES GE 6A0 TO cUOTNUOL.
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Chapter 0. Extetopévn Ieptindmn ota EAAnvixd

Iivaxes aropdoewy

AMec O YPAUPIXES AVATUPAUOTAGELS TOU YENOWOTOLOUVTUL GUYVE YLol TNV OMEXOVIOT TS AOYIXAC UTd 6pOUC
elvon ou mivaxeg omogdoewy xou o dévtpa anopdoewy. Evac nivaxac anogdoewy [70] elvan o avanopdotaot
oe Hoppt ivaxa mou anotee(tar and téooepa TETAPTNUOELA oL Ywellovta and opldvties xou xddetes dimhéc
yvoopués (Bh. Eyhuo 0.2.1). H oplédvuia ypoppr yweilet tov nivaxa oe éva tphpo ouviinng (méve) xou éva
Tuua dpdone (xdtw), eved 1 x&detn yoouurh dyweiler to Yépota (apiotepd) and tic xatoywehoels (8edud).
Kdéde othAn 610 Pépoc NG XaTaydenong avTioTolyel oe €vay Xavova, Tou GUVOUALEL XUTACTAGELC CUVITXWY UE
™V xaTEAMNAY evépyewa i evépyeleg Tou mpénel va yivouv. ‘Evo olpfolo tadhag (-) oto wépoc tne cuviiung
ToU T{vaxa LTOdNAMYVEL OTL 1) TWH elvan doyetn pe T cuyxexpévn ouvinxn xa éva "X" oto pépog tng Spdong
AVTITPOCWTEVEL TO OWOTH CUUTEPAOUA TOU TEETEL VoL BYEL oV LXAVOTIOLOUVTAL Ol CUVUHXES TOU 0BNYoUv oTh
ouyxexpwévn othin. To yeyovdg ot xdbe Suvatde cuvduoouds xataoTtdoewy cuvinxng egpavileto uévo oe
plor axpBdc othAn elvor T0 Baoind TASOVEXTNUA TWV TVAXWY EVOC Y TUTHUNTOC.

(a) Single-hit table
INCOME <1000 |=1000
AGE <251225 -

ACCEPT X
REJECT X X

(b) Multiple-hit table

INCOME =>1000 - <1000

AGE - <25| <25
ACCEPT X
REJECT X X

Figure 0.2.1: Ioapoadelyyota mvixmy ano@doenmy

Ou mivaxeg anogdoewy elvon WBialtepa encénynotor Adyw TN Bounuévng Lop@hc TOUS, 1) OTolol OPYAUVCIVEL XAl
napouctdlel Tic TAnpogopleg ue cagrvela, mopotétovtae Tic mdavéc cuviixes xan Tic avtioTolyeg eVEpYElES
oe popyy) mivaxa. Kdde ypopur oe évav mivaxo ano@doewy avTinpoonnelel EVa CUYXEXPUEVO OEVAPLO UE
xadoplopévee ouvines xan xdde othAn ouoyetileton pe wor andpaon # éva anotéheopa pe Bdorn auTéc Tig
ouvifixec. Auth 1 caghc, ontixy| uédodog amemdvions xavdvVmY xou ano@doewy oyt uévo Bondd otn yeryopen
xatovdnom xou enixdpeao g dtadaciog APNG anogdoewy, ahhd xou GTOV EVIOTLOUS AGUVETELNS 1) ETLXOAOPEWY
OTOUC XAUVOVEC.

Iapd ) Sounuévn cagprveld Toug, ol mivaxes anogdoewy ymopel va avtiuetonilouy Teploplopols 66OV agopd
NV gpUNVEVCILOTNTY, WBltg 600 augdveTtar 1 ToAUTAOXOTHTA TN Sodixactag AMdng anopdoewy. ‘Otay ol tivaxeg
ATOPIOEWY TEPIEYOLY YEYANO aptdud cuvinudy 1 6tav ol cuvinixes aUTEC AAANAETLOEOUY e TOAUTAOXOUC
TeéTOUE, 0 Tivaxag unopel va yivelr unepBohnd peydhog xou ur Swyelplowog. Emmiéov, ol nivaxeg anopdoewy
UTOREL VO U1V OMOTUTVOUY OTOTEAECUOTIXG TNV TOAUTAOXOTNTA TV oevaplwy Tou nepthapBdvouy cuveyy| Oe-
dopéva 1} amantoy o Aemtouep) AP anogdoenmy, xadds cuVHBwe AetToupYOUY XUADTERH UE BLUXPLTES, TUPAC
xadoplopéves xatnyopleg.

0.2.2 Aévdpa Arogdoewv

To dévtpo amdgaong etvon €vag ahydprduog uddnong ue enifiedn, o onoloc yenowonolelton téco Yio epyacieg
Tadvounone 6oo xou Yo epyaoiec nakwdpounone. ‘Eyer o tepapyixy, devdpwnr| dour), n onola aroteleiton and
évav x6upo pilag, ¥Addoug, EcwTEPIXOVUE XOUBOUS Xat XOUBoUS PUAAWY. ‘Onwe goatveton 6To Uy Ao 0.2.2 éva Bév-
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Tp0 anbdaong Eexwvd pe évay xéufo pilog, o onolog dev €xel eloepyduevous xAddouc. Ot elepyduevol xAddot omd
Tov %x6uPo pilac TeoPoBoTONY GTN GUVEYELL TOUS ECMTEROUE XOUBOUC, YVOGOTOUS ot ¢ xOPPoug andpacng.
Me Béomn ta diardéoipo yopoxtneloxd, xou ol dVo timol x6uBwy die&dyouv aflohoyhoelg Yio Vo oynuoticouy
ouoloyevr utoclvoha, ta onola cupBorilovton pe xéuBouc UMWY 1 Tepuatixole xoufouc. Ot xoufol UMWY
AVTITPOCWTELOUY dhat Tar Tidovd AmOTEAESUATO EVIOE TOU GLUVOAOL Bedouévmv. To 6évtpa anopdoewy anoteAolv
axpoywwialo Ado tng unyavixic udinong, mtapéyovtag T Bdon 600 yia Baocixd 660 xou yio tponyuéva povtéla
medBhedne. Ebvon yvwotd yia Ty amhdTnTol Xou THY AmOTEAECUATIXOTNTE TOUS, YEYOVOSG TTou T Xado Td Evay
amd Toug o dnuopiheic alyopliuoug oty xowvdTNTA TN EMOTAUNG TwV dedouévwy. Ta dévtpa anopdoewvy
VOXAAOTITOLY aUTOUOTA Gpla amopdoewy omd Ta dedopéva. Ta dpta autd umopel va elvar 1600 anAd 660 pla
anhy) didonaoy oe povodido tata dedopéva 1) 1660 TOAOTAOXA 6G0 TOMAATAS EMUIMESN AMOPACEWY GE YWEOUG
vPNAGY dlactdoewy. Ahyopripol dnwe ol ID3, C4.5 xou CART Sugpépouv xuplwe oto xpithplol emAOYNG Tou
YAUEUXTNELG TIXOU Xat GTN cLVITXY Sl WELoUOU TwV dedouévev ot xdde xouBo, YEYovog Tou ennpedlel onpoy-
TiXd TNV am6d0cT Toug xou TNV TEAY dour) Tou Bévtpou. H Sioucdnuxy didtalyn twv 8évipwy anopdoeny Oyt
uovo Pondd otny anoteheouaTin? EXTEAEDT) EQYACUOY AVEAUGOTC BeBOUEVWY 0N XaL OTNY OTTIXY avaTAEdo-
Taom TNg dtadixaciog APNC anopdoewy, xorho TOVTC ETOL To ATOTEAEGUATA EUXOA XATAVONTE Xl EQUNVEVCLUAL.
Avth) n dgdvela etvon Lwtinrc onuooiog yio eqopuoyés ot Topelc dnwe 1 vyelovouxt] tepldoldmn xow oe xdie
Topéa 6mou ebvor amopaiTnTN 1) AN TEXUNELOUEVKDY xou BixatohoyNuévewy anogdoewy. Koadoe eyfodivouyue oe
T TO xEPdALo, Vo BlepEUVACOUPE TIC EYYEVELC WBLOTNTEC TOU GUUBAAAOLY GTNY EQUNVEUGLUOTNTO TWV BEV-
Tewv ano@doewy, Yo cL{NTACOLUE TIC TEUXTIXES EQPUPUOYES TOUS ot Yo avTIUeTwRiooUUE oplouéveg and Tig
npoxAnioelc mou avtetwnilouy 66OV APoPd TNV ENEXTACLUOTNTA XAl TNV TOAUTAOXOTNTA.

Root Node

‘ Decision Node

‘ Decision Node

‘ Leaf Node ‘ ‘ Leaf Node ‘ ‘ Leaf Node ‘ ‘ Leaf Node ‘

Figure 0.2.2: Aévtpo anogpdoewy

ot T 8Evipa anopdoewy eivon epunveLoLUA;

To dévtpa ano@doewy elvon eyyevds epunvedoipa Aoyw tne dtadaoiog AMdne anogdoewy, 1 omolo avTiXaTon-
Tpilel otevd T avdpdmivar pdTuma cuAAoYIoUoU (Ta omola Yo oulnTdoldy oto xepdhono 2.3). Lo enixevtpo g
EpUNVELCLUOTNTOC EVOC DEVTEOU amopdoewy Bploxetan 1 Sopxr) TOU avamaedc TaoT), 6o oL amopdoelc houBdvov-
TolL UEOW LG OELREC MA@V EQOTACEWY ol AnAVTAoEwY Tou dtoywellouv ta dedopéva otodiaxd. Kdde xéufoc
OTO BEVTPO OVTITPOCWTEVEL WAl CUYXEXQUIEVT] ERWTNOT] 1) Lol CUVIAXTY Yid £VOL CUYXEXPLUEVO YAEAUXTNELOTIXO,
X0l Ol SLOXAABWOELS TEOE ToL ToUSLE AVTITEOCKTEVOLY TG TWHAVES ANAVTINCEC GE QUTYH TNV EKOTNOT, OBNYWOVTIC
TEMXA o€ XOUBouc PUANWY TOU ToPEYOLY Tol anoTeAéopata 1 Ti¢ TeoPAédelc. Auth 1 devdpixn dopun emitpénel
oe onolovdfnote e€etdlel To HOVTENO Vo BEL axPBOC TS OL ELOPOEC UETATRENOVTOL GE EXPOEC, axXONOLIMVTAC
Tig Blodpoueg amd TN pilo otal UAAL

Orukny Awgdveaa

Mo amd Tic Baoéc TTUYES TV BEVIPMVY AMOPACEWY ToU EVLOYVEL TNV EQUNVEVCLUOTNTAE TOUC elvol 0 OmMTXGC
Toug yapoxthpoc. To dévtpa anopdoewy unopoly va avaropactoadody Ypopixd [29], enttpénovioag otoug yeRotes
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Chapter 0. Extetopévn Ieptindmn ota EAAnvixd

Vo oVl vedoouY OTTIXd Tol dovordtia ano@doewy.  Auth 1 ontuxonoinon Bondd touc yefotec Oyt wbvo vo
XAUTOVONCOUY TOL XPLTARLRL IOV yenoldonololvTal oe xdie onuelo andpouong, oAAd xou vo a€LlohoYoouv TN hoyixy
%ol TN OLxaoc iV QUTWY TV XELTNElKV.

Emloyn) ka1 onuacia xapaktnplotikdy

"Eva 8évtpo anogpdoewy cuvilwg tepthauBavel uovo €vo UTOGUVOAO xot Ot OAOXATIEO TO GUVOAO TWV YOLOXTNELO-
TV, Auth n emhextixn ouunepihndn cupfdiiel otov e€oplohoyiopo tng dradwaciog Adng anogdoewy, EaTLd-
Covtog TNV TEOCOY 1) GTA TO GNUAVTIXS YAPUXTNELO TIXG, PELOVOVTOG ETOL TNY TOAUTAOXOTNTA Xl SLEUXOA)VOVTOC
TN CUPESTERY XATAVONOT TwY UToXEiUEVLY LoTiBwy Twv dedouévev. Emniéov, 1 iepapyixn didtoln tou dévtpou
TEEYEL TANEOPORIEC OYETIX UE TN OYETIXN oNUacia TWV BLPOEKY YUPUXTNELO TIXWYV.

Rule Extraction

Kdéle Swobpour) and ) plla tou 8évtpou ot éva puANo umopel va yetagpootel aneudelag oe pla wopr Bactouévn
o€ XAVOVES: Uil DAWST av-ToTE Tou e€nyel capdg Yot Apdnxe wa cuyxexpuévn andgaon 1 tedBiedn. Auto
TO YoEOXTNELOTXO elval WBlaiTepa EMWPERES VLol TNV TTEOY Y| EENYNOEWY YO CUYXEXPWEVEC ATOPACELS, XATL TOU
anotehel anaitnon oe toAlolg pLHULLOPEVOUS XAABOUC, OTKE 1) YENUATOOXOVOULXY Xou 1) UYELOVOULXTY TepldoA.
Ou Tomixéc amo@doels pmopolv va epunveudoly exoha, dedopévou 6Tl xdlde QUANO peTapedleTol oE Lo cupT
obvdeon yopaxtneloTxay [60].

0.2.3 X0yxpLomn cpunVEVLCLUWY LOVIEAWY
Rules - Decision Trees

Ta povtéha mou Boacilovion oe xavdveg elvar YVwoTd yiol TN epunveuctudtnTtd Touc. Ol xavovee Bev xatory pdpouy
QOHUOVTES PHTPES, EVE Tl DEVTEA ATOPACEWY UTOPOLY enlomg VoL €xouv aouavtes dlaxhaddoels. Autd cupPaivel
eneldn) oL Tadivountéc ou Poaotlovial oe xAVOVES ETAEYOUY YEVIXE VAl YAUPUXTNELOTLXO-TIY XATE TNV ENEXTUON
EVOG XAVOVOL, EVE 0L aAYOpLIUOL BEVTPWY amd@aone cUVATWE EMAEYOUY VAL YUPUXTNELOTIXNG XOTH TNV ENEXTAUOT
Tou 8évtpou [32]. To dévipa anopdoewy cUYVE ETUVOUVTAL YLO TNV AVHOTERY XATAVONTOTNTS TOUS oE GUYXELOM
pe Tic Moteg xavdvemy, énwe tovileton ot pio uehétn tou Allahyari and Lavesson (2011) [65].

ITivakeg aropdoewy - Decision Trees

Ta dévipa AnoPAcEWY YENOULOTOLOUY Ui Llepopytxr] Bour| Ue XOUPBoUC ol BLOXAABMOELS YIol TNV AVATUPACTACT
TWV ATOPICEWY Yot TWV THIOVHY ATOTEAECUATWY TOUG, TUPEYOVTAG ULl OLOUGUNTIXY OTTLXY] oVATUEdoTACT) TTOU
avtatonte(lel Tnv avidpmdnivny Aoyt anogdoeny. 2oT600, Ta dévtpa anogdoewy unopel va yivouv tohbmioxa
X0 ETUPEETY] O UTEEBOAXT| TPOCUPUOYY|, WBle Ue Yeydho clvoha Bedouévmy, xou umopel va eivon aotadn ue
pixpéc ahhayée ota dedouéva. Avtiveta, ol mivaxec ano@doewy TEoc@épouy ol Lop®l| mivoxa o amapliyel
oheg Tic miavég ouviineg xan Tig avtiotolyeg evépyeleg, e€aopolilovtag oAoxANpwUEVN xEAVPT Xa cUVETEL
otn Mn omogdoewy. Eve elvon amhol xou cageic yio anhd cevdpla, ol ivoxeg anogdoenmy unopel va ylvouy
duoxivntol xan d0oxoAa epunveloLol xotog auidvetal o apliude Twv cuvinxdy. Aev dladétouv enlong v
onTX) EAXVOTIXOTNTA TWV BEVTPWY amopdoewy. Tekxd, 1 emAoy HETAED TWV BEVIPWY ATOPACEWMY XL TV
TUVAXWY ATOPACEWY EEaPTATOL OO TN CUYXEXPWEVY TEpITTWoT XeNong, Ty mohumhoxdtnta e dtadaciog
Mdne anogdoewy xou and To av TpoTwdton 1 ontxr i 1 avamopdotacy ot mivaxes. [evixd, ot Subramanian et
al. [67] Biepetvnoay mepantépw T Blopopd LETAED TLV BVO YPAPIXWY ovamapaoTIoEwY (BEVTPo AmOPAcENY Xal
TvoxeS amoQEcEWY) Xo XUTENNENY OTO GUUTEPAUOUA OTL TOL DEVTPU AOPICENY Amod{BOLUY oMoV TIXd XaNDTEPX
and Toug TVOXES ATOPACEWY.

0.2.4 MEelOVEXTARATA TWYV BEVIPWYV ATOPACEWY
Overfitting

To 8évTpa amoPAcEWY (VoL ETLPEETY GE LTEPTPOCURUOYT, WBltd¢ 6TaY TOUE EMTEENETAL VoL avarTuyJoly ot Bddog
ywelc meptoplopote. H unepnpocopuoy? cupPBaiver 6tav éva dévtpo povtehornolel to Y6pufo ota dedouéva
exmaldevone xan Oyl To parypated unoxelpeva wotifa. Autd €xel we anotéleopa uepBoiixd tohdThoxa dévtpa
nou elvon BUoxoho va epunveudoly xou Bev anodldouy xahd 6tav napouctdlovion véa, adéota dedouéva.
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Instability

Ta 8évtpa anogdoewy uropel va napouctdlouy UPMAé eninedo dlaxduavong 6Tn dopr Toug Ue wixpéc ahhayés oTa
dedoyuéva elo6dou. Mia puxer| uetoffohy) 6To cUvolo BedoUEvnv, OTwS 1 Teocthxn 1 1 apalpecT) UepdY onueiwy
dedopévwy, unopel vo odnyfoel ot dnuiovpyio evdg eviehde dlapopetinol dévipou. Auth 1 aotddeia urnopel
Vo TpoxaAécel alyYUoT GTOUS XPNHoTeg, XadtS TO OXENTIXG TwY amo@dcewy Unopel vo odhdEel anpdPAenta,
UTOVOUEVOVTAS TNY EUTLOTOCUVY 0TNV oLOTLOTIOl XL T1 CUVETEL TOU HOVTENOU.

BdBog ka1 moAvtAokdTnta

Kodae o dévtpo amogdoeny avitpetonilouy mo ohvieta olvola dedogévmv, Telvouy va yivovton Baditepa yia
VO XOTOYPAPOUY TLo AeTTougeY) mpdtuna. 20T600, Ta Porditepa dévtpa unopel va elvan dUoxolo va epunveudoiv.
H od&nom tou apiduod tov anogdoeny (Bddoc) o n molumhoxdtnta tewv Sloxhaddoewy unopel vor xatoBdhe
TOUC YeNHoTeg, XhoTMVTAS BUOXOAOTERT TNV aviyveuoT TN Aoyuxng amd TN plla ator QUM

Local-Global Ezxplanations

To dévtpa anopdoewy elvar cUYVE XOAITEPR GTO VoL TapEYOLY ToTuxéS eEnyfoels (eENYDVTUS (ol CUYXEXPLIEVT,
TedPAedm) mupd opoupixéc eENYHOELS (XATOVOMVTOC TN CUVONMXY CUUTERLPOES TOU HovTéhou). Autd unopel
Vo AMOTEAEDEL TEPLOPLOPS OTOY TPOOTOUPE VoL XUTAVOHOOUME TN yevxr dtadxaoia Mdne arogdoewy tou
povtélou.

Bias Toward Certain Splits

Ou ahyoprduol Bévtpwy anogdoewy énwe ol ID3 xou C4.5 unogel va mopovcldcouy gl TpoxatdAndy tpog to
YopoxTneloTixd ue neplocdtepes xatnyopiec. Telvouv vo euvoolV aLTA T YoEAXTNELOTIXE Yot SLoywElouols
TNV X0pUEPN TOL BEVTPOU, ENEWT UTopoLY va odnyRoouy oe LYMAGTEpES PeTpéS *E€pBoug TANpopopiag, axdun
xou oy Bev elvan oL Mo mpoyvwoTxés Yo To omotéheopa. To povtéla evég Bévipou, 6mwe to CART [13],
elvan TApwe epunveolpa, xadog 1 Aoy medfiedric Toug umopel ebxoha vo oxohovdniel mapaTNEWVTAS TIC
dlaomdoelg 6To TeEAXO dEvTpo andgaong. Qotdéco, o CART yenowonolel pa dninotr evpetixy uédodo 1 onola
€xel oplouéva petovexthipata. Ilpdta an’ 6o, autd unogel va odnyroel oe 8évipa mou anéyouv moA) and To
Béhtioto. Autol ol neploptopol mpoxoholv avnovyla xatd Ty epunveio Tne petoAntic omoudadtntog, xodne
TOL ETMAEYUEVA YOROXTNELOTIXG UTopel Vo UEROANTTOUY Tog exelva Ue PEYaAOTERO aptud LOVODIXWY TV, XaL
0 dmhnotog ohyoprduog unopel vo 0dnyRoel ot xeHon AvDACUEVWY YORUXTNELOTIXWY OTLC BIUCTIECELS XOVTA
ot pila Tou §évtpou, oL onolec eivon cuvAdne exelvee mou AauBdvouv tn peyahitepn oroudadtnTo [24].

Xepoudg katnyopnuatikey uetaPAnTody

To dévtpa anogdoewy yellovio xaTNYOENUATIXES PETABANTEC UETATEENOVTAS TEC GE UOpPY TOL UTOEEl Vo
xenowonoundel aroteheopatixd oty dladascia dnutoupyiog Tou 8EVTEou. BuyVE, oL XUTNYOPNUATIXEC UETOBANTES
petatpénovton ot duadixée (Peudopetafintéc), wa Swdxaoia Yveot we xwdonoinon evog onueiou (one-hot
encoding). Eve n pédodoc auth emitpénel oto SEVTPR AMOPECEMY VoL EVOWHATMVOUY XATYORNUATIXE dedouéva
ywelc vor uTtoUETouy pla CUYXEXPIIEVT OyEoT, Umopel Vo auéXioel onuavTixd T SldoTaon Twy dedouévmy, 18lng
HE YOEAXTNELOTIX IOV £Y0UV PEYAAO apldud xatnYopldv. AUTH 1 enéXTOoT UTOREL VoL OBNYHOEL OE UEYUADTEQL
xou o tohbThoxa BEvTea. O YELPLOUOC XATNYORNUATIXWDV YORUXTNELOTIXWY UE UTOV TOV BuadXd TpdTo unopel
EMOUEVLC VoL oLUBAAEL oty ToAuTAoxSTNTa Xou To Bddog Tou Bévtpou, emnnpedlovtag evdeyopévews TG0 TNV
anédoaT 6G0 XAl TNV EQUNVEUCWOTNTA TOU LOVTENOL.

0.2.5 Avipwniveg enednyroeig xou AMdn anopdocewyv

H xoatavonon twv oavipdmvey diadixactody APng amo@dcewy xol TwV YVeo XY TERLopIooy elval {oTnhAc
onuaoioc Yy o oyedlaopd xou Ty ovdmtudn enednyfowmy doumy dévtpwy anogdocwy [52], [55]. H av-
Ypodmvn Mn ano@doewy, eved ouyvd yivetow avTAnmth we Aoy xow opdoloyixt|, utdxetton eniong oe Thidog
YVWO TGOV TpoxaTohiPewy, eupeTndy Uedddwy xau meploplou@y. Me tnv egétaon tne Pihoypagioc tng
uyoroyiog, TS VEUPOETOTAUNG %o TN YVWOTXAS EMOTAUNG, UTOPOUUE VAl aoXOAVPOUPE Ta Oplol TNG oLv-
YoodmVNG xATAVONONS, VO ATOCUPNVICOUUE T YVOOoTES dlepyaoiec mou mailouv pdAo xou Vo EVIOTHGOUUE
mdavée mory(deg mou umopel vo cuVAVTAGOLY oL dAYOEIIUOL BEVTPWY ATOPICEWY HTAY TEOGOUOLVOUY TNV OlV-
Yedmvn M ano@doewy. Xe autd TO XEQAAUO CTOYEVOUUE VA YEQPUEMGCOUUE TO Ydoud Uetoll tng Vew-
eNTXC xoTavonone e ovipdmivng AMPNG AmoPAacEwY XoL TNS TEOXTIXAS EPUPUOYHS TWV LOVTEAWY BEVTRLVY
ano@doewy Ge Gevdpla Tou TpayHoTixol xdouou. Tehind, otdyog pog etvar vo e€8youde TOMITIIES YVWOELS oo
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™y avlpdmvy vonom ot vor xadodnyoOoUUE TNV oVATTUEN TLO EQUNVELGLUMY, BLOPOVOY Xl ATOTEAECUATIXOVY
ahyopliuwy SEVTEKY amoPioEwY.

AvOpnmivn AN anogpdoswy

And ya yevur) yvwotixh mpoontix, n M amogdoewy elvon 1 Stadixacio emhoyhc plog emAoYhe N WoC
Topelog Spdong and éva chvoho evalhoxtixwy hboewyv. Ta teplocdtepa Yuyoroyind Loviéla Teplypdpouy TNy
aviponivy Swdixacio AN anogdoewy we TuNuaTXés otadloxés dadixaciec mou mepthaufBdvouy Bruota ue
eniXeEVTPO TN CLANOYY TANEOYOELAOY, TNV extiunon Tne mdavdTnTag, TN BlaBoVAEVOT) XU TNV ETMAOYY| ATOPAUCTS.
Ou 800 Yepehddelc YVwoTtxés diepyaoieg mou démouy Ty avilp®dmvy cuARoYLoT xat Mdn amo@doewy elval
1 TROGOYN Xal 1) VAU,

Ilpoooxr) ka1 working memory

H mpocoy elvon 0 tpdmog pe tov onolo o eYnéQahog, cuy Ve GUVELBTTE oV XL HEPLXES POREC AUTOUOTA, ETULAEYEL
TAneogpoplec Yo yvwotix eneepyacio. H avdpdmvn pviun elvar 1 iavétnta xwdixonolnone, anodfxeuong
%o avaxTnong Thnpogopetwy. H mpocoyn xou 1 pvAun Aettovpyoly we onpavtixol neplogtopol oty eneepyaocio
TANPOPORLDY, OTOTE 1 XUTAVONGY TOU TEOTOL UE Tov omolo auTéc ol dadixaocies emnpedlouv Ta CUCTATIXG
ototyelo e cuAhoyloTxrc xou e Mdne anogdoewy elvar Lotxrc onuaciog Yot TNy avdnTun TEYVOAOYLLV
unooTHEENC ano@doewy, dnwe Ta dévtpa anopdocwy. H working memory avagépeton ot pa mouahion Sladxoaotev
TIOU YPNOWLOTOLOUVTOL Yol TN BLTHENOT TWV VONTIXWY TANROQOopLKY GE o Wialtepa tpocBdouun xatdotaon. H
working memory Yo npénel va Yewpeltar w¢ yio TeoowpeLvy anodxy 6mou exteholvTal cuvewdnTol, enitovol
(rou anautoly tpocoyh) ecwtepol unoloyiopol [6]. H anodixeuoy otn puviun epyasioc tollet told onuavtixd
pého oe autéc Tic epyaociec. ‘Onwe eldope and tov Miller [54], o nepiocdtepor dvipwnot eivoan oe Yéon va
avoxahéoouy uia Alota pe Oyt teplocdtepa and 7 Tuyola dlatetarypéva vonpatixd otolyeia. To dplo avdxhnong
elvon onuovtind xododg Yetpdel T uvAun epyaotac. Xlyoupa 1 ixavétnta e epyalouevng uviune mouxiAie
petadd Ty avdpdnwy xou petaBdiieton xatd tn Sdpxeto tne Lomc. [20]. Iho npdogpatec pyerétec ([36], [19])
oe TOMNOUC TUTOUC LALXMY %o €QYIOLOV BElYVOUY OTL UTHPYEL Uol XEVTEIXT] XaVOTNTO UVAUNG epyaoiag Tou
neplopiletar o 3-5 xouudTiar TANEOPORLY GTOUS EVAAXES. AUTE To XOUPATI TANPOYOELOY UTopel Vo elvou
pepovwuévee hé€eig 1 Lelyn Aéewy.

Ta 8évtpa amopdoewy elvon €vog TOTOG HOVTENOL UMyovixAc Udinong Tou yenolponololy ol avlpwrol Yo Vo
Aopfdvouv amogdoel; enelepyoalduevol voepd pla axohoudia xavévwy "if-then". AeBouévou 6t ou dvipwnol
€xouv auT6 To 6plo 6TOV aELIUS TV TANPOPOELDY TOL UTOPOVY Vo ETEEEPYUOTOUV AMOTEAECUATIXG, To OV-
TP AMOPACEWY YivovTal AlYOTERO EpUNVEVGLUO XOME UEYUAGYOUY Xl YIVOVTOL TLo TOAUTAOXA, OBNYWVTG OE
VPNAOTEPO YVWO TG PopTio Yiat Toug avipdToug Tou TEOcTUoUY VoL To XAUTAVOHCOUV.

Human Reasoning Ou diadixaciec Mne anogdoewy dieuxohivovtal Ye ) yeNon plag Tobahiog SlapopeTixy
TEX VDY cUAoYIopoU. H avahoywr) cuhhoylotny, Yo nopdderyua, nepthopfdvel Tny e&orywyr) CUUTERUCUATEVY
yia véeg MOoELg Y€k TOpUAANAOU®Y PE YVooTéc. Ol anogdoelc hauBdvovtal TeAxd u€ow cUANOYLIOHOU OYETXE
pe to mEOPBANua xou tor mdavd amoteAéouatd Tou, cuyvd AauBdvovtag unddr nageddoviind yeyovdta Aidng
ATOPECEWV.

Ou cuotatxéeg Sadixacieg Tou avahoyxolb culhoylopol meplhopBdvouy T axdhovdec oelplaxés dladixaoieg
[66]:

1. Encoding: Metdgpaon cpediopdtwy ot ecwtepnéc (VONTIXES) avamopaoTioELS
Inference: Ilpocdlopiopdc e oyéong uetagld npofBAnudTey
Mapping: Kadopiopds avtiotoiytedy UeTald VEWY Xl TOAUDY GTOLYEDY

Application: Extékeon tng Swdixaciag Mdne anopdoewy

A B o

Response: 'Evdel&n tou anoteléopotoc tng dladixaciag culloyiopod

Aedopévou 6tu ta Bripata oe awth T dadixoacio cuAhoYIoHoU exTUNooOVTAL SlaBoyxd, 1 YoV SLdTalr xou
0 Ypoviopos e umocthpEne e andgaong eivan xplowa yior Ty evioyvon e Mg anogdoewy ye Bdon
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™ xpovix evauodnoio. Ilepoutépw avdAuct amoxahiTTeEL OTL Ol YEOVOL avVTIBEAONE Xl TOL TOCOGTE CQAUAU-
To¢ awédvovtan e o clvietee xwodixonomoels. AveEdptnta and ta epediopata, to PrApa e xwdxonoinong
amoTeEAEL TO oNuAVTIXGTEPO TUAUA TNS dtadixaciog GUAAOYIOUOD, avTitpocwneboviae tepitou To 45 % tou cuvo-
AxoU yp6vou cuAloylouol. Io tapdderyua, 1 xwdixonolnon A&ewv Sopxel TeplocdTepo amd TNV xwdlxonoinomn
CYNUATIXDV EXOVOV, YEYOVOS TOU LTOBNAWVEL OTL 1) UELWOT) TOL TEPLEYOPEVOL XEWEVOL OTIC 006VeES Yo unopoloe
voL emiToy OveL T M anogdoewy. Enopéves, o npénet va Siveta npotepatdTnTol 6T1 SleuxdAUVeT) TNG Toy UTERNG
xWOXOTOINONE, EVOEYOUEVWE YEOW TNE YeNong To dlouodntixey cuuBolny xa epyaouwy. Tlapduoa pe Ty ov-
Ypwmvn AMdn anogdoewy, ta EvTpa anopdoeny Pacilovion Ge pla GELRd ATAMY XOVOVWY ToU ovamaplcTovTol
and xnéuPouc, xahotdvTag €lxolo vo xoatavondel o Tponoc pe Tov onolo Aaufdvovtal ol anogdoelc. H capnic
X0l XOLTOVONTH XWOLXOTOMNOT| TWV YURUXTNELC TV EVIOYVEL TNV EQUNVEVCLUOTNTA TWY JEVIPWY AMOPACEWY XAl
dleuxollvel TNV e€Rynom Twv TEOBAEPEWY TOU LOVTENOL GTOUG EVBLUPEROUEVOUC.

AvOpomivy aviiAndn

AeBopévou 6Tl To Uépog TN Xwdlxomnolnong Tou cLANOYIGHOU elval TO To oNUAVTIXG xaL YpovoBbpo uépoc Trng
Mdne anogdoswy, eivon {wtxhc onuaciag N Bektiotonoinon g avanapdotaons Twv HoviéAwy Ue Bdon tny
avdpdmvn avtidndm. O dvlpwrol €xouv wio aELooNUEIWTN XAVOTATA VoL EXTEAOUY Wit LEYAAY Towhiar QUOLXDY
0L VONTIXWV EPYAOLOV Ywelc HETPHOELS xan ywpelc umoloyiopwols. Katd tnv extéheon tétoiwy xadnxdviwy
ol vdpwrol Bacilouvv Tic bmoleg anogdoelc mpénel vou AdPBouv oe Thnpogoplec mou, w¢ eni to mheloTov, elvou
avtidndn xau oyt wétenon [75]. Mia ovolaotiny Sapopd petall petpoewy xou avtilidewy elvon L yevixd ot
petphoeic elvan cagelc, eved ov avtliders eivon acageic (ZyhAuo 0.2.3).

Information
Data
Measurement Based Perception Based
Numeric Linguistic
* Dana is 25. * Dana is young.
* It is 85°. « It is hot.
* Unemployment is 4.5%. * Unemployment is low.
» It is the expected value. * It is the usual value.
* It is the continuous function. » It is the smooth function.
* There is no counterpart. » Most Swedes are blond.
* There is no counterpart. » It is likely to rain in the evening.

Figure 0.2.3: ID\npogoproxd dedopéva(Zadeh 2001)
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Me Bdon to mopandve, UTopolUe Vo GUUTEQEVOUUE OTL To XATYORNUATXE Dedouéval, e oagelc ETIXETEC UTopolY
vo glvan Lo StoucInTixd yia toug yeNoTteg oTny eppnvela Toug o cUyxplon e Tig aptiuntixés tpée. O xatn-
YOopMUATIXOC Blaywplopog TepthoyBdvel Tn dlalpeon Uiog cuveyolc UeTtoBANTAC oe Sloxpltéc xatnyoplec 1 ouddeg
pe Bdon onpavtixée daxploec. Ou xatnyopleg ye vonua dieuxohdvouy toug yerotec va evtonilouvv pot{Ba,
v x8vouy cuyxploeic xou vo e€dyouy cuunepdopota ond to dedouéva. O xatnyopnuatixol Sloywpelopol ouu-
BdAhouv OTN) BLUPAVELDL XOL TNV EPUNVEUCLUOTNTA TWV UOVTEAWY XohoTOVTOC TNV UToXe(pevn hoyixh mo cogn
xou xatavonth. Ou yproteg umopolv elxoha v avtihngdolv yiatl emhéydInxov oplouéves xatnyopleg xan modS
oyetllovial e TO GUYXEXPUEVO TROPBANUA. AUTH 1 Slapdvelo EVIOYUEL TNV EUTLOTOCUVY GTA ATOTEAEGUOTO TOU
povtéhou [45]. O dvdpwnol teivouv vo tpooeyyilouv o aprduntind otouyela e acupelc YAWOOWES ETETES
oL omoleg oLy vd dlapépouy PeTadld twv aviponwy. Tapabddiwe, ol dvipnwnol elvar o Véor va emxovemvoly Ue
TS TIC aoapelc X AP TEC YAWOOWES ETXETES Xou dev {nTolv Tic axpiBeic Tiwée 6Tav g oulntodv. Xty
TpaYUoTiXOTNTA, aVTES oL afBEBaleg €vvoleg EMITEETOLY GToUE avlpwToug va efvon e Véon vo exteroly TOAD
efelypévee epyaoiec [35].

Katavénorn poviélou

‘Evoc onuavtixdg pnyoviouoc o ) Beitiworn tne anddoong twv epyaotoy enthuong mpoinudtoy dewpeiton
ouyVa N xotdANAN onTixomoinon twv TAnpogoplny [[68], [69], [73]]. H mAnpogopia ye 0 wop@t exdvmv 1
yeopnudtev Hewpeiton yevixd avedtepn and exelvn oe dAReg avoamapaoTtdoel. ‘Eyouv yivel moAAég €peuveg oe
i tpoomdeto enafideuong awthc e SHAwong, odAd Ta anoteréopota Koy avtipatxnd [41].

Ipoxewévou va avtyetonioet auté to {itnua, 1 Vessey avéntule pio Yewplio yio vo teplypddet tn oyéorn uetald
TWV OVOTOEOC TACEWY XAl TWV TOTWY EQPYACLOY oL LG TNEIloVY epyaciec Tou elval XahOTEPO XATIAANAES YLot
Yoapixéc 1 avanapao tdoels Tvdxwy [72]. To épyo e Vessey ewofiyaye tny évvola tou "cognitive fit". H évvoia
auth utootneilet 6Tl 1 TohuTAoxdTNTa 6To TEPYBEANOY TNne epyaociog uropel vo UeTpLoo Tel anoTeAecHATING GTO
Ta Bonirpota enthAuong TEOBANUATLY -OTKE Tl EpYUAELN, OL TEXVIXES 1) OL AVOTOPUC TAGELS TEOBANUATOV- gulu-
yeopuilovton pe tic otpatnyxéc tne epyaociog (uéVodol B Stadixaciec) Tou eivor amopaitnTeS Yo THY ohoxApwon
e epyaotoc.

Problem
Representation

Mental Problem
Representation — Solution

Problem Solving
Task

Figure 0.2.4: Tevixd povtého enihuone npofinudtwv(Vessey 1991)

H Vessey mpoteivel to yoviého nou mopoucidletar oto Lyfua 0.2.4 yio ) yevixr enihuorn mpofAnpdtwy oto
onolo Baociletar To emyelpnuo Tou cognitive fit. To povtého Yewpel tnv enlhvon npofAfuatoc we anotéhecpa Tng
oYEomNC PETOED TNG Avamapdo THo TG To TRoBARUTOC xou Tou €pyou enlivong neofifuatos. H vontu avanopdo-
Tao lvol 0 TPOTOC e TOV omolo To TEOBANUa avanapio Taton oTNY avitpwmvn pviun epyactag. ‘Otav ol TOmoL Twv
TANpogopldY Tou tovilovtar ot oTotyela enthuone npoliiuatoc (avanapdotaon npofliiuatoc xa €pyo) Toupld-
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Couv, 0 Notne Tou npofiiuatos yenouytorotel Swadxaciee (xon ETOUEVOC SLOOPPOVEL Lot VONTLXH ovaapdo TooT))
Tou dlvouv emlong éugacn otov Blo Tino TAnpogopuwy. Me dhhat Aoyl 1) AVTIOTOYLOT TNG AVATAUPAC TAONG UE
T0 épY0 00NyYel 6T YPNoN TUEOUOLWY, Xl ETOUEVIES CUVETMY, SLadLXAoL)Y eniAUONC TEOBAAUATOS, XAl GUVETHOS
o BlodEPwaT Uiag LVETOUS VonTixig avandpdotaons. Aev Yo ypelaoTel Vo petacynuotio tel 1 vontxn ava-
TOEEO TACT VLol VoL TROCAUPUOCTEL 6T YENOT) BLOUPOPETIXMY SLABXACLOY YioL TNV EEXYWYT| TANEOPOELY oo TNV
AVOTOEAG TOGT TOV TEOPAUATOE Xou TNV eTAuc Tou mpofhiuatog. (¢ ex toltou, 1 enlAucn TEOBANUdTLWY HE
YVOO T TpooapuoY T odnyel oe anoteAeopatiny xou amodoTxr enldoor oty enthucT TEoBANudTEY.

Ta 8€vTpa ano@doenmy lval Ywelxés avanapaoTdoel TEOBANUATWY, xod® Tapouctdlouy Ywexd cuoyeTloUeves
mAnpogopiec. Me Bdon o cognitive fit ta e&nyrowa dévtpa anogdoewy evtuypauuiloviol xaAd Ue Tor vonTixd
povtéha tou avilpmnou Yo To TEdPAnua tadivounonc. Auth 1 evduYEEUULOT EVIOYVEL TNV XATOVONOT otd TOV
¥eNotn Tou TEoToU UE Tov oTolo TO BEVTPO UMOYACEWY XUTEANEE OTO CUUTEREOUTE TOU, OBNYWVTAS OE TLO
amoteheopatiny xou oiyoven AP amopdoenmv.

0.2.6 MeTpa EPUNVELCLLOTNTAG

[apadootoxd, 1 aElohGYNOT TWV YOVTEAWY TaEvounong €xel emxevipwiel xuplwe oty axplBela mpdBiedng we
TpwTopyd xplthplo. 20Td00, OE EQUPUOYEC TOU TEAYUOTIXOD XOGUOU OTOU Ta HOVTEAX TEETEL Oyl UOvVo va
amodlBouy aAAd xan vor efval xaTavonTd GTOUS XeHoTeS, 1 epunveuoipotnto xadiotata e&icouv onuoavty. Eyet
onuelwdel onuavTer Tedodog TNV avdnTuln pedodwy Yio TNV EViGYUOT TNC XATAVONTHTNTOS TWV LOVTEAWY Taé-
woéunone [29]. H afiohéynon twv diapdpwy uedddnv enelnynowpdmras ouyvé otepeital evég cagpols TocoTx00
mhatotou xou avt’ autol Baoiletar ot noloTxés allohoYHoES xou HEAETES YpnoT®v. Auth 1 e€dptnon and not-
OTIXE UETEA AVADELXVOEL TNV TOAUTAOXOTNTA TNG EPUNVEUCLOTNTOC, 1) OTtolal TepLhop3avel &yt udvo Tn dlapdvela
TOU JOVTEAOU GAAG X0 TOV TEOTO PE TOV omolo ol TANpogopleg YivovTal avTIANTTES ol XATAVONTEG ONG TOUG
avipdroue.

ITocotixh aELOANOYMON TNG EPUNVEVCLLOTNTOG

H nocotin) a€loAdynoT NG EpUNVEVCOTNTAS OTOLTEL TOV OPLOUO XL TNV EQUPUOYT] CUYXEXPUIEVWY UETELXWY.
Avutéc oL peTpixéc amooxonoby oTNY XoTAYEAPY BlapoprY TTUYDY TNG EPUNVEUCHLOTNTAS, WS 1) AmAOTNT, 1)
dapdveta, N ToTOTNTOL ot 1) avDpdTLVY adlohbyno.

o Am\otnta

o Aipdveia

e Fidelity

o Avipdmvn aglordynon

AvOpdmivn aZLoAdOYNOTN TNG EPUYVEVUCILLOTYTAG

Yig petpuég avlpdmivng afloAoYNong Yol TNV EXTIUNOY TNG EPUNVEUCLLOTNTASC OE HOVTERA Unyavixc uddnong,
ocuvidwe aftohoyolpe mtuyée mou oyetilovior pe To THo0 XA Ol AVIp®TOL XATOVOOUY Xat EUTLOTEVOVTOL
T amo@doelc Tou povtélou. Axoloudolv oploUéves cUYXEXPIEVES TTUYEC ToU 0ELONOYOUUE OTIC UETEIXES
aviponivne oflordynone:

e Comprehensibility: A&ohoyolue T cagrivela xou tnv guxolla ye tnv onola ol Gvilpwnol unopolv va
XAToVooouy TN dodixactia AAPNG ano@doewy Tou HOVTENOL.

o Auwgdveio: Aiohoyolue to Podud oTtov onolo oL ecwTEPIXES AelToupYiee Tou povtéhou elvon Slapavelc
%ot TeooBdoiuec oToug avipdroud.

o AZiomotio: Metpdye to eninedo euniotocivng mou delyvouv oL dvipwnol 6Tic TEoBAEPELS Xal TIC ATOPATELS
Tou ovtéhou [37].

o Ixavomnoinom tou yerotn: Metpdyue 1 GUVOALXY| IXOVOTIOINGT] TWV GUUPETEYOVTIWY And TNV EQUNVELCLLOTNTA
xoL TN YenouxdTNTa Tou Yoviéhou. Autd mepthaufdvel T GUAAOYY AVATEOPOBOTNONG GYETIXA PE TNV
eunelpla Tou yphotn, ouunepthopfBavouévng e euxoliog yeone, e caphvelns Twy eENYHOEMY Xol TNG
avthopPBovéuevne o&iog TS EUNVELCIUOTNTOS ToL ToREYEL TO HovTého [22], [37].
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o AnoteheopatixdtnTa ot Mgn anopdoewv: AZ0AoYOUUE xoTd TOGOV 1) EQUNVEUCLUOTNTA TOU TOREYEL
TO HOVTENO EMITEETEL GTOUC GUUUETEXOVTES VoL AopPBdvouy Texunelwuéves anopdoeig ¥ v avolopfdvouy
¢ xatdAAnhec evépyetec Ue Bdon tic mpoPBrédelc Tou povtéhou. Autd mepthauPdvel tnv aflordynon trng
TEAUXTIXNAG YENOWOTNTAS TV EENYHOEWY TOU UOVTEAOU OE TEAYUATIXES EPUOUOYES XAl GEVAELOL.

MeTpixEg EPUNVEVCILOTNTAS BEVTIPWY ATOPACEWY

H epunvela tov 8évtpwy anogpdoewy nepthauBdvel Ty oafloAdyNnor Blagdpmy YETEIXMOY TOL TopEYO0LY TANEOQOpieC
OYETIXA UE TNV TOAUTAOXOTNTA Xl TNHY XATovonTtoTNTd Touc. Eved nodkéc afloloyroelc anionolody utepBoiixd
awté 10 €pyo eondlovTac AmOXAEIGTIXG 0TO PEYEVOC TOU UOVTENOU, 1) TROYUATIX EQUNVELCLUOTNHTA EE0pTdToN
and TOAATAOUE TUEEYOVTEG TOU OMOTUTVOLY TOGO GUVTOXTIXES OCO %Ol CTUACLOAOYIXES TTTUYES TOU BEVTPOU
[26].

1. Model Size: 311 cuvteiTTiX] TAELOVOTNTA TWV EQYACLOY OOV 1] EQUNVEUCLLOTNTA EVOS UOVTENOL TaE-
wopnong afloloyeiton, N a&lohdynon auty yivetow oe €vol UTEPATAOUGTEVTIXG TEOTO, UETPWVTUSC UOVO TO
péyedoc tou yovtéhou. H xatavontétnta evdg poviéhou e€optdtar o yeydio Bodud omd to mpayUatis
TOU TEPLEYOUEVO, OTIOC TAL YAUPAXTNELOTIXA OE €Vl DEVTRO AMOPAGEWY, Ol CUVINXES YOLUXTNEICTIXWV-TUUDV
oe xovoveg ToeEvounone. Katd cuvéneia, eivor amohltee vontd éva ueyahltepo 8Evipo anopdoewy vo eivol
TLO XATAVONTO YLl TOV YENOTYN Amd EVal XPOTERO, XS TO PEYOADTEPO DEVTPO UTOPEL VO EVOWUATMVEL
XUEOXTNELO TIXG Tou elval o onuoyTxd 1 SlanodnTind yia Tov yenotn. ot pétenon tou yeyédoug tou
BEVTPOL YENOLLOTOLOUVTAL TOAAES BlaOpETIXEC YeTpnés o BUBAloyparpios

(a) B&dBog dévtpou: To Bddoc eviéc dévipou amogdoewv elvon évac duecoc deixtng tne molv-
Thox6TNTéS Tou [3].

(b) AptOrds x6uBwv: O cuvohixde aptduds twv x6uBwy (onpeia andpaonc) oto dévtpo.
() Apwdudg @OANLV: O apriudc Twv xOPBuV YUANGY 1 TV TEMXOY onpelwy Tou dévtpou.
2. Apwiuodg yapaxtneiotixmy: O dprdudc TV YopoxTNEloTIXGY TOU YENoWOTOL0UVTAL and To BEVTEO.

3. Sparsity of nodes: To nococt6 TV *6UPwVv Tou €youv Aiya onueio dedoyévwy mou oyetilovton Ue
auTolg 6 GUYXELOT| UE TO CUVOAXS dpLUd XOUPBKY 6To BEVTEO.

4. Kadapotnta @UANwY: Metpdel n6c0 opotoyevy) elvon tar onueior dedouévwy oe xdie pUAAO.
5. Icoppornia 8EvTpou: 'Eva xold tcopponnuévo d€vtpo elvan oLy v euxohdTtepo oTNy epUnveia.

6. M¥xog xavova: MEGO uixog Twv xavovwy and@oons Tou TpoXOTTOUY ond To HOVOTATIA TOU BEVTROU.

0.3 Teyvixég Ilpooeyyioeig

Eve otn BiBhoypagpia €éxouy mpotadel mohhéc mpooeyyioeg yia tn BeAtiwon Tng epUNVEUCWOTNTISC TV HOVTEAWY
unyovixne pdidnong, ol wédodol autée umopolv Vo xatnyoplonoindoly oe TEElG XUPLEC OLXOYEVEIES: TEYVIXEC
npoeneéepyaciog, Texvxéc alyoprduxnc tpononolnong xou TeyvIxég yeto-enelepyooiog. Xe auTtd TO XEQPAANO,
Yo Blepeuvrioouue aUTéG TIC TpooeYYloelc eWdxd oTo mhaiolo Twv dévipwy andgaonc. Ou teyvixéc npoeneiep-
yooldg anocxonoly TNV TEOTOTOMNOY TV YHUPAXTNELO TIXMY TWV BEBOUEVKY EL06B0U WOTE Vo dlacpaloTel ot
e tadivountic Tou extoudeleton o€ oUTE Tal dedopéva emTuYYdveL LPNAA enednyuaTxdTTa ot TPoBAEdeLc
tou. Avtideta, oi teyvinég ahyoprduixic TEOTOTOINONC EVOWHATMVOUY TOUG TEPLOPLOUOUS EQUNVEUGLUOTNTOC
aneudelac otov olybdprdpo udinone, e€acaiilovtag 6t To Hovtého BEVTpou amopdoewy Tou TEoxUNTEL elvol
eyyevee mo eneényfowo. Téhog, ol teyvixéc peta-encéepyaoioc mpooupuolovy To amoTeAécUUTA EVOS 1T
EXTIUOEVPEVOL BEVTEOU AMOYAGEWY Yial VoL BEATLOCOLY TNV EPUNVEUCLUOTNTA TOU.

0.3.1 Teyvixég npoenelepyaciog Acdouevmy

Ye autd o xepdiono Ho Vélope vo eléyEouue Tig teyvixég mpoeneEepyaciog mou unopoly va Bondncovy oto
va ylvouv ta povtéha o epunvedolda. Ot dvdpwrol €youv eyyevelc YVwoTxolS TeEpLoplopolc Tou Unopoly
VoL ETNEEGCOLY TNV LXAVOTNTE TOUS VoL xotavooly mohdmAoxa povtéha. Eidoue 6TL ot ypdvol avtideaone xou ta
n0c00Td Addoug otn AN anogdoewy avidvovtar pe mo olvdeta povtéha. Aveldptnta and ta epediopota,
7 UETEPEOOY TOU HOVTEAOL O vonTuxY avomopdotacy) (xwdixonolnor) anotehel To0 oNuavTXdTERO TURUA TNG
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dladixaciag GUANOYLOUOU, aVTITPOCKWTELOVTOS TERITOU TO ULGO TOU GUVOAXOU YEOVOU GUANOYLOUOU, YEYOVOS
Tou emonuaivel T onuacia Tou BrAgatog tng mpoeneéepyaciog Yo T dnuiovpyic Tou povtélou.

Feature Engineering

To feature engineering efvan pior Yepeiiddne dradixacio oty mpoetoasia Twv LOVTEAWY unyavixnc uddnong,
omou Ta oxatépyoac o dedopéva petacynuotilovton xon eunioutilovian yio va Bertindel 1 anddoon xou 1 epun-
vevodtnta Tou povtéhou. H Siadixacio auth nepthapfdvel tn dnplovpyio VEWY YapaxTnelo Tixy and undpyovTo
OedopEV, TNV EMAOYY TWV TLO CYETIXWY YUPUXTNELO TIXWY Xl TOV UETUCYNUATIONS TWV YAULUXTNOLO TIXWY YLot
™ Bedtinon e xeno TxdTNTAC Xl TNG AMOTEAECUATIXOTNTAC TOUC Yiol TNV TROYVWoTixY) woviehonoinon. T
ToL BévTpa amodoewy, to onolo dlaywpeilouy ta dedopéva Ye Bdon Tic TWWES TwV EMPEPOUC YUPAXTNPLOTIXWY, T
XOAG OYEDACUEVOL YOPUXTNELO TIXE UTOpoLY Vo 0dNYoouy ot amAolGTERN ot TO epunvedoda dévtpa. Emniong,
UTOEOUY CUYVE VO EVOWUATMOOOLY TOAUTAOXES OYETEIC O anAoVOTERES HOPQES, UEWWVOVTAS To Bddog xou tnv
nohumhoxdtnTa TOU BEVTPOUL amdPacNS Tou amantelton yiot Ty enitevdn vdniic axplBetag. Emmiéoyv, to feature
engineering Bondd oto yeploud InTudtwy OTeg oL EAAEITOVOES TWES, N XWOXOTOINCY XATNYOPNUUTIXOV Oe-
BOPEVLY XaL 1) XOVOVIXOTO(NGT TwV dpldUNTIX®Y Teploy @Y, dlaogaiilovtag €tol 6Tl o ahyopliuoc tou Bévtpou
ATMOPICEWY ETUXEVIPWOVETOL GE YVAOLEC CUCYETIOELS BEBOUEVLY Xou OYL OE TEYVOURYNUATO TNS AVATIEAo TUOTS
TRV OEBOPEVLIV.

Emiloy? xopaxtneloTixmy

H emhoyn yopaxtneio v eivon €va xpiowo BhAua otov aywyd unyavixic wddnong mou nepthouBdvel tny emi-
Moy EV6C LTOCUVOAOU OYETIXODVY YAPOXTNELOTIXWY (LETOBANTOV, TEOBAETTIXMY Topaydviwy) yia yefon otny
xoTaoxeun] povtéhwy. Ol tpwtapyxol otéyol Tne emhoyng yopaxtneloTixey elvan 1 Bektiwon e anddoong tou
povTélov, 1) Uelwon Tng utepnpocaproYic xou 1) evioyuor NG spunvevolotntac. Me tny e€dieldmn Twv doyetwy
1) TEPLTTWV YOEAXTNEIOTIXWY, N ETAOYY YopoXTNELOTIXOY cLUBEAAEL oTov e£opUoloYIoUS TOU UOVTENOU, XOo-
HoTedvTag To Ty OTEPO Kol ATOTEAECUATIXOTERO. ‘ONwC avapépeTon 0TO XEQIAMO 2.3, UTEOYEL UEYSAN avdyxn
TEPLOPLOOL TOU ApLIIOU TWYV YAPUXTNELO TIXWY oV ePavilovTal GTNV oVITUEdc TAGT TOU WOVTEAOU Hog, xadde
Evag HEYAAOC pldUOC YOPOXTNELO TV PIVETAL VO TPOXAAEL WOVO GQAALTA OTIC AVIPOTIVES OTOQATELS XOL Vol
unv ouuBdrier tepoutépw oty dadixacio Mg anopdoewy.

‘Evog Tp0mo¢ Yl Vo GXEPTOVUE Tig UETHBOUE ETAOYHC YORUXTNELCTIXWY EVAL UE GPOUC EMOTTEVOUEVKY XUl U1
enonteudpevey uedodov [44]. H Swpopd €xer vo xdvel Ye To av Tor YopoxTnptoTixd emhéyovton Ye Bdon
petoAnti-otoyo 1 oxt. ‘Evag dhhog 1pdmog va eEeTdC0UHE TOV PNYAVIoUd TOU YENOULOTOLEITOL Yid TNV ETAOYN
YOPOXTNELOTIXOY TIoL UTopel vor ywetotel oe uedddoug wrapper, filter xou embedded [74].

Mo Snpogihic uédodog yia TNy emAoYY YapaxtneloTixey nepthauBdvel v a€loAdynor twv importance scores
Tou anodidovial oTig UETUBANTES and €va LoVTEND unyavixnc wainone. Aedouévou 6T 1) axplf3nic emAoyy| yopox-
ety elvor Lot onuaciag, eivar onuavtixd ot Baduoroyles onuavtxdTntag vo avTtpocwrelouy ye
axp{Belo Ty mparypotxdTTe. Auth 1 uédodog emyelpel va Tocotixomolfioel T oyeTix onuacio xdde yopox-
TeoTo0 Yo Ty TeoBAedm g uetaBinthc-otdyou. H onuascio tng petafBintric utoloyileton pe tn wétpnon tne
enaugnTiic Peitiwong tng anddoong Tou amodideton oe xde yEHON EVOC YOEAXTNEIC TXOU EVIOS TOU UOVTENOU
xon TN oOvodn auThC TS TAneogopiag oe 0AOXANEo To poviéro. ‘Eva Booixd medfBinua mou avagpépetal ouyvd
ot BBhoypapla eivor dTu 1 uédodog emhoyric Sidonaone tou CART pepoinmtel npog tnv emAoyT| yopaxtnelo-
TV Ye PeYahOTEPO apidud vy onueiny didoraone [43], [42]. T va avuipetwniotel autd To {Rnua éxet
TpoxOeL Eval VEo pelual epyaciag UE TNV XATAOKELY] SEVTPWY amdQaone UE TEYVIXES cLVORXTHC BeATioTonoinong
avtl v dminotee evpetixée teyvixée. Ta Pédtiota dévtpa 9], [10] yenoionooly to mixed-integer optimiza-
tion yio TNV xataoxeLy| BévTpwy andaong ot éva wévo Briwa mou etvar cuvolwd Béhtiota. Ou Jack Dunn, Luca
Mingardi, Ying Daisy Zhuo [24] Siepedvnoay tnv anédoor e onuaciog tev ETUBANTOY (¢ YopaxTneLo Tixd
yvoplopo emhoyy v tic pedodoug CART, Optimal Trees, XGBoost xou xatéhnfav oto cupnépacya 6Tl N
uédodog pe Tic xaAUTEPEC ETBOCELC Yo TNV EMAOYT YapoxTnplo Tixdy eivar 1 Optimal Trees.

To Random Forests [14], wo ensemble pédodoc udidinone, ypnolonolodvon EVpéne Yior TNV ETAOYYN Yopox-
TNELOTIXOY AOYW NS avOTNTAS Toug va yelpilovTon Yeydha cUvola BedoUEvev xal TOMOTAOXES AAANAETLOEA-
oelg PETAED TwV yopoxtnelo Txdy. Kataoxevdlovtoc éva mAfdoc 8évipwv andgoaone xotd tn Sidpxeld tng
exnafdeuone xou unohoyilovtoc tov péco 6po Twv mEoBiédedv toug, Tta random forests mopéyouv eyyevid
éva p€tpo TNE onuaciag Twv yopoxtneto Tixdy. To mieovexthAupata tne yerone random forests yia tnv em-

15



Chapter 0. Extetopévn Ieptindmn ota EAAnvixd

AOYY) YOEOXTNELO TIXGDY TEQLAUUPBAVOUY TNV avIEXTIXOTNTO TNV UTERTPOCUQUOY T, TNV XavoTnTa Yelplohol 1660
aEIUNTIXAY OGO Ko XATNYORTUATIXDY DEDOUEVKDY Xl TNV LXAVOTNTO XAUTOYEAUPHC U1 YOOUULXDY CYECEWY.

Evoouydtwon yVHong Tou Touéa

H evowpdtwon g yvoong tou Touén xatd Tt @don tne mpoenefepyooiog elvon pa toyver otpatnyixy mou
umopel Vo BEATIOOEL ONUAVTIXG TNV ATOBOCT XU TNV EPUNVEUCLUOTNTA TwV UOVTEAWY unyovixfic uddnone. H
YVOOT] TOULO AVAPERETOL OTNV EUTELROY VOUOGUYY XAl TLC YVWOELS TOU apopolV EBixd Tov Toua 1 TN Proumnyovia
and v onolo mpoépyovton to dedopéva. Me tnv eqoppoyr) autic NG EEBIXELUEVNE XUTAVONONG, Ol EMAYYEA-
patlec umopolV vor AaBAVOLY TILO TEXUNPLOUEVES ATOPACELS OYETIXG UE TNV TEOETOWAGIH DEBOUEVMV, TN UNYOVIXT)
TWV YORUXTNRIC TV Xl TLC SLadixaoieg HETACYNUATIOUOD, OdNYOVTAE TEMXE O Mo axEl3n) xou cuvapr Uov-
el Ymrple TepdoTiaor €pEUVA YLOL TNV EVOOUATWOY TNG YVOONG TOU Touéd OTo HOVTEAN Unyavixhc uddnone
nopovotdlovtog eunveucpéva anoteréopota (18], [17].

XENOWOTOLOVTOG TN YVWOT] TOU TOUEN EYOUUE TN SUVATAHTNTA VoL ONULOUPYIOOVUE 1) VAL UETAOY NUATICOUUE YApaX-
TNELO TG, ®o0DC oL edxol Tou Touéa UmopoLY Vo EVTOTIGOUY X0l Vo BNUIOLEYNOOUV YUEUXTNELO TIXE TOU Amo-
TUTOYOUV Bactxég TTUYES TwV DEBOUEVWY, OL OTOlEC UTOEEl VoL Uny efval dueoa eu@avelc HECW AUTOUATOTONUEVLY
pedodwv. Enlong, n euneipoyvwpocivn otov topéa unopel va Boninoel 6Tov evionioud Quony opaBoTooENDY
1 TUNudTeY yéoo ota dedopéva. H yvdorn tou topéa pnopel va Bondoel ot petatpomnt] aptduntixdy Sedopévewy
OE XOTNYOPNUTIXE BedoUEvVa, xatho TMOVTAS T O EPUNVELCLUA Yiot TOV GvlpwTo.

Supervised Discretization

To supervised discretization efvou pia Loyver| teyvinn npoenegepyaciog mou petaoynuatiler cuveyh 1) aprduntixd
YOPUXTNELOTIXG OE XATIYORNUATIXG YENOWLOTOLWVTAS TANEoQopleg Yo TNV TXéTa xAdong Yo var xardodnyrioel
T dtadacta diaxpitomoinone. H pédodoc auty elvan Wbialtepa ToAOTYN GE GEVAPLOL OTIOU 1) EQUNVELCUOTNTO
XAl 1) XATOVONTOTNTA TOU LovTéhou elvan upiotng onuaciag. Aloxpitonoldvtog Tig cuveyelc uetafintéc ue Bdon
TA OMOTEAEGHATA-OTOYOUG, 1) EMBAETOUEYY Bloxpitonoinoy Slacgaiilel 4Tt oL TEOXVOTTOUGES XATNYOPNUATIXES
Véoelg elvon BEATIOTO ELHUYPAUUUIOUEVES UE TOUC TTROY VWG TIX0VE GTOYOUS TOU Hovtelou. Auty 1 euduypduuion
o)L LOVO eVIoYVEL TN BLOPAVELD TOU LOVTEAOU OmAOTOLOVTOG ToL aplduntixd dedopéva oe epunveldolues xotnyoplee,
oA evOEYOUEVWS aUEAvEL xou TNV axp(Belo TS TEOBAEYNG PE TNV XATAYEUPY TV UN YRoUUWx®OY e&apTRoEwY
METAED TWV YOPOXTNPLOTIXGDY XOU TOV ETIXETMOY XATNYOPLNC PUE TLO OUCLACTIXG TEOTO.

Yy mpdln, n enontevduevy Swxpitonolnoy yenoionotel cuviidng alyopliuoug dmwe Ta BEVTEA aTOPACENY Yia
Tov xodoplopd Twv BENTIoToV opiny duadxdy medlwy. Autol ol ahydpriuol aflohoyolv T mdavég Blaupéoelg
ue Bdomn to x€pdog mANPopoplac ¥ ToEOUOLA XELTHELY TOU UETEOVY TNV ONOTEAECUATIXOTNTO Uiog Bidxplons 6oV
apopd TN dapopomoinon twv xhdoewy. Aluyweilovtag Tov cUVEXH XDEO €L60B0U GE LG THUATO TOU AVTLO-
TOL 00V GE BLaXELTE TPOYVWOTIX AMOTEAECHUATA, 1) TEYVIXT HETAPEALEl amoTeEAEoUATIXd TOAOTAOXA optdunTiNd
potiBa oe amhy, BaACIoUEV oE xAVOVES YVWOoT. 2¢ amotéheoud, To LOVTEN TTou €youy unooTel npoeneepyaoia
pe emPBAenduevn dxpltonolnoy mpoopépovtal xaAbTERA Yot ETXOPWOT] X EUTIOTOCUVY] amd TOUS TEAXOUC

yeroteg.

0.3.2 AAlyopuOuixég Teyvixég
BeAtiwon tng eppunvevoipnotntag ota dévipa anogpdoewy CART, C4.5 xou ID3

O ahyéprduor CART, C4.5 xou ID3 givon dminotol ahydprduol mou xataoxeudlouy dévtpo andpaons Ue top-down
tpomo [13], [62], [61]. H tpocéyyion avth tepthapBdver Ty avadpouxs etthoyh Tou xohITEPOU YopaxXTNELe TX00
v T ddpeon TV dedouévev oe xdde x6ufo, ue Bdorn cuyxexpléva xpithpla onwe to Gini impurity, to
gain ratio 1 To x€pdog MAnpogoplag. Evd auth n pédodog eivon amodotinr| xal anoteAeouatiny ot dnpoveyia
axpBOV wovtéhwy, Umopel pepixéc Qopéc va odnyroel oe moAUmhoxa xou Alydtepo epunvelotua dévtpa. ot va
Behtiwdel 1 epunveELCOTNTA TWV BEVIPWY OMOPACT TOU TEOXVTTOUY, UTOPOUY Va yenotworointoly didpopeg
otpatnYwéc. Autéc mepthau3dvouy:

1. KhdBepa yior Ty agolpeot) Tepittedy ¥AGBwY

2. Ileptopiopde tou PBatoug Tou BévTpou yio TNV ano@uyt UTEEBoAxd TOAOTAOXWY BOUMY
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3. Opiopdg evdg ehdyloTou aptiuol detyUdtey Tou amoutolvTol yia T dnpovpyia evog xéufou @uANoU
4. TlpooexTixn EMAOYY| YOLOXTNELOTIXWY YL EOTIUOY) OTA O XUTATOTUOTIXY YOPUXTNELOTIXG
5. Anuovpyio cophy OTTIXOV AVITUPACTICEWY TOU dEVTpOoU

6. Ileplopiopds Tou cuvTEAEOTN BlaxhdBwong

Egapuélovtoc autég Tic teyvixés, Umopolyue va dnutoupyioouue HOVTEAD BEVTRLVY andpaong Tou dev elval povo
XU ohAG xat SLoporvi| o EUXOAOL XOTAVOTTAL.

Strong Optimal Classification Tree

H npdxhnon e exudinone Pértiotwy dévipnv andgouone talivoueitan g éva NP-hard mpéBinua, omwe
oulntidnxe and touc Hyafil xou Rivest [47] xou Breiman et al. [13]. Autéd to mpdBinuo umopel vo yiver
oo INTd xatovontd we éva tedfinua cuvduacTrc Beitiotonolnong ye extdetind apriud YeTaBANTOY omo-
(pacnC.

O nopadoataxol ahydprduol yia tny exudidnon dévipwy andpaong, 6nwg ot CART, C4.5 xaw ID3, yenowonoiolv
SmANoTES TEYVIXES Yl VoL xAvouy ToTixd BéATioTee dronhadmoetc. Ot Bertsimas xow Dunn [9] npdtewvay tpdopota
war evodhaxtin) uédodo mou ypnowonoel mixed-integer optimization (MIO) yur tnv expdidnon Bértiotov
dévtpwy tafwvdunone (OCT). Ta OCTs ypnowonooly yio Tpocéyylon ogaupxic BeAtiotonolnone ue yeriomn
mixed-integer programming yio TNV xoTaoXELY] 0OAOXATEOL Tou dévTpou ot €va udvo Brpa. To povtého mou
TEOXUTTEL Blatneel TNV cpunveuoOTNTA EVOC EVialou BEVTEoL ambpaong, arid €xel anodetydel dtL umeptepel
évavtt Tou CART xou éyel anddoor avtorywvloTxy] Ue To LOVTEN Lodpou XoUTLoD.

Avohutixdtepa, o OCT ypnowwonolody yio pordnpotind npocéyylon Beltiotonolnong yiol TNV XATAGKELY) TOU
dévtpou emhbovtog éva TedBinuo mixed-integer optimization. O otdyoq elvon 1 edpeon tng dourc tou Bév-
TEOL oL elaytoTomolel To opdApa TaEvounone, hauBdvovtog enlong unddr TNy ToAuTAoxdTNTA TOU BEVTEOU.
Aopfdvovtog unddn ta mopandve, to OCTs urnopolv va evtonicouv T xahiTEPES BUVATES BLUOTIIOEC TTIOL Ol
napadoactoxol drhnotol ahydpduol umopel vo ydoouv. Auth 1 ogopn| tpoontixy efacpaiilel Tt to dévtpo
elvon 1600 axpiBéc oo xan epunvetolo. Ia vo evioyuviel n amhotnta xou 1 epunvevopotta o OCTs oyedid-
Covtan ylot v topdry ouy omhoVoTERA LOVTENN EVOWUATWOVOVTAS TEPLOPIoUoVE Tou Teplopilouy to Bddog xou tov
aptdud tev xouPwv Tou dévtpou.

H ypevorn mixed-integer programming yio tn dnuiovpyia evoc Béhtiotou dévipou tadivéunong €yel xepdioel
onpavTixy mpocoyy ot BBMoypapia, dmwe anodewcvieton and TG YeTayevéoTepeg cpyaoiec Twv Giinlik et
al. [33], Aghaei et al. [1], xau Verwer xou Zhang [71], ot onolol diepebvnoayv ) yerion touv MIO yur v
expdinon dévtpwy andpaong. Autd dev elvan tuyaio. Ipdtov, pa mowio €Towy emAutedy xou ahyopituwy
MIO, 6nwe oo CPLEX (2009) xou Gurobi (2015), éyouv avantuydel xatd tn Sidpxeia SEXUETLOV EPELVOC Xol
elvon amoteAeopatixol oty pelworn tou yweou avalhtnone yia tpoliiuate MIO. Aebtepov, n MIO nugéyet plo
WLl Tepa EXPEACTIXNT YADOOW TOU ETUTEENEL THY TEOCUPUOYY TNG AVTIXEWEVIXNC CUVERTNONG %ot TNV Teoo ¥
TREOXTIXOY TEPLOPLOUWY OTO TEOBANU uddnong.

‘Evoc Baowodg mapdyovtag v Ty anotedeopatx] enthuon twv MIOs eivan 1 dnwougyio anotelecyotixdy
dlaTundoewy, N onolo elvar éva duoxoro épyo. H tumixh pédodoc yia v enfhvon mpofinudtwy MIO ei-
vou 7 branch-and-bound, 1 omofo Sioupel avadpouxnd tov yeo avalhtnong xal emAVEL YOAIPWOOELS YROUUXNS
Bertotonoinone (LO) yio xdde Saipeon yio 0 dnprovpyio opiwv mou pnopolyv va eEoelpouy TUAUOTEL TOL
yweov avalhtnone. Ov Aghaei et al. [2] otnv epyaocia Toug tapovstdlouy wa dwtinwon MIO ye Bdon ) pof
Y TNy expdinor BEATIOTOVY BEVTpwY ToVOUNoNE HE BUABIXE YAEUXTNRIOTIXA. XE auTd TO UOVTEAD, To OWO T4
Tagvopunuéva onuelor Sedouévev Yewpolvtar 6Tt péouy and T pilo o€ Evar xotdAAnho @OINO, EVE Tar haviaouéva
Tavopunuéva onueio dedouévwy meplopilovtar and ) pot| péoo oto Bévtpo. Exyetahhedovtar tn Sopr max-
flow twv uTOTEOBANUATKY Yior TNV ATOTEAECUOTIXT ETIAUGT, TOUC UE TN XPNOT| KIS TROCUPUOCUEVNS Sladuxaciog
min-cut.

‘Eva xplowo Brua ot auth| tn Swotinworn MIO ye Bdon tn por) nepthopBdvel tn petatpony| Tou SEVTpou anopdoemy
otadepol Bddouc oe xateUUVOUEVO axUXAXS YedpNua, dTou Oha Ta To&a péouv and T plla Tou BEVTPOL TRog
o pUANa Tou. To Tyrua 0.3.1 (aplotepd) anewovilel éva imbalanced dévtpo andpaone. H xevtpud| déo auvtold
Tou YovTtéhou elvon vo yetatpédouue auto to imbalanced dévtpo amogdoewy oe éva XaTeUTUVOUEVO OXUXAIXO
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yedpnuo tpocdéTovTag vy Yovadind x6uBo mnyhc s Tov cuvdéetan pe Tov xoufo pilac Tou dévtpou (xéufog 1)
xat €vay povodixd xépfo xatoBdipag t mou cuvdéeton ue GAoug Toug xouBouc UAAWY Tou BEvtpou. Ovoudlouue
auTO TO YEdPNUa YedpnUa poNc Tou dévTtpou anopdocwy. To LyAua 0.3.1 moapéyet yio aneixdvion auTwy Twy
10wV mou eqopuolovian o €va Bévipo andgaone Batoug d=2.

Lot

Figure 0.3.1: Eva 8évtpo andgaone Péddouc 2 (apotepd) xar o oyxetxds ypdpos pofic (deid).

INo v epyaota pag, yenowwonotfoope to woviého FlowOCT, to onolo eivon 1 Slatdnwon tou npofAfuatog e
Bdon T ot vl éva imbalanced 8évtpo andgaong.

Ty épeuvd yag, emhéZope Vo ypnotgonoiooupe to BélTiota dévtpa Tagivéunong ue Bdon t por) (FlowOCT)
EVOVTL TWV XAAoGY BEATIOTLY dévtpwy Tadvounone (OCT) Aoyw Twv GNUOVTIXGY TAEOVEXTNUETWY anbddoomS
xo NG BeAToUEVNE epunveLoluoTNTds Touc. ‘Eyel anodeiydel 61l ta povtéha FlowOCT eivon €we xou 29 @opéc
ToyUTERA amd TO avTioTOLY A XAAGIXA LOVTERA, YEYOVOS oL Tol oo Td WBlaitepa amodoTixd Yot ToUg oxonolg
poc [2]. Auth 1 anoBoTdTnTa, 68 CUVBUAOUS PE TNV XAVOTNTE TOUC Vo BLTtnEovY Lo LOOPEOTNUEVT] Xol opoLh
devdpoeldr| dour|, 0dnyel o cuvtoudtepES xou To cLVeETElS Sladpopés Mdne anogdoewy, evioylovtag €Tl TNV
gpuNVeELCLOTNTO TOU YovTélou. 207600, To xVplo uetovéxtnua tou yovtéhou FlowOCT elvan v e€dptnot| Tou
and BUAdLXS BEBOUEVAL, YEYOVOS TTOU UTOREL VoL TEPLOPLOEL TN BUVATOTNTO EPAUPUOY TS TOU GE GEVAQLN IOV AMOLTOUY
TNV VEAUGT] GUVEY DY 1] TOANATAWY XOTIYOPLOY XATNYORPNUATIXGDY DESOUEVKV.

C4.5 Modifications

O C4.5, nou avantOydnxe and tov Ross Quinlan, eivon évog cupéwe ypnoomoiotuevos ahyoptduog yior
onutovpyio dévtpwy andgaong and éva cUvolo dedouévwy. Emextelvel tov mponyoluevo arydprduo ID3 xou
yenowomnolelton xuplwg yio epyaoieg tadivounong. O C4.5 xataoxeudlel éva SEVTPo Ue avadpolixY| XaTdTunom
TV dedopévwy ye Bdomn to yopaxtneloTixd mou moapéxel Tov LPmMAdTEpo AdYo x€pdouc mAnpogopluc ot xdde
x6pPo. Autédc o olydprduog pmopel vo YelploTel TO00 HUTNYORENUATIXG 6CO %O CUVEYY YOQUXTNELOTIXG, To
omnolo unopel va petatpéder oe Soxpitd dothuote. Evowyatdver eniong unyoviogolc yiol To YePLoUd Tev
EANTIOV TIOV Xl TO XAGBEUA TwV dEVTP®Y UETE T dnuiovpyia Toug yia TN Beitiworn tne yevixeuong xou tnv
amoQUYY TNE UTEpTRocapUoYc. Autd ta yopaxtnelotixd xadiotoly tov C4.5 éva atifapd xou euéhixto epyaheio
yia ddpopa mpofAuota Tovounone.

XELPLOWOC XATNYORNUATIXWY dedouevwy otov C4.5

O olydprdpoc C4.5 yewplleton xatnyopnuatixd dedouévo alohoydvtoc to information gain ratio xdde xotn-
YOopNUATIXOU YaeaxTnElo Tixol yia vo xadopioel Tov xahltepo Blayweiopd oe xdde xépfo. Tor évar xotr-
YOPNUATING YOQUXTNEIOTIXG UE TOMAEC BlopopeTinés TWéS, o alyoprduog C4.5 dewpel xdde mdavy T o
évay mdavo xAddo oto dévipo anogdoewy. O alyodpriuog unoroyilel To x€pdog TAnpopopiag yiot xdVe yopux-
TNELOTIXG XOL OTN GUVEYELXL XAVOVIXOTIOLEL QUTH TNV T YENOLOTOWOVTAS TLC TANEoPoples Blaywpelolod Yl Vo
A&Bet Tov Aoyo x€pdoug. To yapoxtneloTind pe tov uPNAGTEpo AoY0o X€pdouc emAEyETaL Yol TN SLdoTooT).

Me ™) yeron tou Aéyou xépdoug, o C4.5 guvoel Ta YapaxTnEloTiXd Tou odNYolY GE ONUAVTIXES OLUOTACELS,
ATMOPEVYOVTOG TEOXATUAPELS TPOC YoPUXTNELO TS Ue TOANES BlapopeTixée Tyéc. Mo SN mpdxhnon otnv ep-
unvelo Tou BEVTEOL amoPdoEwY elval TL OPLOUEVO UTODEVTEO TOU XATACKEVACUEVOU DEVTPOU UTOEEL VoL TEPLE Y OUV
GoyETA YOUPUXTNELOTIXE, axouT xou 6Tay Tar dedouéva dev etvar YopuBndn. To (Atnua autd mpoxdntel eneldn N
douY| Tou BEVIPOU ATOPACEWY ATATEL AUOTNEE OTL HETA and TNV EMAOYT| EVOC YORUXTNELOTIXOV Yldl TNV EMLOY-
HavoT) evog x6ufou, xdde Tir auToU TOU YaPAXTNELOTIX0L TEENEL Vo cuumepAngiel oto dévipo. Katd cuvénela,
opLoUEvoL XhddoL pnopel vor TeosTEVoOV AmOXAEIG TIXE Yiol TN BlaTheNnom TS Boune ToU BEVTPOU, axOUY XL AV OL
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xhddot avtol cuvdéovtal pe doyetec TéS yapauxtnplouxmv [12], [16], [28], [30]. Autéc ol doyetec Tiwéc unopoly
VO TORATAAVACOUY TNV EQUNVELX TOU BEVTPOL amd TOV YEHOTN XU UTOREL VO 0ONYHOOUY OE UTEQTEOGUOUOY Y.

Outlook Outiook
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/ \ e \ / N

Figure 0.3.2: "Evo 8évtpo anogdoewy ywplc oyadonoinon (apiotepd) xou éva 8évtpo amo@doewmy ue
opodonoinor (8edid).

Tty avaetdnon avtod Tou {INTALATOS, TEOTEVOUNE TNV OUABOTIOMNGCT] TWV U1 CTUAVTIXGDY TYOV TOV Y opoX-
eLo XY o€ Wio eviodor T e v etixéta "Other" (BA. Tyfjuo 0.3.2). Autéd nepihayufdvel tov utoloyioud
Tou x€pBOUC TANPOPopiag Yia 6AoUE Toug Tiavolg GUYBLAGHOVE Bl WELCHOY Xot OUABOTOMGNG XaL TNV ETLAOYN
Tou Bl wplodol Tou UeyloTomolel To x€pdog mAnpogopiac. Me tnv evomoinomn AyOTEQO GMUAVTIXWY YOEoX-
TNELO TIXWY, UTOPOUUE Vo ATAOTOLICOVUE T1) SOUY] TOU BEVTPOU, VO HELWCOUUE TOV TAEdYovTa SlaxAddwong, vo
BEATIOCOUYE TNV EPUNVEUCLUOTNTA XAl VO UELWOOUPE TOV %(VOUVO UTEPTPOCUpUOYTS.

XelpLopdg cuvey Vv Sedouévwy oo C4.5

O ahyobprdpoc C4.5 enextelvel Tov mpoxdtoyd tou, ID3, mapéyovtag uia toyven wédodo yia To yewploud opl-
YUNTIXOVY (CUVEYWYV) YoEUXTNEIOTIXOY. 2e avTiUeon Ue Ta XOTNYORPNUATIXG YAUpaXTNELOTIXG, To omofol €youv
éva oTordepd GOVOAO BLAXELITV TV, Ta ApLUUNTIXG YopaxTNELoTiXd Utopoly va AdBouv éva BuvnTixd drelpo
ebpog Tiwwyv. To C4.5 avtiwetwnilel auth TNV TEOXANCT HETATEETOVTAS ToL CUVEYY| YOQUXTNRIO TIXE O SLoxpltd
draoTAuaTa péow wac dadixaociog Tou ovopdleton thresholding.

Yy epyaoia pog yia ) Bedtiowon tou adyopliduouv C4.5, ewoaydyoue po TROCEYYLON Yol TOV YEIPLOUO Opl-
GUNTIXOV YoEoXTNELOTIXGOY EmTpénovTac multiway Siaywetopols. O mapadoctaxde C4.5 yenoiponotel duadixée
doupéaeic o optdunTind yopoxtmeloTind, ywellovtag ta dedopéva oe 800 ouddeg pe Bdor éva uévo threshold.
Av xau aroteleopatiny, auth 1 pédodog pmopel pepés opéc vo odnyroel oe utepfolnd ToAbTAoxa dévtpa
pe TOANG emineda, xodddC To eumAEXOUEVA Yapax TNELO TIXd Yo Teémel var unopolv va epgaviovton TohAéC Qopéc
oto povordtia and T pila Tou dévtpou mpoc Tor YUAAA Tou [27], pewdvoviac v epunvevodTta. o Ty
AVTIETOTION auTod Tou TeofAfuatog, vhonowoaue multiway splits yia aprduntixd yopaxtneloTixd, To onola
UToEOLY Vol BNULOVEYNCOUY TOANATAG BLIC TAHUATA Xl VO ATAOTOooLY TN dour Tou dévtpou. H epyaoia pog
Baotiotnxe otic epyaoiec Twv Fayyad xou Irani [25] xou Dougherty et al.

Aerntopéperes YAonoinong

1. Eiwcaywy? nopapétpmyv: Ewodyoue uo topdusteo mou ovoudletor max _splits yio tov éAeyyo tou
péYLoTou apLiuol onuelwy doywpelonol Yo xdlde apluntind yopoxtneloTtixd.

2. IIpoocdiopiopdg mdavedy onueloy dtaywetopol: T'a xdde aptiunuxd yopuxteloTnd, TO
oOvoro dedouévwv tofvoueitar Ye Bdomn Tic TéS Tou yopaxtneloTxol. Evbeyduevo onuela Sioywplo-
pol evtornilovton exel 6mou undpyel ahharyr) oY xatnyopla UETAED 800 SlaBoyixwy onueinwy dedouévwy.
Me tov tp6mo auto dacpaiileton 6L 1) Sidonoot e€etdleton LOVO G GNUAVTINES UETABACELC GTNY XATOVOUN
TV OEBOUEVLV.

3. Calculating Information Gain: I xdde aprduntixd yopaxtnelotind, aloloyolue Bdlaywelopols
nou xupaivovtow and 2 éwe maz_ splits mdavd onuelo. To xépdoc mAnpogopioc vroloyiletan yio xdde
ocuvduaoud dlaywetouol Yio Yo Tpocdloptatel To BEATIOTO cUVoAO onuelwy Bloywpelopo.
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Algorithm 1: C4.5 categorical attributes grouping

Input: dataset, attributes
Output: tree
Function BuildTree (dataset, attributes):
if all instances in dataset have the same class then

‘ return a leaf node with that class
end
if attributes is empty then

‘ return a leaf node with the majority class of dataset
end
best _attribute <— None
best _split < None
best _gain < —o0
best _grouping < —oo
foreach attribute € attributes do
foreach grouping € possible Groupings(attribute) do
split < calculateSplit(dataset, attribute, grouping)
gain + calculateInformationGain(dataset, split)
if gain > best _grouping gain then

best _grouping < grouping
best grouping gain ¢ gain

end
end
if best _grouping gain > best_gain then

best _attribute < attribute
best _split < best _grouping
best _gain < best__grouping _gain
end
end

tree < DecisionNode(best _attribute)

attributes < remove(attributes, best _attribute)
foreach value € best split do
subset + splitDataset(dataset, best _attribute, value)
if subset is empty then
| child_node + LeafNodemajorityClass(dataset)
end
else
| child_node < BUILDTREE(subset, attributes)
end
tree.addChild(value, child node)
end

return tree
End Function

> Decision Tree
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4. EmAoy” Twv xaAlTtepwy onueiny dtayweiopmol: O alydpriuog emhéyel 10 cuvduooud twv
onuelwy Sty wpelolol tou yeylotonolel To xépdog Thnpogoplac. Autd ta onueia Sidotoomg YeNoLLoToI00V-
TOL OTY) GUVEYELX YLol TN SMuLovEYial TOMAATAGY BLOXAADWOEWY GTO BEVTIPO ATOPACTS.

BeAtiwon tng epunvevoiudtnas

H ypron twv multiway splits yio to aprunmnd yapoxtneioTind evioy Vel TNV EpUNVEUCILOTNTA UE BLAPOpOUS
TPOTOUE, OTKC Qafveton xou oto Lyfuo 0.3.3:

1. AnAouvoTELKEVT] BeVipixT) Soun
. KaQapdtepa bpia anogpdoeswy

2
3. Meltwpévr UEETPOCARLOYN
4

. BeAtiopévr dropatixdTnT

Temperature<18

Yes No

] - >18
(Temperature<12 ‘ ‘ No ‘ <=12 6(1118] x;
N [ ( Y
erS 0\‘ ‘ No ‘ Yes ‘ No ‘
‘ No ‘ Yes

Figure 0.3.3: Binary split yia opuduntixd yopaxtneiotixd evée dévtpou anopdoewy (aptotepd) xow Multiway
split yia oprdunuind yopouxtnerotxd (deid).

Me ta multiway splits yio to oprdunuxd yopaxtneiotixd, o BeAtinuévos ahyopruoc C4.5 mopdyel mo epun-
ve\oLUA XOL UTOTEAECUATIXG BEVTRa anopdoewy. Auth 1 tpocéyylon aélonolel v eveh&la Twv multiway splits
yloo T dnpLovpylo amAOVOTECKY, CAPESTERWY XAl TILO XATATOTUO TIXWY LOVTEAWY.

Av xau 1 eloaywyy twv multiway splits yio oprdunuxd yopaxtnplotixd otov tponononuévo ahyoprdud pag C4.5
BEATIOVEL TNV EPUNVEUCILOTNTA XL TNV ATAGTNTO TOU HOVTEAOU, ELOAYEL ENONG Wl OMUAVTIXY UTOAOYLOTIXN
TEOXANOT).

0.3.3 Teyvixég puetenelepyaociog

Io vo Bertiwdel 1 epunvevotdTnTa TV SEVipnY andQaons, Utopoly va yenotdonotndoly SLdQopes TEYVIXES
peta-eneéepyaoioc. Mo anoteheoyotiny pédodog elvar to post-pruning, to onolo nepihaufdvel v agaipeon
*AEBWY oL BeV GUUBAANOUY oNUaVTIXd oTNY axpifela Tou PovTéNou apol To Bévtpo Exel avantuydel TApLC.
H ontixomoinom tou 8évtpou elvan war dAAn xplown teyvuer yio ) Bedtiwon tng eppnvevodtnrag. O Perti-
WUEVEC OTITIXOTIOLAGELS YETOHLOTIOLOUV GUPEIC X0 CUVOTITIXES AVATUPAC TACELS YLOL TNV OMELXOVLOT] TNE DOUTC TOU
0evTtpou amogdoewy. Teyvinég omwg M YpwUotixy xwdxonoinon twv xouPwv e Bdon tig miavotnteg Tev
YAIOEWY,0L DIABPAC TIXES OMELXOVIOELS, 1) ETCHUAVOT ONUOVTLXWY BLadpop®y xou 1 ntpoctixr tooltips pe npdo-
Yeteg mAnpogoplec umopolv va xdvouy To 8EVTeo o TEoaoltéd xau dlaodnTixd. H aniodoteuor twv xdufwv xou
1 e€lo0ppEdTNom Twv dévTpwy elvon enione anapalTNTES Yior TN dnuiovpyic o epUNVElCIUWY BEVTRLY ATOPACEWY.
H amholoteuon xOufwv mepthapBdvel T cUYYOVEUST] TUEOUOLOY xOUBWY TOU €YOUY TEQLTTE XELTAPLY ATOPACTIC
1 0dnyoly otny Bla Tagvéunoy, Yewdvovtog €tol Tov Theovaoud xan eopdoroyilovtag to dévipo. Emmhéov,
unopolV va agotpedoly aofuavtol xéuBol mou cLPBAAAoUY EAGYLIoTA OTY cuvolxY oxplBela, ue amotéheoya
éva xodopdtepo wovtého. H eicoppdnnon tou Bévipou anooxonel otn Slathenon evog ouoldpop@ou Bddoug
oe BLdPopouC XAADOUC, ATOTEENOVTAUC TOV Oy NUATIoNS Porthdy xan TOAUTAOX®Y X ABwY Tou elvon dUoxoho v
gpunveudolv.
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0.4 ’Epesuva ypnotov

Ytoyo¢ NS Tapolods HEAETNE NTAY VoL HETETIOEL YO VAL CLUYXPIVEL TNV EPUNVELCLLOTNTA TV BEVTPKY AMOPACEWY
7oV TapdyovToL and dldpopoug alyoplduoug xou chvola dedouevmy. ot v To EMTUYOVUE AUTO, GUYXEVTROGOUE
52 cUPHETEYOVTES Xau TouC Ywploaue oe BUo ouddec Twv 29 xou 23 cuyueteyoviny 1 xadeuioa. Ot cuypetéyovteg
XAAOMXaY Vo GUUTANEGOOOLY EVTUTA TOU TEPLElY oY TOANUTAS LOVTEAA DEVTPWY AMOPAOTC XAl Vo TAELVOUHCOUY
delyuota DEBOUEVLV YPTOULOTOLWVTAC AUTH TA HOVTERAL.

0.4.1 Tevixy| nepLypapn Tou gpwINUATOlOYiOL
Avdlvom opddwyv

TN vae xatavorioouue to unéPadpo xou TNV e€oixelwon TWV CUUUETEYOVTIOV PE TNV TEYVNTH VONUOCUHVY Xou
o §évtpa ano@doewy, {NThooue and xdle CUUUETEYOVTA VO OTOVTAOEL OE TEELC TROXAUTUPKTIXES EPWTHOELS OF
uNpoxor amd To 1 €wg o 5

1. AI familiarity: IIé6co egouxeinuévol elote ue Ty TeXVNTH VONUOoUVY);
2. XAI Familiarity: II6co eZoixeiwpévol elote pe v e&nyfown texvnt vonuoouvn (XAI);
3. Decision Trees Familiarity: II6co eowxeiwyévol elote ye tar BévTpo anoPdoewy;

H e€owelwon twv yenotdv eygaviCetar oto Uy 0.4.1. To eninedo e€ownelwone twv yenot®y avd éxdoon
eugavilovtan oto Mynua 0.4.2.

General User Familiarity

©

240
223 221

Average Familiarity
N

familiar_ai familiar_xai familiar_dt
Familiarity Measure

Figure 0.4.1: Eninedo e€owxelwong tou ypiotn pe v TN

User Familiarity Comparison Between Versions

Version

-2

3

245
235 234 228
200 213
Z I
1
familiar_ai

familiar_xai familiar_dt
Familiarity Measure

Average Familiarity

Figure 0.4.2: Eninedo egowxeiwong tou yeriotn pe v TN avd éxdoon
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0.4.2 Epwinuatoldoyia

Kdle ouypetéywyv ouunifpnoe éva epwTnUatoldYLo Tou TEQLAGUBavE TECCEP DLUPOPETIXG HOVTERA DEVTPWY
AmOPACEWY TOU TEoEXLYPY omd TEcaEp dlapopeTXd civoha dedouévemy. Ia xdde povtého, atoug cuuueTéyov-
Tec 0OUMHay Tévte BlapopeTind delypota dedouévewy Tor omolo Empene Vo THEVOUNGOLY YENOLLOTOLOVTAS TO BEVTPO
andPooNg.

Metd v to€ivounon xdie delyyotog, oL CUUUETEYOVTES UMAVTNOAUY O TEELC EPMTATELS YLl VO 0ELOAOYHOOUV
Ny eunelpio xou TNV awtonenolnoy| Toug:

1. Answer Confidence: (Kipoxa: 1 éwe 5)

2. Clarity of Decision Path (cagfveio tne nopeioc Mne andgaonc): Huouv oe Yéon va axohouvdfiow pe
cagrivela To Hovondt omdgacns ond 1 pilo 6Toug x6uBous UANLY. (Khipoxo: 1 = Algwve andhuta
€ws 5 = Zuppove ondluta)

3. Katavontoétnta tne douns: H cuvolur| doun tou 8évipou amogdoewy ftoay e0X0Ad XATOVONTH.
(Koo 1 éwg 5)

4. Emnkéov, Intiinxe and Tou¢ GUUUETEYOVTEC Vo TEPLYPAPOUY TO HOVTENO UE Bixd Toug Aovia. Auth 7
oVOLYTT] EQWTNOT TAPELYE TOLOTIXEG TANPOPORIEC TYETIXG UE TNV XATAVONOT XOL TNV EpUNVEiR TOU BEVTEPOUL
ATOPACEWV.

0.4.3 TYlomoinom Tou gpwINUaToroyiov

YN pelétn Yog Lol Toug YeNoTeS, N oaxpPnc pétenomn tou Ypovou amdxplone yia xdde epyooio TaElvounong
fray Lwtiic onuactag. Emmiéov, Adyw tou peydhou yeyédoug tTwv dévipwy andpoaone mou npoéxuday, frov
ONUOYTIXO YlaL TOUG YPHOTES VoL €Y0uV TN duvatdtnta vor xdvouv Loup OTIC EXOVES TwV BEVTIPWY amdPaoTg.
Aedopévou 6Tl XavEVas YVWOoTOC Tdp0Y 0 EpOTNUATONOYIWY BeV Tpocépepe xan To BUO AT YoEUXTNELOTIXG,
ATOPACIOOPE VO UAOTIOLAGOUYE (UL TEOCUPUOCHEVY ADGT).

To front-end tng eappoyhc eivon wior BuvouLxr QOPU TOU XATACXELAGTNXE HE TN Yeron tne PiBiiovrxng
React. Xtoyoc tng elvan var mopéyel i QUMY Teog TO Y OTY XOL OUTOTEAECUATIXY TAATQOPU YLoL T1) GUANOYT
BEBOUEVOV 06 TOUG YENOTES, EVOWUATOVOVTAS TEOTYUEVR YapaxTneloTxd yio Bedtiwpévn eunepla yprone. H
EQOPUOYT XUTAYPAPEL TO YpdVO Tou YpeetdleTtal 0 YprRotne Yo vo amovticel ot xdlde epdtnon e oépuac. H
pbppo utootnellet enione Ty TpoBoly) edvwy pe duvatétnTa Louy, emTpénovTas 6TouS YeroTes Vo e&etdlouy
Aemtopépeleg Twv edvov. T'a to backend, yenowwomoijooue wa egapuoyy Flask xou yio tnv anodfxevon twv
dedopévewy Tou cUAREYUNXay, yenowonoiooue T MongoDB, wo NoSQL Bdon 6edopévev yvwoth yia Ty
gueMElol oL TNV EMEXTACLUOTNTE TNG.

0.4.4 Awpopgpworn Epwtnuatoloyiou
YVvora Aedopévmy

o v €peuvd pag yenowono|oaue TEGoERO GUVOA BEBOUEVKDV amd BLdpopous ToUElc, OTWE 1 TOTWTIXH
Bardpohoynor, n vyelovouuxt| nepidoddm xan 1 mowixr Bixanocivy, yio var xotadel€oupe v xardohuer) ol xou
TN BUVOTOTNTA EQUPUOYNS TNG EPUNVEVCLUOTNTASC GTNY TEOYVWOTIXT| LoVIEAOTOINO.

. COMPAS [46]

—_

2. German Credit [38]
3. Framingham Heart Study [11]
4. Adult Income [7]

COMPAS

To cUvolo Bebopévwy SLIETEL TOLVIXA UNTEOA Xol BNUOYEUPIXE YopaxTnelo Tixd yia 7.214 xatnyopoluevoug
ToL amopUANXic TAXAY HE EYYUNOT oTo Tohiteloxd dixaothpto Tewv HITA xatd v nepiodo 1990-2009 xon yenot-
pomote{ton yior TNy aflohdynon e mdavdtntog unotponic evde xatadixac¥évtog eyxhnuortio.

23



Chapter 0. Extetopévn Ieptindmn ota EAAnvixd

Ytoyoc

O mpwtopyxdc otdyoc Ye autd T0 GOVORO BedoUEvmV elval 1) TaglVOUNCT| TWV XATNYORPOUUEVKDY GE B0 XATH-
yoplec:

e Recid: Katnyopoluevol mou eivon mdavd vo UToTpomdcouy.

e No Recid: Katnyopoluevol nou dev elvon mdoavd v unotpondoouv

ITpoeneiepyacia

To apyixd clvoho dedouévwy mepielye 7214 TEQIMTOOELS XATIYOPOUUEVWY UE 53 YUQUXTNELOTIXG TTOU TEQLEY PP
xdde xatnyopoluevo. 201600, Y TOUC o%0moVE TNG ToEOUCOS PENETNG, OTMOXAEICOUE TO YOPUXTNELOTIXG TTOL
oyetilovton ye tn draducasio AMdng anogdoewy Ttou COMPAS xou xpatiicoue povo Tig dnuoypapixés Thnpopopleg
%ol TO ToVIXd toTopxd. Autd elye ¢ anotéheoya va TEAMXS GOVOAO 8 YUpUXTNELGTIXWYV:

e Sex: To @Ulo Tou XATNYOEOLPEVOL

Age: H nhixia Tou xatnyYopouuévou xatd Tov Ypdvo TEAEOTNC TOU EYXAAUATOC.

e Race: H @uhyj tou xotnyopoupévou

e juv_fel count: O apriudc TwV XAXOLEYNUATIXGY XATNYORLOY AVNAIXWY TOU EYEL O XATNYOPOVUEVOC.
e juv_misd count: O aprdudg Twv xaTNYoELOdY Yiot TANUUEAAUITA AVNAIXWY TTOU €XEL O XATNYOROVUEVOC.
e juv_other count: O aprdudc TV dAAWY XATNYOELOY AVNAIXGY TOU EXEL O XATNYOPOVUEVOC.

e priors count: O opidudg TwV TEONYOUUEVLY TOLVIXDY XATNYORUIV TIOU EYEL O XUTIYOPOUUEVOC.

e c_charge degree: O Bodudc tng teéyoucac xatnyoplag

Metd v agaipeon Twv TEPLTTOY o TNAGY, Ta Bruota npoenelepyaciag Yot autd 10 GUVOLO SeBOUEVLV TEPLA-
Bdvouv:

e Handling Missing Values: Anogpioye yetoaAntéc pe undevinéc tués yior vor Sloopahicovue Ty ax-
EPAULOTNTOL TWV BEBOUEVWY.

e Feature importance: ' va aglohoyfioouue 0 onuacio TV BlaQopnY YOEAXTNEIC TXWY GTO GUVOAO
dedouévev pag, yYenowonowooue tov aryoptduo Random Forest, uia toyuer pédodo udinone cuvérou.
Suyxexpwéva, yenowwonoiooue évay todvounti Random Forest pe 100 extuntéc (dévtpa). O toli-
vountric Random Forest uhomouidnxe e ) xenon tou RandomForestClassifier and tn BBAodvxn scikit-
learn [58].

Decision Trees Created

I to obvolo Bedouévwy COMPAS, dnulovpyfioaue 800 LovTéra SEVTRLY ANOPACTS XENOHLOTOLOVTOS SLopopE-
Tixo0g ahyoplduoug Yior vor ouYXEIVOUUE TNV EQUNVEUCWOTNTA TOUC:

Movtého 1: Anmoveyninxe ue T yeron touv DecisionTreeClassifier and tnv python BiBiodrxn scikit-learn
[58] mou yenowwonotel wa Bertiotonomuévy éxdoor tou odyopidpou CART. Euhéydnxe to poviého e v
vnioteen axp(Belo. H mpoxintouca Sevdpxr doun nepleAduBave Suadixég SLICTEoELS TUTLXES VLol TOV ohybptduo
CART, xou Badoc d =5

Movtého 2: T autd to govtéro ypewdotnxe éva emmiéov Brua mpoeneepyaoiog twv dedouévmy, 1) dloxpt-
tonoinon e eniBredn. To FlowOCT é€yel to 6pio e yerone povo duadxdy UETABANTOV yia ta€vounon.
INo ouveyr yopoxtneilotxd €yovpe 2 emhoyés. Elte va ypnowonoioouye TNy EVOWUATWUEVY) CLVAETNON
binarize oto moxéto odtlearn, tnv viomoinon tng omoloc unopeite va Peeite oto dwdixtuo otn diebuvon
https://github.com/D3M-Research-Group/StrongTree, eite vo ypnowonoicoupe 1 daxpitonoinon pe enif-
hedm.

Tot apLiunTind Yoo TNeLo Tixd: Ue UeY AN apitud LoVIBIXOY TGV, YeNnolponoloaue dioxpltonoinoy ue eniBiedn.
INo va to vhomolfcouue autd yenotwonotiooue tov DecisionTreeClassifier mou mapéyeton and T BBAodxn
scikit-learn tn¢ python[58] yia to aprduntnd yapoxteiotixd Age.
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0.4. "Epeuva ypnotov

Figure 0.4.3: COMPAS CART model

Tioc oprunTind yoeax tnELoTixnd Ye oYETE wxed aptdud LoVABIXDY TYIOY, YPNOULOTOACUUE TNV EVOOUXTWUEVN
ouvdptnon binarize and to moxéto odtlearn. H Suabixomolnoy YeTaTEénel TIC TES TWV YUPAXTNELOTIXDY O
duadixéc twée (0 1) pe Bdon tic povadinée twéc. To poviého FlowOCT Snuovpyhdnxe pe ) yerion tou
emAvth Gurobi.

Figure 0.4.4: COMPAS FlowOCT model

Arapopeég HETAZYD TV BEVIP®Y

‘Onwe elvon TpoQavég amd T oY UATA TV JEVTPWY, TO TPOTO LOVTENO ElVAL EVOL LGOPPOTNUEVO BEVTRO amdPacTg
nou yenowonolel doywplopoic ue Bdorn éva wovo xatdeil. To dedtepo povtéro elvar imbalanced xou yenot-
potolel SloupeUEval YapaX TNELO TIXA YLot TNV TaEvounar. OEhouyue va a€loAoYHCOUUE TS 1) LoOEEOTid TOU BEVTEOU
EVLOYVEL TNV EQUNVEUCLUOTNTO XOL oV TO DLOUPEREVE aplOUNTIXS YapaxXTNELO TIXS EVOL OEXETA TEQIEXTIXE VLol TOUG
YXENOTES.

German Credit

To civoho dedopévewv German Credit [38] mepihopPdver Snuoypagpud (Mhixia, gORo), Tpoowmuxd (oxoyeVeLoXT
XATHOTACT) XoU OLXoVouXd (ToTwTxd Tood, Tocd eréyyou) yopaxtneiotxd and 1.000 wtolvtes nioTwong,
OTIOV XATNYOELOTOLOLYTAL OE XUAOUG VS. X0X0UE TEAATES OVEAOYA UE TOV TUOTWTIXG TOUS X(VOUVO.

3toéyoqg

O mpwtopyndg otdy0g NG avdAuong Tou cuvoiou dedopévwy German Credit elvon 1 ta€ivéunon twv atéuwy
oe B0 xatnyoplec:

e Good Credit: ’‘Atogo mou VYewpolvton @QEPEYYUO ol EVEYOUV yYaunAdTepo xivBuvo yio Ta
YENUATOTULOTWTINS LOEUUITA.

e Bad Credit: ‘Atopa mou dev Jewpolvron @epéyyva xau evéyouv uPnAdTEPO %iVdUVO Ylol TaL
YENUATOTULOTWTINE LOEUUATA.
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IMpoeneZepyaocio

To apywd clvoho dedopévwy mepelye 1000 autolVIEC TOTWOEWY YE 9 YOPAXTNELOTIXG TOU TEPLEYPAUPAY XGDE
auToLvTaA.

o Age: H niuia tou atdyou oe €11

e Sex: To @Olo Tou atduov

e Job: To &idoc ¢ epyacioc Tou atépou

e Housing: To €ldog g xatouxiog otnv omola dlauével To dTopo

e Saving accounts: To 1ocd Twv anotauledoewy Tou Slordétel To dTopo
e Checking account: To nocd otov Tpe00UEVO AOYIUQLAGUS TOU ATOUOU
e Credit amount: To 1océ6 tn¢ nlotwong nou €yel {nthoeL To dtopo

e Duration: H Sudpxeia tng niotwong oe uhveg

e Purpose: O oxondc yio tov omolo {nteiton 1 nictwon

Metd v agolpeot Twv TepttTedv 6 TNAGY, Ta Bridata tpoenegepyaciog yio autd 10 OVOho dedoUEVWY TEPLEA-
Barvorv:

e Handling Missing Values: Anogpioye yetoaAntéc pe undevinéc tpés yior vor Sloo@ahicovue tny ax-
EPAUOTNTO TWV DEBOUEVOV.

e Feature importance: I'ta va aflohoyricouvye 11 onpacio Twv BlaQopwy YUpUXTNELO TIXWOY GTO GUVOIO
dedouévev pag, yenowonooaue Tov aryoprduo Random Forest, uia toyuer pédodo udinone cuvérou.
Suyxexpyéva, yenowonotfiooue évav talvount Random Forest pe 100 extyntéc (Sévrpa). O 1ol
vountric Random Forest vhonow{dnxe pe t xerorn tou RandomForestClassifier ané tn Bihodxn scikit-
learn [58].

AgvTpa ANOPACEWY TOL dNutoveYRIN ALY

INo to obvoho dedopévwy German Credit, dnuovpyrooue 800 POVTEND BEVTPWY AMOPAONS YENOLOTOLOVTAS
BLaPopETIX0UE ohyoplduoug Yio Vo cUYXEIVOUUE TNV EPUNVELCILOTNTA TOUC:

Movtého 1: Tt v vhomolnom Tou Tagvounth dévtpwy andaone, yenotponotioope T BiBModRxn c45-decision-
tree, 7 omofa elvan drodéon oto PyPI [59]. Avth n BiBhodfxn yewileton wévo xatnyopnuatind dedouévo xou
vhornotel multiway splits. To 8évtpo mou mpoxintel tapovoldleton oto LyAua 0.4.5.

Figure 0.4.5: Movtého German Credit C4.5

Movtéro 2: Tt autd T0 Yovtélo Ypnolpomotioaue Ty Teonyrévr éxdoon tou C4.5 tnv onola VAOTOCUUE HE
oUaBOTOINGN TV U1 ONUAVTIXWY TYLOY YARUXTNELOTIXOY o€ xAdBoug Ye etixéta Other. To 8évtpo mou mpoéxue
napovotdleton otny ewxdva 0.4.6.

Arapopeg ueTald TV dEvTpwY

'Onwg elvar Tpogavég and To oy HUATI TV BEVTPWY, TO TEKOTO LOVTERO efval €val eLEL BEVTEO amdPuoTC OV YENoL-
poroel multiway splits ye Bdon xotnyopnuotixd yapoxtneotid. To deltepo yovtéro eivon éva Pardl Bévtpo
andpaong xol yenoylonolel opadomoinon yia Ti¢ TWWES TWV YUpoXTNEO TIXWDY pe TNy etwéta Other. ©¢louye vo
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Figure 0.4.6: German Credit C4.5 Advanced model

oLONOYICOLUE AV 1) TOAUBEOULXT| BLACTIAGT) EVIGYVEL TNV EPUNVEUCLLOTNTA TOU BEVTPOU Xol OV Ol OUABOTIONUEVES
TIWES TPOXAA0VY GUYYLOY GTOUC YpNOTEC.
Framingham Heart Study

To cOvoho dedouévwyv Framingham Heart Study [11] npoépyetar and pio npwtonoptoxt dayypovixy| LEAETH Tou
Eexivnoe 1o 1948 oto Framingham tne Maocoyoucétng, pe mpwtapyind oTéY0 TOV EVIOTUGUS XOLVODVY TOpYOVTLY
Tou cuuBdAlouy oty xapdlayyelaxy véco. H uehétrn, otnv onola apyxd cupueteiyav teptocdtepot and 5.000
CUHHETEYOVTES, EMEXTAUNXE ONUAVTIXG (OOTE VoL CUUTEPLAGPBEL SlobBoyixéc YEVIES, EMTEETOVTOC GTOUS ERELVNTES
VoL SLlepeLVAoOLY YEVETIXOUC, TERBAANOVTIXOUE Xou TapdyovTeg Tou Teonou {whc Tou ennpedlouy TNy uyela TNg
%opdLdC.

3toyoc O mpwtopyindc oTdY0C NS AVIAUCTE ToL cUVOAoL dedouévwy tne Framingham Heart Study elvon n
TAEVOUNOT TWY atouwy ot d0o xatnyoples ue Bdon tov 10eth xivBuvo eugdvione otepaviaiag véoou (CHD):

e Yes: Atopa nou datpéyouv xivduvo va avanti&ouv CHD evtoc 10 etdv.

e No: Atopa mou dev xvduvetouy vo avarntdouvv CHD evtéc 10 etdv.

ITpoeneZepyaocio
To apyixd clvoho dedouévwyv meplelye 4240 acdevelc ue 14 yopoxtnelotixd mou nepéypagay xdde acdevi.
e Male: ®UNo Tou cuypetéyovta (1 yia &vdpa, 0 yio yuvaixa).
o Age: Hhudla tou ouyuetéyovta oe €.
e Education: Eni{nedo exnoildcuong tou cuppetéyovta. LuvAtng xwdixonoleltar aprduntixd.
e CurrentSmoker: Aceixtng Tou xatd 1660V 0 GUUPETEY WV Elvol ONUERLVOC XOmVIGTAC
e cigsPerDay: Apidudc torydpwv mou xamvilel avd nuépa 0 GUUUETEYGV.
e BPMeds: Acixtng 10U xotd 1660V 0 GUUUETEY WV hoBdvel pdpuoxo yio TNV apTnelaxy| tleon
e prevalentStroke: Acixtng tou xatd 16c0OV 0 GUUHETEYWY €xEL UTOCTEL EYXEPUALXS ETELGOBLO
e prevalentHyp: Acixtng tou xatd ndécov o cuppetéywy el unépTaoT

e diabetes: Acixtng Tou xatd 1660V 0 CUUPETEYWY ExEL DTy
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e totChol: Eninedo ohuxfic yohnotepdine oe mg/dL.

sysBP: Métpnon tng cuotohxic aptnplaxtc nleone oe mmHg.

diaBP: Métpnom dwotolxfc aptnploxrc nieong o mmHg.

e BMI: Acixtne pédloc ompatoc nou unoloyileto amd to Ooc xou to Bépoc (kg/m?).

heartRate: Kopdioaxog pudude oe moahuole avd Aento.
e glucose: Eninedo yhuxdlne oto aipo.
Ta BrApata tpoene€epyacios yio autéd T0 GUVORO dedoUEvewY TEpLAoBdvouV:

e Handling Missing Values: Anogpioye yetoaAntéc pe undevinéc tpés yior vor Sloo@ahicovue Ty ax-
EPAUOTNTA TWV DEBOUEVLV.

e Feature Importance: I'ia vo a€loloyricoupe T onpacion Twv SLapopwy YARUXTNRLOTIXOY GTO GUVOIO
Bedopévmv pag, yenowonolooue tov ahyoprdpo Random Forest, wa toyven pédodo pdidnone cuvdiou.
Kpoatfoaue pévo ta 10 xopugaio yopaxtneloTixd e BAon Tn oNUavTiXGTNTE TOUS Yio VO ATAOTOLACOUUE
ot B€vTpa oL Tpoéxuday.

AévTpa ATOPACEWY TOL dNUtoLeYHONXAY

INo to obvolo dedouévwy Framingham Heart Study, Snuiovpyroope 500 yovtéla Bévipwy amndgaone yenot-
HOTOLVTOS BLapopeTiXoVg ahyoplluoug Yl Vo GUYXEIVOUUE TNV EQUNVEUGCLUOTNTE TOUG:

Movtého 1: Anuoveyridnxe ye t yeron tou DecisionTreeClassifier ond ) BBhodrinn scikit-learn python
[58] mou yenowonotel wa Bertiotonomuévn éxdoon tou odyopidpou CART. Emhéydnxe to povtého e v
vdnidteen axpiBeta. H mpoxdntouco devdpixr Sour; neplehdufBove Suadinég BlacTdoelg TUTIXES Yo ToV akydprduo
CART xo Bédoc d = 9. To 8évtpo mou mpoexude mopoucidletar otny ewxdva 0.4.7.
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L
I <_

_— = <__
_—Yes ~ - ~_
- No__ _Yes “No-

— _— e
BMI < 30.18 — =
_ ‘ Male = 0 J dinBP <= 75.75 ‘ sysBP < 153
~ e G

N — -
Yes o Yes™ — Vo~ No— Yes No

) " - ) — _ — ) N
CigsperDay -
N sysep < 177 < < <
v = \N/o Yes No. § 7 h : N
Yes es ~ Yes™ = o
— AN ~ § — N P . N ) Y .~ Yes U
No Glucose <= 71 SyseP < 145 ‘ Yes ‘ [ BMI < 28.67 ] Age <47 Yes CigsPerDay < 13 ‘ education < 3 Yes lucose < 95 ‘ ‘ Yes ‘
— e \ ‘ ' 7
No L No

a
Yes _Yes™ No N
P No - 4 Yes No :/es No Yes No Yes Yes

P \ —= N N X v \ N PR A
Ye N diaBP <= 77.75 lo \

v 0 ‘ lsysBP <177 Yes No ‘ Yes ‘ No ‘ Yes ‘ CigsPerDay < 18 Yes sysBP < 191 Yes
Yes o

> o S
~Yes No, Yes No Yes No

( ~ x N
lG\ucose <675 CigsPerDay <=3 SysBP < 134.25 Yes Male = 0 No Age < 61 ] Yes ‘
— ] L

— — L
Yes No Yes No Yés No. < 7 N
%

7
S
v Pi N N JYes )
Yes No No Age < 49 ‘ totChol <= 213 No o e Yoo oMl < 294 ]

“No
.

Yes N Yos \ 7
/ ° / No Yes

No Yes No BMI < 23.13 No Yes ‘

Yes No
%

Figure 0.4.7: Movtélo Framingham CART

Movtého 2: T autd 1o yovtého yeetaldtay éva emmiéov Briua mpoenelepyasiog Twv dedouévmy, N enaywy
yvoong toyéa. H yerion yvdone topéa umopel va Bondroel otn petatpony aptduntinddy UeTaBANTOV O XoTr-
YOPNUATIXES XEVOVTOC TO BEVTEO TOL TPOXVTTEL TLo gpuNnvelaLo and Tov dvipwno.

Metd Vv eVowUdtwoT Tng YVeoTg Topéd 6To cUvolo dedouévev yenoulonotiooye to FlowOCT yia va e€dryoupe
To BévTpo andgaong nou mpoéxude. Ta va ypnowonotioouue to FlowOCT énpene npdta var Suadixomolcouue
TOL OEBOUEVOL YENOULOTIOUIVTAS TNV EVOWUATOUEVY cLVdptnor binarize tou maxétou odtlearn. To 8évtpo mou
npoéxue mapovoldleton Topoxdte oto LyAua 0.4.8.
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Figure 0.4.8: Framingham Categorical model

Aropopég peTal TV SEVIp®Y

‘Onwe elvon Qovepd omd ol SYHUATE TV BEVIPWY, TO TE®TO UovTélo elvon éva Badl dévipo andgouone to
omolo ypnowonotel ouveyr yapaxtnetoTixd yia Ty tadivéunon. To dedtepo povtélo elvon éva wuxpdtepo dévtpo
ATOPACNC UE XOTNYOPNHATIXG Y ApaXTNELOTINE OEAOUUE VoL 0ELONOYTICOUPE OV TAL XATIY OPNUATING YR TNELOTIXG.
eVLOY 00UV TNV EQUNVEUCLUOTNTO TOU DEVTEOU.

Adult Income

To olvolo dedopévewv Adult Income [7] nepiéyer dnuoypapixd (m.y. niudda, QUAH xou QUAO), exToudeu-
Twd (mtuylo),cpyactand (emdyyeluo, wpec efdouadiaine), Tpoowmxd (owoyevelax xatdotaoy, oyéon) xou
owovourd (xepahonaxd x€pdn/andiees) yapoxtnolotxd v 45.222 dropa. O otdyog eivan vor npofregidel av
T0 elo60MNUA EVOG aTtouou unepPBalvel ta 50 yih. doldpia etnalwg 1 oyt Tlepiéyel 14 yapaxtneiotixd.

3toéyoqg

O mpwtapyixds 0TdY0¢ TG AVEAUCTE TOU GUVOROU BEDOUEVKV Yia TO ELGOBNUA TwV EVNAiXWY elvar 1) Tatvounon
TWV aTéUwY ot 800 xatnyopleg pe Bdorn To £THOLO EL0OBNUS TOUC:

o <=50K: Atopo twv onolwv to etfoto eloddnua elvar 50.000 doldplor § AydTepo.

o >50K: Atopa twv onolwyv to etholo elo6dnua unepPalver ta 50.000 SoAdpla.

ITpoeneiepyacia

To apyxd clvolo dedopévwy mepieiye 47621 eyypapéc atéunmy Ye 14 yopaxtneloTixd mou meptéypapoy xdde
droyo.

e Age: H niuxia tou atduovu.

e Workclass: To eldoc tne anaoyoinone.

e Education: To uyniétepo eninedo exnoidevone mou éxel anoxtniel.
e Education-num: O apidudc twv etddv exnaldevong.

e Marital-status: H owoyeveluxn xatdotaon tou atdyou.

e Occupation: To eldoc tn¢ epyasioc.

e Relationship: Yyéorn ue to vouoxupld.

e Race: H @ulyj tou atéuou.

e Sex: To @Ulo Tou atduou.
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o Capital-gain: Kegohonoxd x€pdm.
e Capital-loss: Andieiec xeparaiou.
e Hours-per-week: Qpec epyaciog avd e3douddo.
e Native-country: Xwpa xataywyhc.
Ta BrApata npoenegepyacioc yio autéd T GOVOAO deBOUEVLY TEpLAGUBavay:

e Handling Missing Values: Anoppldayue yetoffAntéc e undevinég tuég yio vor Sloac@ahicovde Ty ax-
EPAUOTNTA TWV DEDOUEVWV.

e Balance Dataset: To c0volo dedouévwy napouctdlel cUYVE avicoppoTia, Ye GNUUVTIXE TeplocdTERES
TEPITTWOELS aTtdpwY Tov xepdilouv Aydtepa and 50.000 doldpia oe alyxpion pe exciva mou xepdilouy
neploootepa. H e€iooppdnnom tou cuvohou dedouévwy, e unodelypatorndla tng mAslodmngixnic xAdong,
Behtidver v oxplBela, tnv evanotnoio xar Ty ewdxoTNTOL TOL POVTENOU, Blacpakilel 6TL To YovTELO
pordodvel var avaryvep(let potifo xon oTic 800 xhdoelg, odnywvTag ot dixandtepes TEOPBAEPELS xou xoAUTEEN
yevixevuon oe véa dedouéva.

e Feature Importance: I'ia vo a€loloyricoupe T onpacior Twv Slapopwy YApUXTNELOTIXOY GTO GUVOIO
dedouévev yog, yenowonowoaue tov alyoerdpo Random Forest, uia .oyver) pédodo udidnong cuvorou.

e Encoding Categorical Features: Xpnowonoljooue one-hot encoding yio Tar xaTnyopnuaTtixd yopox-
TNEIGTXE Yot Vo To YeTatpéoupe oe Lop®T) XUTAAANAT yia oahyoplduoug unyovixic péinong.

AévTpa ATOPACELY oL dNLoLeYRINXAY

I'o 1o obvolo Bedouévwv Adult Income, dnuovpyfooue dUo povtéha BEvipwy ATOPACNC YENOLLOTOLOVTAC
BLapopeTIX0UC ohyopldous Yior vor cUYXEIVOUPE TNV EpUNVELCLLOTNTA TOUC:

Movtého 1: Anuoveyridnxe ue ) yeron tou DecisionTreeClassifier and tn BiAodrinn scikit-learn python
[58] mou yenowwonotel wa Bertiotonouévn éxdoor tou odyopldpou CART. Euhéydnxe to poviého pe v
vniotepn axplBelo. H npoxdntouca 8evdpixr Soun nepleAduBave Suadixés SLUoTdoEL TUTXES YLt TOV oy bptduo
CART, xou Badoc d =6

captalgans 4826 Hondrs-coaners

Aoe>

o o e

Figure 0.4.9: Adult Income CART wide model

Movtého 2: T'a autéd T0 poviého yenowonowoayue eniong to CART adld emhéEaye éva mo Badd dévtpo ue
Bddoc d = 8.

Alopopeég peTadl TV dEVIpLY

‘Onwg elvon Tpogavéc amd o oy AUATE TWV SEVIPMY, TO TEWTO YoVTELO elvan €va eupld BEVTRO amdPaons xou To
deltepo povtélo elvon Baditepo. B€hovue vo allohoyoouue av ta TAXTLE BévTpa elvor o epUnveloLpo and Ta
Bordid BévTeoL.
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Figure 0.4.10: Bod¥ povtého CART Adult Income

0.4.5 AmnoteréopaTta

T'evixd Anoteréopata

‘Onoe Brénouvye ota oyfuarta 0.4.11, 0.4.12, 0.4.13, 0.4.14 éyoupe uhnii axpBeia dnwg tepwévope. To ohvoro

dedopévwy COMPAS éyer tn youniotepn oxpifeio xadde Aoy To mpdto cUvolo dedopévwy mou ol yeRoTes
to€vounooay.

Accuracy Percentage per Dataset per Version

1004 version 100.00
Accuracy Percentage per Dataset - 95,65 94.02 2522
100 97.74 - : 20.8 85.16
95.12 84.62
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80
2 60
3 60 §
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Figure 0.4.12: AxpiBeio avd cOvolo dedouévemv avd
Figure 0.4.11: AxpiBeio avd cOvolo dedouévev éxdoon
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Sum of Time Spent per Dataset

Average Sum of Time Spent per User per Dataset per Version
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Figure 0.4.13:

Xpdvog mou anatelton avd OVoro
dedouévwy

Figure 0.4.14: Xpdvog mou anouteiton
dedopévwy avd éxdoaon

avd cOVoho

Yo oyfpota 0.4.15, 0.4.16, 0.4.17 aneixoviCoupe Ty aZlomoTior TWV omavTAGEWY, TN CUPHVELL TWV LOVOTOTLOV
oL TNV AmAGTNTA TNS Bevipxnc Soung.
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Mean Scores for Answer Confidence by Dataset and Version
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Figure 0.4.15: Eymotoolvn anovtioswy avd cbvolo
dedouévmv avd Exdoon,
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Figure 0.4.16: Sogpriveir AeBopévev avd ohvoro
dedouévev avd Exdboor
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Figure 0.4.17: Anhétnta tne devdpinhc dounc avd
GUVOAO Bedouévwy avd Exdoon

Oo avahOCOUPE Ta ATOTEAEGUATA AVE GUVORO Bedouévmv xau Yo eEdyoupe ouunepdopota cuyxplvovtog To dévtpa
ATOPACTNE HOL TOL THUEUXATEY ATOTEAECUOTAL.
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COMPAS

Me Bdon ta anoteréoyata mou mopovaidlovton oo Lyfuata 0.4.18, 0.4.19 xou 0.4.20, napatnpolue 6Tl TO
dévtpo andgaone FlowOCT odnyel oe adEnom tne axpifelag, av xou ye mxper) adEnomn Tou ypovou Tou onouteltal
yioe Ty Tadvounon. Emniéov, to Sedouéva anoxohintouy 6Tt oL yeoTe Topouctdlouy YoaunhOTERT EUTLOTOCUVY
OTIC ATAVTNACELS 0TO BEUTEPO UOVTEND, TOPd TO YEYOVOS OTL oL amavThoelg Toug elvon owotéc. H cagriveia Tou
povonatiol elvon xoh0TEEN OTO BEUTEPO UOVTEAO AOYW TWV CUVTOUOTER®Y OLUBROUDY- woTOCO, 1) douy) Tou
0€vTpoL elvon To TOAOTAOXY ENELST Tl SlanpeUéva YapoxTnELoTXd Bev elvan SlancdnTnd yio Toug ypriotes. Amo
TIC TEQLYPAPES TWV BEVTPWY amd TOUg XPNOTES, Elvol TEOQAVES OTL Ol YPHOTES EMXEVTPOUNXAY GTNY TROYUVY
npoxatdAndn xatd twv Agpoauepixavdy oto clvolo dedouévev. To povtélo pe ta binned yopaxtnplotind
yiveTon avTIANTTO w¢ To TepImAoX0 amd Toug YeNOTES, EVE) TO APLIUNTIXG HOVTEND UTOQEREL AMd TO PELOVEXTTUA

NG EMAVAANYNG TWV YOEAXTNPLOTIXEY.

Accuracy Percentage per Version for Dataset: compas

Average Sum of Time Spent per Version for Dataset: compas

91.76

Accuracy (%)

%

%,

Version

Figure 0.4.18: AxpiBeia COMPAS

Time (seconds)

121.32

Version

Figure 0.4.19: COMPAS Time needed

Mean Scores for compas by Version

128.85

Mean Score

438 443

Question Type

Version
s Numeric
417 pew Binned

Figure 0.4.20: Metprioeic adtohdynone COMPAS

German Credit

Me Bdon to amoteréopota mou mopouctdlovtan oto Lyruato 0.4.21, 0.4.22 xou 0.4.23, napatnpeolye 6ti 0
multiway 8évtpo andgpaong odnyel oe télelo oxop axpifeloc Ye onuavtixy peiean Tou ypdvou Tafvounong.
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Emnhéov, ta Sedopéva amoxahimtouv 4TL oL yphoTes Tapouctdlouy YouNnhOTERY EUTLOTOCUVY] OTIC AMUVTACELS
TouC 670 deVTEPO HOVTEND, TaEd TNV VPN axplBela Twv amavtioedy Touc. Autd cuufaivel Adyw Tou Ueydiou
ouvtekeo ) dlohddwone (3,8 avti 2 yio to duadd povtého) xdde xéuBou. H cogpriveio twv diadpopodv o
N amhoTNTAL elvon XAAUTERY) 0TO BEUTERO POVTENO AOYW TWV WXPOTEPKV BLABpOU®Y Xal TNg evplTEENS Boung
Tou 3évTpou. AT TG TMERLYPUPES TWVY YENOTWY Yia Tor dévTpa, elvol TPo@avés OTL oL YPROTES EMXEVTEWUTXOY
TNV TEOPYOVY| TEOXATIANPT EVOVTL TWY YUVAXGY 0TO 6UVOAO Bedopévwy. To duabixd dévtpo, yenotponoidvtog
tov 6po "Other", enétpede otoug yprioteg vo Bydhouv xdmolo CUUTERGOUAUTH OYETIXA UE TN Bladixacio Aidng
ano@doewy. Eve o moludidotatog Saywplouds dempeitoan mo dncdntindg oe chyxpion ye ta binary yopon-

eloTXd 0To cUvoho dedouévwy COMPAS, dewpeiton enlong mo noAdmhoxog Aoyw ToU UEYEAOU CUVTEAEGTH
BlaAddwoNg.

Accuracy Percentage per Version for Dataset: credit Average Sum of Time Spent per Version for Dataset: credit
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Figure 0.4.21: German Credit Axp{Beia Figure 0.4.22: German Credit time needed

Mean Scores for credit by Version
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e Multiway
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Figure 0.4.23: Metprioeic a€iohéynone German Credit

Framingham Heart Study

Ye auth) Ty evotnTa, cuyxpeivoupe ta BEvTea andpaong mou dnuloveyiinxay Me Bdon ta aroteréouata Tou
napovotdlovtan oto Lyuata 0.4.24, 0.4.25 xon 0.4.26, mopatneolue 6Tl TO XoTNYopNHaTiXd dEvTpo andpaonc
emTUYYAveL LPNATY Baduohoyia oxpifBetac pe wxpn adZnomn tou yedvou talvéunong.

Emniéov, ta eBopéva amoxaAOTTOuY OTL T XOTNYORNUXSL Yoeax TNRLoTIXd 081 yoly ot uPnhotepes Baduoroyieg
o€ OAEC TIC UETELXES: EUTLGTOCUVY GTNY OMAVTNOY), CAUPHVELL HOVOTIOTLOV XAl AMAOTATA TNE DOPTC TOU BEVTEOL.
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And g mepypoapéc Twv BEVTRKY and Toug YpRoTES, elvol TRPOPUVES OTL oL YENOTEC BUGXOAEVOVTAY Vo XOTAUVOT-
60UV TOUC LaTpXolE Gpoue, xodme dev elvar ewdixol otov Touéa. To aprduntind dévtpo yivetow avTiAnntd we mo
ToAOTAOXO AOY® TOU Bddoug xon TNE emavaknIuXdTNTAS Tou. Evd xou ta 800 6€vtpa Yewpolvtal BUoX0 N OTNHY
XATAVONOT), TO XATNYOPNUATIXG BEVTRO QaiveTon var efval o Capeég.

Average Sum of Time Spent per Version for Dataset:
143.15

Accuracy Percentage per Version for Dataset: i 140

137.59

Rk 88.16

Time (seconds)

Accuracy (%)

Version

Version

Figure 0.4.25: Framingham Heart Study Time
Figure 0.4.24: Framingham Heart Study oxp{Beio needed

Mean Scores for framingham by Version
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Figure 0.4.26: Metprioeic a&lohdynone Framingham

Adult Income

Me Bdon to anoteréopota mou mopouctdlovion ota LyhAuota 0.4.27, 0.4.28 xau 0.4.29, mopatnpolye 6T TO
eVpUTEPO BEVTPO amdpaomg 0dnyel ot adEnom tne axpifelac, av xou Ye wixpr adEnomn tou ypdvou mou amouteitat yio
v tadvounor. Emnhéov, ta dedouéva amoxohintouy éti oL ypriotee mapouctdlouy younhotepn eumiotocivn
OTIC AMOVTNOELS TOUG 6TO eVpl WovTtélo, mapd tnv LN oxeifeia Twv aravtioedy tougc. O Blapopés ot
cagprivela NG Sladpoung xou oTNV amAdTNTA TS doung elvar eAdyloteg xou Yo umopoloav vo anodovoly oe
OTATIOTIXG OPIAUN. A6 TIC TEPLYPAPES TWY XENOTAOV YioL To BEVTp, elvon Tpogavés 6Tl To uéyedog Tou dévtpou
onpetdveton and toug ypnoteg. ITohhol yeroteg mou yenowonoinoay to Badd 8évipo oyollocav To Yéyedog
TOU X0 TG AUTO BUOAONEUE TNV XATAVONOY) TOU BEVTEOL.
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Accuracy Percentage per Version for Dataset: income Average Sum of Time Spent per Version for Dataset: income
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Figure 0.4.27: Adult Income oxpiBeia Figure 0.4.28: Adult Income Time needed

Mean Scores for income by Version

Mean Score

Question Type

Figure 0.4.29: Metprioeig atohdynone Adult Income

0.4.6 Xvpnepdopata
A&ioroyYNnom tng Soung Tou dEvTEoL

Me Bdon to anoteréopata TG HEAETNG oS YIo TOUS YpHoTES, Topatneriooue alloonueinTes dlapopés oTny omod-
B0CT) 0L TNV EQUNVEUCWOTNTA TWV BEVTPWY Amd@acng o dldpopa cUvVoha dedopévwy xon dopés dévtpwy. H
HEAETN amoxdAude OTL Ta BEVTPU ATMOPAGEWY TOU YENOWOTOOVY XATNYOPNUATIXES UETOBANTES TETUYAY YEVIX
udmidtepn axpifelor xou xahOTERES YETEIXES EPUNVEVCLOTNTAS, OTIWE 1) EUTLOTOGUVY GTNV ANAVINGT), 1) CUPTVELL
e BaBpouric xan 1 anAdTnTa TS Bounc Tou dévtpou. Autd ftav epgavég ato olvolo dedouévwy Framing-
ham Heart Study, émou to xatnyopnuoatind dévtpo andpouone unepelye Tou aptdunTixol oTic aElONOYHOES TwWY
XENOT®Y, Topd TN pxeY| adénan tou yedvou Talvdunone.

Avtideta, to dévipa ano@doewy pe aprduntixy didonao, 1lwg autd mou elvon Padibtepa, cuyvd odnyoloay e
EMAVEANYT YOEAXTNEIC TNV X QUENUEVT) TOALTAOXOTNTA, XANOTOVTIC To TO BUCVONTA Yl TOUS YPHOTES.
Autéd avadelydnxe oto olvoho dedopévwy Adult Income, émou to Barditepo dévipo avadelyUnxe yio To péye-
Yog xon TV ToAUThoXSTNTE ToL, eMNEEALOVTOC TNV EUTIGTOCUVN TWV XpNoTdY ntapd Ty oxpBeid tou. T'evixd
napatneRinxe 6Tl 0 TEPLOPLOUOS TRV aTOUWY oTo Bddog Twv 7 xouBwy avtotonteiletal GTNY TEOYUATX TN T,
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Emnmiéov, to olvoho dedopévy COMPAS xotédeile tic mpoxhrioeic mouv avtetonilouv ol ypRotes ue Tt
OLOLPEUEVOL YOEAUXTNELO TXG, Ta OTolal, v Xou PELOVOLY TO péyedog Tou BEvTpou, Umopolv vo TepthéEouy T
dladxacion Mg anopdoenmy.

Yuvohixd, 1 ueAétn unoypauplletl T onpacto TE cuvextiunong T6co tng axpifelag 600 xaL TNG EPUNVEVCILOTNTOG
XOTA TO OYESLIOUO BEVTPWY amo@dcewy. Eve 1 xotnyopnuotixny Bldonaoy Uropel Vo VIGYUOEL TNV XATAVONOT
X0 TNV EUTOTOOUVY TWV YENoTAY, Teénet vo dolel Wialtepn npocoy otouc cuufiBacuolc petald e ToAU-
TAOXOTNTAS TOU BEVIPOU oL TNE XATOVONTOTNTOC, DOTE VoL DLUGPAAG TOUY ATOTERECUATIXG Xl PLAMXE TPOE TOV
oot epyaheio Mng amopdoenv.

AZLONOYTNOY TOV RETEIXWDV EPUNVEVCLLOTNTAS

Me Bdon o amoteréopoto TG PEAETNG KOG, AELOAOYTICOUE TNV EPUNVEVCILOTNTA TWV BEVTPWY AmOPUCNS XPNOL-
pomolwvtae dldpopec Baoixég petpuxée:  péyevog povtélou, optludc YeNOLLOTOOVUEVMY YOROXTNELO TIXADY,
apaoTNTA XOUBWY, xadapdtnTa QUANGY, IooppoTia dEvTeou xa urxog xavdva. To evpruatd pog delyvouy OTL eV
T0 uxpdTepo péyedoc poviéhou cuVEBUAE YEVIXE 0TV XOADTERT XATOVONOT] Od TOV YpNoTY), AUTO BV GUVEPRLVE
navta. o mapdderyua, to dévtpa andgoaone Tou cuvohou dedoyévwy COMPAS, ta omola yenoiuonoobooy Si-
QUPEUEVAL YUEAXTNELO TIXA, Elyay (¢ anoTEAECUN AYOTEPOUS xOUPoug ahhd HEYAADTERY) TOAUTAOXOTNTA AOYW Un
SlooINTXdY Blaywplopdy TV yapaxtnetotixoy, toviovtoe 6t to péyedoc tou dévipou amd po6vVo Tou dev
xadoplle Ty xotavontémta. ‘Ocov apopd Tov apliud TwmV YENOLIOTOOVUEVLY YORUXTNELO TIXWY, Tol LOVTERN
TOU EVOWUATWVAY AYOTEPA XOL TLO CUYVOPT] YOQUXTNELOTIXG HTOV EUXOAGTERO XATAVONTA Om6 TOUC YENOTEC,
OTwe Qavnre oTo cUvolo dedouévwy Framingham Heart Study. H apoudtnrta tev x6ufwv, 18lng oc dévipa ue
Ay otepo onueia dedopévwy tou oyetilovton Ye molholc xoufoue, ennpéace enione Ty epunvevodTnTa, xadde
To opondTeEp BEVTPA ETELVAY Vo UmepdELoLY Toug yenotes. H xadapdtnta twv @UANWY ftav évag dAhog xplot-
HOC TORAYOVTAG- TO BEVTEA UE UEYUAVTEQT] OUOLOYEVELN GTOUS xOUBOUC TwY PUAAGY Toug Tapelyay cupéotepeg
dladpopéc Mg anopdoewy, BEATIOVOVTAC TNV EUTOTOGUVH TV YENOTHOY Xou TN cagprivela tng dwdpourc. H
looppoTiol TV BEVTPWY BLABPUUATIOE ONUAVTIXG EORO OTNV EQPUNVEUCLUOTNTA, UE TO XoAd LooppoTnuéva dEvTpa
ané to chvoho dedopévwy German Credit vo etvor euxoh6TeERO Yiat TOUE XENOTES VoL TAONYTFO0Y Xa VoL XOTOVOY -
ocouvv og cUyxplon e to o imbalanced avtiotouya. TéNog, TO PUxEOTERO UNXOC XAVOVELY, OTWE TUEATNEAUNXE
OTIC XTI YORNUATIXES DO WELOTIXEC YPOUUES TOU cuvOlou dedopévwy Framingham Heart Study, dieuxéiuvve
TNY EUXOAOTERT] XATAVONOT], EVIOYVOVTAC T1) CNUACIO TWY CUVOTTIXOY Xl ATAWY XAVOVWY amdQuons. LUvolxd,
N Uehétn pog vnoypouilel 6Tl 0 CUVBLAOUOS CUTHOVY TWV UETEIXMY, Xol OYL XETOL0 PEUOVOUEVO PéTpo, elvol
0LCLOBNG YAl TNV EVIOYUCT] TNG EPUNVEUCIUOTNTIC TWV LOVTEAWY BEVTPWY AOPAoTS.

38



Chapter 1

Introduction

As artificial intelligence (AI) becomes increasingly integral to making decisions in critical areas such as
healthcare, finance, and criminal justice, the need for these systems to be clear and understandable has never
been more essential. Many of these high-stakes decisions are made using black box models and attempting
to explain these opaque models, instead of developing ones that are inherently clear and interpretable,
may perpetuate harmful practices and could even lead to severe damage in society. Decision trees, widely
celebrated for their inherent transparency in the field of machine learning, exemplify how complex algorithms
can be made understandable; their hierarchical structure often allows for visualization and comprehension
even by non-technical stakeholders. However, this built-in interpretability does not always equate to real-
world explainability, where the clarity of the model’s decisions must be actionable and meaningful to all users.
This thesis investigates the existing challenges in making decision trees truly interpretable, aiming to bridge
the gap between technical transparency and practical understandability. By enhancing how decision trees
communicate their reasoning, the study seeks to contribute significantly to the development of Al systems
that are not only effective but are also trusted and fair, ensuring that AI supports rather than undermines
critical human decisions.

1.1 Interpretable Decision Trees

Decision trees are considered interpretable due to their straightforward, hierarchical structure, which closely
mimics human decision-making logic. Each node in a decision tree represents a decision point based on a
specific attribute, and branches stemming from nodes depict the possible outcomes. This tree-like model
allows users to follow the path from the root to the leaves, visually tracing the series of decisions that lead
to a final outcome. This clarity in how decisions are derived makes it easy for users to understand and
verify the reasoning process, enhancing trust and facilitating easier communication of how model decisions
are made. Many times though the structure, complexity, and terminology used in a decision tree might
make sense to an algorithm, but can still be cryptic or counter-intuitive to human stakeholders. As trees
grow in depth and breadth to accommodate complex datasets, they can become overwhelmingly intricate,
with numerous branches and conditions that are hard to follow. This complexity may obscure the clear,
linear logic that makes smaller trees accessible, turning them into a tangled web of decisions that challenge
comprehension. Additionally, using technical jargon or domain-specific terms in the nodes can make it hard
for non-expert users to understand the underlying reasoning without specialized knowledge. Thus, while
decision trees inherently strive for transparency, their practical implementation in more complex scenarios
can inadvertently lead to opacity, complicating stakeholder understanding and potentially diminishing the
trust placed in these models.

1.2 Contribution

This thesis focuses on interpretable decision trees, a cornerstone of interpretable machine learning, driven
by the imperative to build trust and accountability in AI applications. Despite their inherent transparency
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compared to other complex models, decision trees still present challenges in explainability that must be
addressed to fully harness their potential. To address these challenges, this research introduces and evaluates
novel explainability measures specifically designed for decision trees, enhancing the analytical rigor with
which their interpretability is assessed. The research aims to enhance the interpretability of decision trees,
ensuring that users can easily understand and trust the logic behind their decisions. By investigating the
factors that influence human perception of interpretability, this study seeks to contribute to the development
of decision trees that are not only powerful in performance but also in clarity and user confidence. This
approach underlines the critical role of explainability in bridging the gap between Al capabilities and human-
centric applications, emphasizing the broader impact of this research in promoting ethical and responsible
AT practices.

1.3 Structure

Chapter 2 lays the theoretical foundation by exploring key concepts of interpretability, decision trees, and
human decision-making. Chapter 3 discusses practical methodologies, including preprocessing, algorithmic
modifications, and post-processing techniques to enhance interpretability. Chapter 4 presents a user study
to evaluate the practical implications of these methodologies. Finally, Chapter 5 concludes with a summary
of findings, discussions on implications, and suggestions for future research.
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Chapter 2

Theoretical background

In recent years, machine learning models have demonstrated remarkable success in various domains, ranging
from healthcare and finance to manufacturing and transportation. However, alongside their predictive power,
these models often operate as black boxes, making it challenging for stakeholders to understand the reasoning
behind their decisions. This lack of transparency raises concerns about accountability, fairness, and trust in
AT systems, particularly in high-stakes applications where decisions impact individuals’ lives or livelihoods.
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2.1 Interpretability

Interpretability, defined as the ability of a model to provide interpretable explanations for its predictions,
has emerged as a crucial aspect of machine learning research and practice. Explainable models offer insights
into the factors driving their decisions, empowering users to understand, validate, and potentially challenge
their outcomes. In data mining and machine learning, interpretability is defined as the ability to explain
or to provide the meaning in understandable terms to a human. Understanding a computer-induced model
is often a prerequisite for users to trust the model’s predictions and follow the recommendations associated
with those predictions.

Two main approaches have emerged in the literature to facilitate the understanding of machine learning
models: black-box explanation and transparent box design[4]. Black box models are machine learning models
or algorithms that are highly complex and difficult to interpret or explain in terms of how they arrive at their
predictions or decisions. These models often involve intricate mathematical functions or architectures with a
large number of parameters, making it challenging for humans to understand the underlying mechanisms or
reasoning behind their outputs. Black-box explanation techniques (post-hoc explanations) refer to methods
designed to explain how black-box ML models produce their outcomes. They are inappropriate in high-
stake decision systems as they can be manipulated to tell a different story than that of the black-box they
are explaining. Unlike traditional black-box models, which prioritize predictive accuracy at the expense of
interpretability, explainable models strike a balance between performance and transparency, fostering trust
and accountability in AI systems [32]. Usually interpretable models are constrained in model form that it
is either useful to someone, or obeys structural knowledge of the domain, such as monotonicity, causality,
structural (generative) constraints, additivity, or physical constraints that come from domain knowledge [63].

2.1.1 Importance of Interpretable models

The importance of interpretable Machine Learning models stems from several issues. Initially, comprehending
a model generated by a computer is often essential for users to have confidence in the model’s forecasts and
follow the associated recommendations. This necessity for trust in computational predictions is particularly
pronounced in critical domains such as medicine, where human lives are at stake [48], [8]. Moreover, the
comprehensibility of a model is crucial for its acceptance by users in financial contexts [21] and in applications
like customer churn prediction. The requirement for transparent models to enhance user trust becomes
even more apparent when the system presents an unexpected model to the user, necessitating thorough
explanations from the system for model acceptance. Furthermore, in certain domains of application, users
require a sufficient understanding of the system’s recommendations to provide legally sound explanations
for their actions to others. For instance, in the medical field, if a physician makes a decision—such as
recommending surgery—based on a classification model’s prediction, resulting in significant harm to the
patient, the physician must comprehend the rationale behind the model’s predictions to justify their decisions
in court in the event of a medical negligence lawsuit. Similarly, legal obligations frequently arise in credit
scoring applications, where a bank is often mandated to elucidate the reasons behind denying credit to a
customer. Certainly, there are instances where model comprehensibility holds little importance, and some
users may find satisfaction in embracing a model’s predictions solely due to its high predictive accuracy,
overlooking its comprehensibility. The relative significance of comprehensibility versus predictive accuracy
remains subjective, contingent upon the user’s interests and the particular application domain.

In addition to the crucial need for model comprehensibility in high-stakes domains, several fundamental
reasons underscore the importance of interpretability in machine learning models [15]:

Trust: The deployment of a prediction model is critically dependent on trust and acceptance. Only
by understanding the model’s strengths and weaknesses can users develop the necessary confidence to
rely on its predictions. This trust is foundational for the widespread adoption and utilization of machine
learning models.

Causality: Interpretability, particularly through mechanisms like attribute importance, imparts a
sense of causality. This helps the target audience understand the underlying relationships driving the
model’s outputs, bridging the gap between complex computations and comprehensible results.
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Transferability: For a human decision-maker to effectively use a prediction model with new, unseen
data, the model must provide a clear understanding of future behavior. The decision-maker needs to
be confident that the model generalizes well or understands the specific contexts in which it performs
reliably. Only then will the decision-maker trust the model to make decisions.

Informativeness: Beyond fulfilling its training objectives, a model must address real-world needs
effectively. Understanding whether a system genuinely serves its intended purpose is crucial for its
deployment, ensuring that it operates as a practical tool.

Fair and Ethical Decision Making: Understanding the reasons behind a decision is a societal
necessity and is expected to become a legal right for EU citizens [31]. This "right to explanation"
obliges decision-makers to present their results clearly to adhere to ethical standards. Anyone impacted
by an automated decision can exercise this right to receive an explanation.

Accountability: Incorporating explainability into machine learning models is also about account-
ability. A model that can justify its decisions can be held accountable for its actions. This aspect
is particularly relevant in addressing potential shifts in data over time, ensuring that models remain
responsible and trustworthy.

Making Adjustments: Understanding the prediction model and its underlying factors allows do-
main experts to compare the model’s predictions with existing domain knowledge. Interpretability is
essential for adjusting the prediction model by incorporating domain-specific insights. According to
Selvaraju et al. (2016) [64], explainable prediction models can help humans, particularly domain ex-
perts, make better decisions. From an algorithmic perspective, interpretability allows system designers
to refine the prediction model by adjusting parameters, for example. Additionally, interpretability aids
developers in identifying and addressing failure modes.

Proxy Functionality: When a model is interpretable, it can be assessed on metrics beyond those it
was directly trained to optimize, such as safety, fairness, and privacy. This aspect makes interpretability
a proxy for evaluating broader societal and operational impacts, enhancing the overall utility and
acceptability of machine learning systems.

Integrating these principles into the development of machine learning models not only enhances their practical
usability but also aligns them with broader societal values and expectations, making them more robust,
trustworthy, and aligned with human needs.

2.1.2 Challenges of Interpretable models

Although the necessity for interpretability in machine learning, as outlined previously, is widely recognized,
particularly for fostering trust, ensuring ethical compliance, and meeting regulatory demands, achieving it
is not without its challenges. These challenges arise from a variety of technical, practical, and regulatory
complexities that impact the development and deployment of interpretable models. It was observed by
Pazzani [57] that few papers actually aim to empirically assess comprehensibility beyond simply reporting
the size of the resulting representations. Despite the clear advantages of transparent Al systems, the path to
fully interpretable Al is filled with obstacles that span the spectrum from model complexity to user-specific
requirements.

Black-box models

Modern machine learning models, especially deep neural networks, consist of millions of parameters and are
characterized by layers of abstraction. These layers, while beneficial for capturing complex patterns in large
datasets, create a "black box" scenario where the input-output relationship is virtually indecipherable. This
complexity is a major barrier not only to understanding what the model is doing but also to diagnosing
errors or biases in the model’s predictions. There are many reasons that black-box models are preferable
than interpretable ones.

Black box models often achieve superior performance compared to simpler, more interpretable models. In
tasks involving large datasets with high dimensionality and complexity, such as image and speech recognition,
black box models can identify subtle patterns and correlations that simpler models might miss [63]. Of course,
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when considering problems that have structured data with meaningful features, there is often no significant
difference in performance between more complex classifiers (deep neural networks, boosted decision trees,
random forests) and much simpler classifiers (logistic regression, decision lists) after preprocessing.

The fact that many scientists have difficulty constructing interpretable models may be fueling the belief that
black boxes have the ability to uncover subtle hidden patterns in the data that the user was not previously
aware of. A transparent model may be able to uncover these same patterns. If the pattern in the data was
important enough that a black box model could leverage it to obtain better predictions, an interpretable
model might also locate the same pattern and use it.

Because of the complex structure of black box models a need for creating post-hoc explanations of the models
has arised. Explainable ML methods provide explanations that are not faithful to what the original model
computes, as they cannot have perfect fidelity with respect to the original model. Many of the methods
that claim to produce explanations instead compute useful summary statistics of predictions made by the
original model. These post-hoc explanations are inappropriate in high-stake decision systems as they can be
manipulated to tell a different narrative than that of the black-box they are explaining [4]. Another issue with
the post-hoc extracted explanations is that often they do not make sense, or do not provide enough detail to
understand what the black box is doing. The explanation may leave out so much information that it makes
no sense like in image processing (saliency maps). To address the problem of interpretability, recent works
utilise Knowledge Graphs and semantic descriptions [51, 49, 50, 53], offering a more structured approach to
black-box explanations.

General Challenges in Interpretability

One of the most important challenges of interpretability in modern ML is the lack of standard metrics [23].
The field lacks uniform metrics to measure interpretability, which complicates efforts to improve or even
define what makes a model interpretable. For instance, one researcher might consider a model interpretable
if its decisions can be summarized in a short rule list, while another might prioritize visual explanations that
are understandable to non-experts. This discrepancy makes it difficult to develop a standardized approach
to enhancing or assessing interpretability across different contexts.

The requirements for interpretability vary widely depending on the user’s expertise and the application
area. For example, a model used by data scientists for fraud detection might require detailed statistical
explanations, whereas a model used by bank tellers for the same task needs to provide simple, actionable
insights without overwhelming the user with technical details.

In general interpretability is necessarily defined in a domain specific way, the most important problem areas
for the future may be tied to specific important domains. An important criterion for selecting a model from
a series of candidate models with similar performance is that it is in line with previous domain knowledge.
For these reasons, rule induction algorithms, which return a set of ‘if~then’ rules, or decision tree learners
are often the preferred choice as they should offer the required level of interpretability [40].

2.1.3 Interpretable Models

Inherently interpretable models stand out for their ability to provide clear, intuitive insights into their
decision-making processes, making them indispensable in sensitive and high-stakes domains such as health-
care, finance, and legal compliance. These models are designed not just to perform tasks but to explain
their decisions in a way that is understandable to humans, bridging the gap between advanced computational
techniques and practical, everyday decision-making needs.

Linear Models

Linear models, such as linear regression and logistic regression, are prized for their simplicity and trans-
parency. The relationship between input features and the predicted outcome is expressed through weights or
coefficients, which are directly interpretable. Each coefficient quantifies the impact of a corresponding feature
on the prediction, offering straightforward insights into the model’s behavior. These models are widely used
in financial risk assessment and medical outcome prediction, where understanding the influence of variables
is crucial.

Rule lists
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The most common type of rules is without any doubt propositional if-then rules. The condition part of a
propositional rule consists of a combination of conditions on the input variables. While the condition part
can contain conjunctions, disjunctions, and negations, most algorithms will return rules that only contain
conjunctions. Rule-based systems generate sets of if-then rules to make decisions, which are easy for humans to
understand and audit. Various formats can be used to represent propositional rules. The most straightforward
approach is to simply write the rules down, as in the following example:

IF (INCOME > 400 AND GOAL=CAR) THEN ACCEPT
IF (INCOME > 900 AND GOAL=HOUSE) THEN ACCEPT
DEFAULT:REJECT

This example shows the credit policy of a financial institution which may be used to decide on loan appli-
cations. Based on this policy, the credit manager would accept all applications where the applicant has an
income above 900 and the goal is the purchase of a house or where the income is above 400 and the goal is
the purchase of a car. If these conditions are not satisfied, the default rule specifies that applications are to
be rejected.

Rule extraction can be performed on black box models, such as neural networks and support vector machines,
to extract a set of rules that approximate the black box as closely as possible and at the same time provide
a more understandable representation to the users. However, previous research concerning rule extraction
techniques [39] indicated that some algorithms return models that closely approximate the underlying black
box model, but at the cost of being very complex.

Rule lists are considered explainable because they provide a clear, sequential breakdown of decision-making
criteria in a format that is straightforward and easy for humans to understand. Each rule in a list consists of
an if-then statement that explicitly states a condition and the outcome if that condition is met. This format
mimics logical human thought processes, such as step-by-step troubleshooting or diagnostic procedures,
making it intuitive to follow. For example, in a medical diagnosis application, a rule might specify that "if
the patient’s temperature is above 38.0°C and they have a sore throat, then diagnose as strep throat." This
transparency allows users not only to see which conditions lead to particular decisions but also to verify
and trust the reasoning behind each decision. Because of their simplicity and clarity, rule lists enable users
to quickly understand and evaluate the decision-making process, contributing significantly to the overall
transparency and user trust in the system.

Despite their initial appeal, these rule-based models often suffer from several notable drawbacks that can
diminish their utility in terms of explainability. Firstly, the large number of rules generated for complex
models can be overwhelming, reducing the clarity and making it difficult for users to grasp the underlying
logic. This complexity can obscure the insights that rules are supposed to provide, making them less intuitive
than intended. Moreover, the inflexibility of rule-based systems can lead to fragile behavior in unforeseen
scenarios not covered by the existing rules, limiting their adaptability and reliability. Additionally, the
maintenance of large rule sets becomes impractical as updating one rule might require cascading changes
throughout the system. Consequently, although rule-based models aim to clarify the predictions of black-box
models, they can unintentionally add a new layer of complexity, making the goal of true explainability more
difficult to achieve.

Decision Tables

Other more graphical-oriented representations that are frequently used to depict conditional logic are decision
tables and decision trees. A decision table [70] is a tabular representation that consists of four quadrants
separated by horizontal and vertical double lines (see Figure 2.1.1). The horizontal line divides the table into
a condition part (top) and an action part (bottom), whereas the vertical line separates subjects (left) from
entries (right). Every column in the entry part corresponds to a rule, combining condition states with the
appropriate action(s) to take. A dash symbol (-) in the condition part of the table indicates that the value
is irrelevant in that condition and an “X” in the action part represents the correct conclusion to make if the
conditions leading to that column are satisfied. The fact that each possible combination of condition states
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occurs only in exactly one column is the key advantage of single hit tables.

(a) Single-hit table
INCOME <1000 |=1000
AGE <251|225 -

ACCEPT X
REJECT X X

(b) Multiple-hit table

INCOME =1000 - <1000

AGE - <25| <25
ACCEPT X
REJECT X X

Figure 2.1.1: Example decision tables

Decision tables are highly explainable due to their structured format, which organizes and presents informa-
tion clearly by listing possible conditions and corresponding actions in a tabular form. Each row in a decision
table represents a specific scenario with defined conditions, and each column correlates to a decision or out-
come based on those conditions. This arrangement allows users to easily trace how inputs are transformed
into outputs, making it straightforward to understand the logic behind each decision. For instance, in a loan
approval system, a decision table can show at a glance under what combinations of age, income, and credit
score a loan would be approved or denied. This clear, visual method of depicting rules and decisions not only
aids in quick comprehension and validation of the decision process but also helps in identifying inconsistencies
or overlaps in rules. Consequently, decision tables facilitate transparency and auditability, enhancing trust
in automated systems by providing a comprehensible and accessible explanation for each decision made.

Despite their structured clarity, decision tables can face limitations in terms of interpretability, particularly
as the complexity of the decision-making process increases. When decision tables contain a large number
of conditions or when these conditions interact in complex ways, the table can become overly large and
unmanageable. This growth not only makes it difficult for users to quickly understand the rationale behind
decisions but also can lead to errors in interpreting the table correctly. Furthermore, decision tables may not
effectively capture the complexity of scenarios that involve continuous data or require more granular decision-
making, as they typically operate best with discrete, well-defined categories. As a result, while decision tables
excel in clarity for straightforward decision processes, their utility diminishes with the increasing complexity
of the scenarios they are meant to model, potentially leading to oversimplification of important details and
reducing their overall effectiveness in conveying decision logic.

Decision Trees

Decision trees are praised for their explainability, which stems from their intuitive structure that mimics
human decision-making logic. Each decision node in a tree represents a clear, simple question or condition
regarding one of the input features, and the branches from these nodes denote the possible answers, leading
straightforwardly to subsequent conditions or final outcomes. This tree-like architecture allows each path
from root to leaf to be easily interpreted as a series of logical steps, providing a transparent explanation of
how a decision was reached. This inherent transparency makes decision trees an ideal model for situations
where understanding the rationale behind predictions is as important as the accuracy of the predictions
themselves. More details on their application and characteristics will be explored in the following section.
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2.2 Decision Trees

A decision tree is a non-parametric supervised learning algorithm, which is utilized for both classification
and regression tasks. It has a hierarchical, tree structure, which consists of a root node, branches, internal
nodes and leaf nodes. As shown in Figure 2.2.1 a decision tree starts with a root node, which does not
have any incoming branches. The outgoing branches from the root node then feed into the internal nodes,
also known as decision nodes. Based on the available features, both node types conduct evaluations to form
homogenous subsets, which are denoted by leaf nodes, or terminal nodes. The leaf nodes represent all the
possible outcomes within the dataset. Decision trees are a cornerstone of machine learning, providing a
foundation for both basic and advanced predictive models. They are particularly praised for their simplicity
and efficacy, making them one of the most popular algorithms in the data science community. Commonly
used in classification and regression tasks, decision trees automatically discover decision boundaries from the
data. These boundaries can be as simple as a single split in one-dimensional data or as complex as multiple
layers of decisions in high-dimensional spaces. Algorithms like ID3, C4.5, and CART differ primarily in their
criteria for choosing the feature and the condition for splitting the data at each node, which significantly
impacts their performance and the tree’s final structure. The intuitive layout of decision trees not only helps
in performing data analysis tasks efficiently but also aids in visually representing the decision-making process,
thereby making the outcomes easy to understand and interpret. This transparency is crucial for applications
in fields such as finance, healthcare, and any domain where making informed and justifiable decisions is
necessary. As we delve deeper into this chapter, we will explore the intrinsic properties that contribute to
the interpretability of decision trees, discuss their practical applications, and address some of the challenges
they face in terms of scalability and complexity.

Root Node

‘ Decision Node

‘ Decision Node

‘ Leaf Node ‘ ‘ Leaf Node ‘ ‘ Leaf Node ‘ ‘ Leaf Node ‘

Figure 2.2.1: Decision Tree

2.2.1 Why are decision trees interpretable?

Decision trees are inherently interpretable due to their decision-making process, which closely mirrors human
reasoning patterns(which will be discussed in chapter 2.3). At the heart of a decision tree’s interpretability
is its structural representation, where decisions are made through a series of straightforward questions and
answers that split the data incrementally. Each node in the tree represents a specific question or a condition
on a particular feature, and the branches to the children represent the possible answers to this question,
leading finally to leaf nodes which provide the outcomes or predictions. This tree structure allows anyone
examining the model to see exactly how inputs are turned into outputs, following the paths from the root
to the leaves. For instance, in a medical diagnosis application, a decision tree might use conditions based on
symptoms and test results to determine potential diagnoses, making it clear which symptoms lead to which
diagnosis.
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Visual Transparency

One of the key aspects of decision trees that enhances their interpretability is their visual nature. Decision
trees can be graphically represented [29], allowing users to visually trace through the decision paths, which
is much less abstract than coefficients in regression models or weights in neural networks. This visualization
helps users not only understand the criteria being used at each decision point but also evaluate the logic and
fairness of these criteria.

Feature selection and importance

A decision tree typically encompasses only a subset, rather than the entire set of attributes. This selective
inclusion helps streamline the decision-making process by focusing attention on the most relevant features,
thereby reducing complexity and facilitating clearer insights into the underlying patterns of the data. More-
over, the hierarchical arrangement of the tree provides insights into the relative importance of various at-
tributes. Generally, attributes positioned closer to the root—indicated by their smaller depth—bear greater
significance for classification. It’s important to note that an attribute may appear multiple times along the
same path from the root to a leaf, particularly in cases involving multiple binary partitions on nodes with
numerical attributes. In such instances, we define the attribute’s depth as its shallowest occurrence within
that path. When an attribute recurs in paths with non-overlapping sets of edges, computing an aggregated
measure of depths, such as the mean depth, becomes necessary. The idea of prioritizing attributes with shal-
lower depths in decision trees poses a challenge. Even if Attribute A has a shallower depth than Attribute B,
B might be more crucial in classifying more instances. To address this, we can consider a simpler criterion:
the count of instances classified by each attribute. This approach sums up instances assigned to leaf nodes
where the attribute is involved in classification, making it easier for users to interpret attribute significance.

Rule Extraction

Each path from the root of the tree to a leaf can be directly translated into a rule-based format: an if-then
statement that clearly explains why a particular decision or prediction was made. This feature is particularly
beneficial for providing explanations for specific decisions, which is a requirement in many regulated industries
like finance and healthcare. Local decisions can be easily interpreted since each leaf is translated into a clear
conjunction of attributes [60].

2.2.2 Interpretable models Comparison

In the pursuit of enhancing interpretability in machine learning models, decision trees, decision rules, and
decision tables emerge as prominent contenders, each offering unique strengths and considerations.

Rules - Decision Trees

As mentioned in chapter 2.1.3, rule-based models are known for their intepretability. Rules do not capture
insignificant clauses, while decision trees can also have insignificant branches. This happens because rule
based classifiers generally select one attribute-value while expanding a rule, whereas decision tree algorithms
usually select one attribute while expanding the tree [32]. Decision trees are often praised for their superior
comprehensibility compared to rule lists, as highlighted in a study by Allahyari and Lavesson (2011) that
evaluates the understandability of classifiers derived from both decision trees and rule-learning algorithms [5].
The study, conducted through subjective assessments by 100 Computer Science students, concludes decisively
in favor of decision trees, affirming their greater clarity and ease of comprehension (Souza et al., 2022) [65].

Decision Tables - Decision Trees

Decision trees and decision tables are both tools used for decision-making but have distinct characteristics.
Decision trees utilize a hierarchical structure with nodes and branches to represent decisions and their pos-
sible outcomes, providing an intuitive visual representation that mirrors human decision logic. This makes
them highly interpretable and transparent, allowing users to easily understand the decision-making process
and the importance of different features. However, decision trees can become complex and prone to over-
fitting, especially with large datasets, and can be unstable with small changes in the data. In contrast,
decision tables offer a tabular format that enumerates all possible conditions and corresponding actions,
ensuring comprehensive coverage and consistency in decision-making. While they are simple and clear for
straightforward scenarios, decision tables can become unwieldy and difficult to interpret as the number of
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conditions grows. They also lack the visual appeal of decision trees, which can make them less intuitive
for some users. Ultimately, the choice between decision trees and decision tables depends on the specific
use case, the complexity of the decision-making process, and whether a visual or tabular representation is
preferred. Generally, Subramanian et al. [67] further investigated the difference between both graphical
representations (decision trees and decision tables) from an effectiveness perspective, measuring the number
of correct decisions without taking decision time into account. It was concluded that decision trees perform
significantly better than decision tables.

2.2.3 Disadvantages of Decision Trees

While decision trees are renowned for their straightforward and visual interpretability, they come with certain
limitations that can complicate their use, especially in complex scenarios.

Overfitting

Decision trees are susceptible to overfitting, particularly when they are allowed to grow deep without con-
straints. Overfitting occurs when a tree models the noise in the training data rather than the actual underlying
patterns. This results in overly complex trees that are hard to interpret and do not perform well when pre-
sented with new, unseen data. Such trees can have an extensive number of branches and leaves, each tailored
to specific outliers or anomalies in the data, which makes the model’s decisions overly specific and difficult
to generalize from.

Instability

Decision trees can exhibit a high level of variance in their structure with small changes in the input data. A
slight variation in the dataset, such as the addition or removal of a few data points, can lead to a completely
different tree being generated. This instability can be confusing for users, as the rationale for decisions may
change unpredictably, undermining trust in the model’s reliability and consistency.

Depth and Complexity

As decision trees deal with more complex datasets, they tend to grow deeper to capture more detailed
patterns. However, deeper trees can become difficult to interpret. The increase in the number of decisions
(depth) and the branching complexity can overwhelm users, making it harder to trace the logic from the
root to the leaves. Each additional layer in the tree adds another level of decision-making that a user must
understand and validate, which can obscure the clear, simple interpretability that makes trees so appealing
in less complex applications.

Local-Global Explanations

Decision trees are often better at providing local explanations (explaining a specific prediction) rather than
global explanations (understanding the overall behavior of the model). This can be a limitation when trying
to understand the model’s general decision-making process.

Bias Toward Certain Splits

Decision tree algorithms such as ID3 and C4.5 can exhibit a bias toward attributes with more categories. They
tend to favor these attributes for splits at the top of the tree because they can result in higher information
gain metrics, even if they are not the most predictive of the outcome. This bias can lead to misleading
representations of the importance of features, where the decision-making process appears to prioritize certain
features that may not actually be critical in real-world decision-making scenarios. Single-tree models such
as CART [13] are fully interpretable, as their prediction logic can be easily followed by observing the splits
in the final decision tree. However, CART is trained using a greedy heuristic that forms the tree one split
at a time, which has a number of downsides. First and foremost, this can result in trees that are far from
globally optimal, as the best split at any given point in the greedy heuristic may not prove to be the best
when viewed in the context of the future growth of the tree. These limitations are cause for concern when
interpreting the variable importance, as the selected features may be biased towards those with a greater
number of unique values, and the greedy algorithm may lead to incorrect features being used in the splits
near the root of the tree, which are usually those that receive most importance [24].

Handling of Continuous Variables
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Decision trees handle categorical variables by transforming them into a format that can be effectively used
in the tree-building process. Often, categorical variables are converted into binary (dummy) variables, a
process known as one-hot encoding. This transformation involves creating a new binary variable for each
category of the original feature, where each variable represents the presence (1) or absence (0) of a specific
category. While this method allows decision trees to incorporate categorical data without assuming an ordinal
relationship, it can significantly increase the dimensionality of the data, especially with features having a large
number of categories. This expansion can lead to larger and more complex trees, as each binary variable may
be considered for splitting at every node in the tree. Handling categorical features in this binary manner can
thus contribute to the complexity and depth of the tree, potentially impacting both the performance and the
interpretability of the model.

2.3 Human Explanations and Decision Making

Understanding human decision-making processes and cognitive limitations is crucial for the design and devel-
opment of explainable decision trees structures [52], [55]. Human decision-making, while often perceived as
logical and rational, is also subject to a multitude of cognitive biases, heuristics, and limitations. Exploring
the extensive research in psychology, neuroscience and cognitive science provides valuable insights into the
underlying mechanisms that govern human decision-making. By examining this body of literature, we can
uncover the boundaries of human comprehension, clarify the cognitive processes at play, and identify potential
pitfalls that decision tree algorithms may encounter when simulating human decision-making. In this chapter,
we embark on a comprehensive exploration of the literature on human decision-making and cognitive science,
aiming to shed light on how humans make decisions, the cognitive biases that influence their choices, and the
implications of these findings for the design and implementation of decision tree structures and algorithms.
Through this interdisciplinary approach, we aim to bridge the gap between the theoretical understanding of
human decision-making and the practical application of decision tree models in real-world scenarios. Ulti-
mately, our objective is to extract valuable insights from human cognition to guide the development of more
interpretable, transparent, and effective decision tree algorithms.

2.3.1 Human decision-making

From a general cognitive perspective, decision making is the process of selecting a choice or course of action
from a set of alternatives. Most psychological models describe the human process of decision making as serial
staged processes that include steps centered on information gathering, likelihood estimation, deliberation,
and decision selection. The two fundamental cognitive processes that underlie human reasoning and decision
making are attention and memory.

Attention and Working Memory

Attention is how the brain, often consciously though sometimes automatically, selects information for cogni-
tive processing. Human memory is the capacity to encode, store, and retrieve information. Attention and
memory (working memory, in particular) serve as important bottlenecks in human information processing,
so understanding how these processes affect the components of reasoning and decision making are vital to
developing decision support technologies such as decision trees. Working memory refers to a variety of pro-
cesses used to maintain mental information in a highly accessible state. Working memory should be thought
of as a temporary store where conscious, effortful (requiring attention) internal computations are performed
[6]. Working memory storage plays a very important role in those tasks. As we have seen in Miller [54],
most humans are able to recall a list of no more than 7 randomly ordered meaningful items. The recall limit
is important as it measures the working memory. For sure working memory capacity varies among people
and changes across the life span. [20]. More recent studies ([36], [19]) on many types of materials and tasks
indicate that there is a central working memory faculty limited to 3-5 chunks of information in adults. These
chunks of information might be single words or pairs of words.

Decision trees are a type of machine learning model that humans use to make decisions by mentally processing
a sequence of if-then rules. Since humans have this limit to the number of chunks of information they can
process effectively, decision trees become less interpretable as they grow larger and more complex, leading to
higher cognitive load for humans trying to understand them.
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Human Reasoning

Decision making processes are facilitated using a variety of different reasoning techniques. Analogical rea-
soning, for instance, involves inferring new solutions by drawing parallels with known ones. Decisions are
ultimately reached through reasoning about the problem and its potential outcomes, often by considering
past decision-making events.

Component processes of analogical reasoning include the following serial procedures [66]:

1. Encoding: Translating stimuli to internal (mental) representations
Inference: Determining the relationship between problems
Mapping: Determining correspondences between new and old items

Application: Execution of the decision process

AT el

Response: Indicating the outcome of the reasoning process

Given that the steps in this reasoning process unfold sequentially, the temporal arrangement and timing
of decision support are crucial for enhancing time-sensitive decision-making. Further analysis reveals that
reaction times and error rates increase with more complex encodings. Regardless of the stimuli, the encoding
step constitutes the most significant portion of the reasoning process, accounting for approximately 45% of
the overall reasoning time. For instance, encoding words takes longer than encoding schematic pictures,
suggesting that reducing textual content in displays could expedite decision-making. Therefore, displays for
time-critical decision-making should prioritize facilitating faster encoding, possibly through the use of more
intuitive symbols and tasks. Decision trees are inherently explainable due to their operational simplicity and
transparent decision-making process. Similar to human decision-making, decision trees rely on a series of
straightforward rules represented by nodes, making it easy to understand how decisions are reached. Clear
and comprehensible encoding of features enhances the interpretability of decision trees and facilitates the
explanation of model predictions to stakeholders.

2.3.2 Human Perception

Since the encoding part of reasoning is the most important and time-consuming part of decision making is
crucial to optimise the representation of the models based on human perception. Humans have a remarkable
capability to perform a wide variety of physical and mental tasks without any measurements and any com-
putations. Everyday examples of such tasks are parking a car, driving in city traffic, cooking a meal, and
summarizing a story. In performing such tasks, for example, driving in city traffic, humans base whatever
decisions have to be made on information that, for the most part, is perception, rather than measurement,
based [75]. An essential difference between measurements and perceptions is that in general, measurements
are crisp, whereas perceptions are fuzzy (Figure 2.3.1).

Based on the above, we can conclude that categorical data, with clear labels can be more intuitive for users
to interpret compared to numerical values. Categorical splitting involves dividing a continuous variable into
discrete categories or groups based on meaningful distinctions. For example, instead of simply dividing heights
into "tall" and "short" categories based on arbitrary thresholds, a user-centric approach would consider
what these categories mean to users. Are users more likely to understand and relate to categories like
"average height," "above average height," and "below average height"? These categories are more intuitive
because they align with common language and perceptions about height. Meaningful categories make it
easier for users to identify patterns, make comparisons, and draw conclusions from the data. Categorical
splits contribute to the transparency and interpretability of models by making the underlying logic more
explicit and understandable. Users can easily grasp why certain categories were chosen and how they relate
to the problem at hand. This transparency builds trust in the model’s outputs [45]. Humans tend to
approximate the numerical elements with imprecise linguistic labels. For sure the numerical meanings of
these fuzzy linguistic labels such as "short" or "tall" will differ among humans. Amazingly, humans are
nevertheless able to communicate with these ill-defined and vague linguistic labels and do not query the
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Information
Data
Measurement Based Perception Based
Numeric Linguistic
* Dana is 25. * Dana is young.
* It is 85°. * It is hot.
* Unemployment is 4.5%. » Unemployment is low.
* It is the expected value. * It is the usual value.
* It is the continuous function. e It is the smooth function.
* There is no counterpart. * Most Swedes are blond.
* There is no counterpart. * It is likely to rain in the evening.

Figure 2.3.1: Information Data(Zadeh 2001)
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exact values when they discuss them. In fact, these uncertain concepts allow humans to be able to perform
very sophisticated tasks such as driving cars or underwriting financial applications [35].

2.3.3 Model Comprehension

An important mechanism to improve problem-solving task performance is often considered the proper visu-
alization of information [[68], [69], [73]]. Information in the form of pictures or graphs is generally regarded
as superior to that in other representations. There have been many researches in an effort of verifying this
statement but the results have been inconsistent. Some studies have shown that decision trees outperform
decision tables and others have shown that tables are superior than graphs. In order to explain these con-
tradictory results Jarvenpaa, Dickson, and DeSanctis stated: “Future research efforts will keep producing
contradictory results unless researchers develop some type of taxonomy of tasks and start interpreting the
results within the taxonomy” [41].

In order to address this matter Vessey developed a theory to describe the relationship between graphical
and tabular representations and the types of tasks they support tasks that are better suited for graphical
or tabular representations [72]. Vessey’s work introduced the concept of "cognitive fit". This concept posits
that complexity within the task environment can be mitigated effectively when problem-solving aids—such as
tools, techniques, or problem representations—align with the task strategies (methods or processes) necessary
for task completion.

Problem
Representation

Mental Problem
Representation — Solution

Problem Solving
Task

Figure 2.3.2: General problem solving model(Vessey 1991)

Vessey suggest the model shown in Figure 2.3.2 for general problem-solving on which the cognitive fit ar-
gument is based. The model views problem solving as an outcome of the relationship between problem
representation and problem-solving task. The mental representation is the way the problem is represented in
human working memory. When the types of information emphasized in the problem-solving elements (prob-
lem representation and task) match, the problem solver uses processes (and therefore formulates a mental
representation) that also emphasize the same type of information. In other words, matching representation
to task leads to the use of similar, and therefore consistent, problem-solving processes, and hence to the for-
mulation of a consistent mental representation. There will be no need to transform the mental representation
to accommodate the use of different processes to extract information from the problem representation and to
solve the problem. Hence, problem solving with cognitive fit leads to effective and efficient problem-solving
performance.

Decision trees are spatial problem representations since they present spatially related information. Based on
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cognitive fit explainable decision trees align well with human’s mental models of the classification problem.
This alignment enhances user’s understanding of how the decision tree arrived at its conclusions, leading to
more effective and confident decision-making.

2.4 Interpretability Measures

While the importance of interpretability in machine learning has been well established, quantifying it remains
a formidable challenge. Traditionally, the evaluation of classification models has predominantly focused on
predictive accuracy as the primary criterion. However, in real-world applications where models must not
only perform but also be comprehensible to users, interpretability becomes equally important. Despite the
historical emphasis on accuracy, there has been significant progress in developing methods to enhance the
comprehensibility of classification models [29]. The evaluation of various explainability methods often lacks a
clear quantitative framework and relies instead on qualitative assessments and user studies. This reliance on
qualitative measures highlights the complexity of interpretability, which encompasses not only the model’s
transparency but also how information is perceived and understood by humans. As we delve deeper into
interpretability measures, we explore both the advances and the ongoing challenges in creating metrics that
can effectively quantify how interpretable a model is to its end-users.

2.4.1 Quantitative evaluation of intepretability

Quantitatively assessing interpretability requires the definition and application of specific metrics. These
metrics aim to capture various aspects of interpretability, including simplicity, transparency, fidelity, and
human evaluation.

Simplicity

Simplicity metrics evaluate the complexity of a model’s representation and decision-making process. Common
simplicity metrics include the number of features and model size.

Transparency

An immediate goal for an XAI system—in comparison to an inexplicable intelligent system—is to help end-
users understand how the intelligent system works. Machine learning explanations improve users’ mental
model of the underlying intelligent algorithms by providing comprehensible transparency for the complex
intelligent algorithms [56]. Transparency metrics assess how easily a model’s decision-making process can be
understood by humans. Examples include rule length and interpretability of coefficients.

Fidelity

Fidelity metrics evaluate the extent to which an interpretable model accurately represents the behavior of
the underlying complex model. Examples include prediction consistency and local accuracy. Fidelity is a
measure of interpretability for models extracted out of complex models (black-box) and not for genuinely
interpetable models.

Human evaluation

Human evaluation metrics assess aspects related to how well humans understand and trust the model’s
decisions. This involves evaluating the comprehensibility, transparency, trustworthiness, user satisfaction,
and effectiveness in decision-making of the model.

2.4.2 Human Evaluation of Interpretability

In human evaluation metrics for assessing interpretability in machine learning models, we typically evaluate
aspects related to how well humans understand and trust the model’s decisions. This involves gathering
feedback from human participants through various methods such as user studies, surveys, and cognitive
walkthroughs. Here are some specific aspects that we evaluate in human evaluation metrics:

Comprehensibility
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We assess the clarity and ease with which humans can understand the model’s decision-making process. This
includes evaluating whether participants can grasp the logic behind the model’s predictions, comprehend the
significance of input features, and follow the decision path from inputs to outputs.

Transparency

We evaluate the degree to which the model’s inner workings are transparent and accessible to humans. This
involves examining whether participants can interpret and explain how the model arrives at its predictions,
understand the role and importance of individual features, and trace the decision-making process.

Trustworthiness

We measure the level of trust that humans place in the model’s predictions and decisions. This includes
assessing participants’ confidence in the model’s accuracy, reliability, and fairness, as well as their willingness
to rely on the model’s recommendations in real-world scenarios. Minimally, a trust scale asks two basic
questions: Do you trust the machine’s outputs? (trust) and Would you follow the machine’s advice? (reliance)
[37].

User Satisfaction

We measure participants’ overall satisfaction with the model’s interpretability and usability. This involves
gathering feedback on the user experience, including ease of use, clarity of explanations, and perceived
value of the interpretability provided by the model. It must be noted that a person may say that they feel
satisfied with an explanation when in fact their understanding is piecemeal or flawed [22]. Key attributes of
user satisfaction are understandability, feeling of satisfaction, sufficiency of detail, completeness, usefulness,
accuracy, and trustworthiness [37].

Effectiveness in Decision-Making

We assess whether the interpretability provided by the model enables participants to make informed decisions
or take appropriate actions based on the model’s predictions. This involves evaluating the practical utility
of the model’s explanations in real-world applications and scenarios.

2.4.3 Decision Tree Interpretability Metrics

Interpreting decision trees involves assessing various metrics that provide insights into their complexity and
comprehensibility. While many evaluations overly simplify this task by focusing solely on model size, true
interpretability depends on multiple factors that capture both syntactic and semantic aspects of the tree.
With the multitude of available methods, the evaluation of XAl approaches is crucial and remains an active
field of research to ensure their effectiveness and reliability in various contexts [26].

1. Model Size: In the vast majority of papers where the comprehensibility of a classification model is
evaluated, that evaluation is done in an over-simplistic way, by measuring only the size of the model.
The assumption is that the smaller the model is, the more comprehensible it would be to the user. The
size of a model primarily pertains to its syntax and doesn’t inherently convey any semantic information.
The understandability of a model is largely contingent upon its actual content, such as the attributes
in a decision tree, the attribute-value conditions in classification rules. Consequently, it’s entirely
conceivable for a larger decision tree to be more comprehensible to the user than a shorter one, as the
larger tree may incorporate attributes that are more meaningful or intuitive to the user. To measure
the tree size many different metrics are used in literature:

(a) Tree Depth: The depth of a decision tree is a direct indicator of its complexity. Shallow trees
are generally easier to understand than deeper trees. [3]

(b) Number of Nodes: The total number of nodes (decision points) in the tree. Fewer nodes usually
mean the model is simpler and easier to interpret.

(¢) Number of Leaves: The number of leaf nodes or end points of the tree. A smaller number of
leaves often correlates with higher interpretability.
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2. Number of features used: The number of features used by the tree. Using fewer, more relevant
features can enhance a model’s interpretability. To achieve this feature importance techniques are used
and pruning.

3. Sparsity of nodes: The proportion of nodes that have few data points associated with them compared
to the total number of nodes in the tree.

4. Leaf Purity: Measures how homogenous the data points in each leaf are. Higher purity generally
means that the model’s decisions are more definitive and potentially more interpretable.

5. Tree Balance: Evaluates whether the branches of the tree are balanced in terms of depth and the
number of nodes. A well-balanced tree is often easier to interpret.

6. Rule Length: Average length of the decision rules derived from the tree paths. Shorter rules are
typically easier to understand.
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Technical Approaches

While many approaches have been proposed in the literature to enhance the interpretability of machine
learning models, these methods can be categorized into three main families: preprocessing techniques, al-
gorithmic modification techniques, and post-processing techniques. In this chapter, we will explore these
approaches specifically in the context of decision trees. Preprocessing techniques aim to modify the charac-
teristics of the input data to ensure that any classifier trained on this data achieves high explainability in its
predictions. In contrast, algorithmic modification techniques incorporate interpretability constraints directly
into the learning algorithm, ensuring that the resulting decision tree model is inherently more explainable.
Finally, post-processing techniques adjust the outcomes of an already trained decision tree to enhance its
interpretability. Each of these techniques offers unique advantages and challenges, which we will discuss in
detail.

3.1 Preprocessing Techniques

In this chapter we would like to extend on preprocessing techniques that can help with making the models
more intepretable. As we discussed on chapter 2.3, humans have inherent cognitive limitations that can affect
their ability to comprehend complex models. We saw that reaction times and error rates of decision making
increase with more complex models. Regardless of the stimuli, the translation of the model to a mental
representation (encoding) constitutes the most significant portion of the reasoning process, accounting for
approximately half the overall reasoning time which points out the importance of the preprocessing step for
the model creation.

3.1.1 Feature Engineering

Feature engineering is a fundamental process in the preparation of machine learning models, where raw data is
transformed and enriched to improve model performance and interpretability. This process involves creating
new features from existing data, selecting the most relevant features, and transforming features to enhance
their usability and effectiveness for predictive modeling. Effective feature engineering can significantly influ-
ence the success of a model by exposing the underlying patterns to the learning algorithm more clearly and
directly. For decision trees, which split data based on the values of individual features, well-engineered fea-
tures can lead to simpler and more interpretable trees. This is because better features can often encapsulate
complex relationships in simpler forms, reducing the depth and complexity of the decision tree needed to
achieve high accuracy. Additionally, feature engineering helps in handling issues like missing values, encoding
categorical data, and normalizing numerical ranges, thereby ensuring that the decision tree algorithm focuses
on genuine data correlations rather than artifacts of the data representation. By carefully crafting features
before building the model, researchers can enhance both the performance and the interpretability of decision
trees, making the outcomes more intuitive and trustworthy for end-users.
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3.1.2 Feature Selection

Feature selection is a crucial step in the machine learning pipeline that involves selecting a subset of relevant
features (variables, predictors) for use in model construction. The primary goals of feature selection are to
improve the model’s performance, reduce overfitting, and enhance interpretability. By eliminating irrelevant
or redundant features, feature selection helps streamline the model, making it faster and more efficient.
As discussed in chapter 2.3, there is a great need of limiting the number of features displayed in our model
representation as a large number of features seems to only cause errors in human decisions and not contribute
further in the process of decision making.

One way to think about feature selection methods are in terms of supervised and unsupervised methods [44].
The difference has to do with whether features are selected based on the target variable or not. Unsupervised
feature selection techniques ignores the target variable, such as methods that remove redundant variables
using correlation. Supervised feature selection techniques use the target variable, such as methods that
remove irrelevant variables. Another way to consider the mechanism used to select features which may be
divided into wrapper and filter and embedded methods [74]. These methods are almost always supervised
and are evaluated based on the performance of a resulting model on a hold out dataset. Both embedded
and wrapper methods perform feature selection in the context of learning machines. In embedded methods,
feature selection is part of the learning algorithms and is usually specific to giving learning machines. Wrapper
methods wrap around a particular learning algorithm that is used to assess the selected feature subsets in
terms of estimated classification errors and to build the final classifier. Recursive feature elimination (RFE) is
a good example of a wrapper feature selection method [34]. Filter methods, on the other hand, select subsets
of features in terms of criterion functions that are independent of the final classifier used for classification.
Usually filter methods use statistical techniques to evaluate the relationship between each input variable and
the target variable, and these scores are used as the basis to choose (filter) those input variables that will be
used in the model. Embedded methods are some machine learning algorithms that perform feature selection
automatically as part of learning the model and they algorithms such as penalized regression models like
Lasso and decision trees, including ensembles of decision trees like random forest.

One popular method for feature selection involves assessing the importance scores assigned to variables by
a machine learning model. This helps identify which features are most relevant for making predictions.
Since accurate feature selection is vital, it’s essential that the importance scores accurately represent reality.
Overestimating the importance of irrelevant features can lead to false discoveries, while underestimating
the importance of relevant features may cause us to overlook crucial aspects, ultimately leading to less
effective model performance. [24]. This method attempts to quantify the relative importance of each feature
for predicting the target variable. The variable importance is calculated by measuring the incremental
improvement in performance attributed to each use of a feature inside the model, and summarizing this
information across the entire model. Single-tree models such as CART although they are broadly used in
Machine Learning are trained using a greedy heuristic that forms the tree one split at a time, which has
a number of downsides. First and foremost, this can result in trees that are far from globally optimal, as
the best split at any given point in the greedy heuristic may not prove to be the best when viewed in the
context of the future growth of the tree. Another key problem often cited in the literature is that the split
selection method of CART is biased towards selecting features with a greater number of possible split points
[43], [42]. To address this issue a new stream of work has emerged by constructing decision trees with global
optimization techniques rather than greedy heuristics. Optimal Classification Trees [9], [10] utilizes mixed-
integer optimization to construct decision trees in a single step that are globally optimal. The resulting
model maintains the interpretability of a single decision tree, but has been shown to outperform CART
and has performance competitive with black-box models. Jack Dunn, Luca Mingardi, Ying Daisy Zhuo [24]
investigated the performance of variable importance as a feature selection method for CART, Optimal Trees,
XGBoost and they concluded that the strongest performing method for feature selection is Optimal Trees.
The main problem with Optimal Decision Trees is that the optimization process used is computationally
demanding which can be time-consuming and resource-intensive, especially for large datasets.

Random forests [14], an ensemble learning method, are widely used for feature selection due to their ability
to handle large datasets and complex interactions among features. By constructing a multitude of decision
trees during training and averaging their predictions, random forests inherently provide a measure of feature
importance. Each tree in the forest is built on a different random subset of the data, and features that con-
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sistently contribute to reducing impurity (such as Gini impurity or entropy) across these trees are considered
important. This process yields a ranked list of features based on their importance scores, allowing for the
identification and elimination of irrelevant or redundant features. The advantages of using random forests for
feature selection include robustness to overfitting, the ability to handle both numerical and categorical data,
and the capability to capture nonlinear relationships. However, one must consider that random forests can
be computationally intensive, especially with large datasets and a high number of trees. Additionally, the
interpretability of the model may decrease as it becomes more complex. Despite these challenges, random
forests remain a powerful and effective tool for feature selection, providing valuable insights into the data’s
underlying structure and improving the performance of subsequent predictive models.

3.1.3 Incorporating Domain Knowledge

Incorporating domain knowledge during the preprocessing phase is a powerful strategy that can significantly
enhance the performance and interpretability of machine learning models. Domain knowledge refers to the
expertise and insights specific to the field or industry from which the data originates. By applying this
specialized understanding, practitioners can make more informed decisions about data preparation, feature
engineering, and transformation processes, ultimately leading to more accurate and relevant models. There
has been vast research to incorporate domain knowledge in machine learning models showcasing inspiring
results [18], [17].

Using domain knowledge we have the ability to create or transform features as domain experts can identify
and create features that capture essential aspects of the data, which may not be immediately apparent
through automated methods. For example, in the healthcare domain, combining individual patient metrics
like blood pressure, cholesterol levels, and BMI into a single composite health risk score can provide a more
meaningful predictor for patient outcomes. Also domain expertise can help in identifying natural groupings
or segments within the data. Domain knowledge can assist in transforming numerical data into categorical
data, making it more interpretable for humans. For instance, continuous variables such as blood sugar levels
can be categorized into 'mormal’, pre-diabetic’, and ’diabetic’ ranges based on medical standards. This
transformation simplifies the interpretation and communication of model outputs to healthcare providers
and patients.

Leveraging domain knowledge in the preprocessing phase offers significant benefits, including improved model
performance, enhanced interpretability, and increased efficiency. By ensuring that the most relevant and infor-
mative features are included, domain expertise can enhance the predictive power of the model. Additionally,
features engineered and selected based on medical expertise are often more intuitive and meaningful to health-
care providers, facilitating better understanding and trust in the model. Preprocessing guided by domain
knowledge can also streamline the data preparation process, saving time and computational resources. For
instance, effectively handling missing values based on medical insights can prevent unnecessary data loss and
improve model training efficiency. These benefits collectively make domain knowledge an invaluable asset in
building robust and reliable machine learning models.

3.1.4 Supervised Discretization

Supervised discretization is a powerful preprocessing technique that transforms continuous or numerical
features into categorical ones by using class label information to guide the discretization process. This
method is particularly valuable in scenarios where interpretability and comprehensibility of the model are
paramount. By discretizing continuous variables based on the target outcomes, supervised discretization
ensures that the resultant categorical bins are optimally aligned with the predictive goals of the model. This
alignment not only enhances the transparency of the model by simplifying numerical data into interpretable
categories but also potentially increases the predictive accuracy by capturing non-linear dependencies between
features and the class labels in a more meaningful way.

In practice, supervised discretization typically employs algorithms such as decision trees to determine optimal
bin thresholds. These algorithms evaluate potential splits based on information gain or similar criteria that
measure the effectiveness of a split in terms of class differentiation. By partitioning the continuous input space
into intervals that correspond to distinct predictive outcomes, the technique effectively translates complex
numerical patterns into straightforward, rule-based knowledge. For instance, a decision tree might be used
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to bin age data into categories directly correlating with risk levels in a medical diagnosis context, making
the model’s decisions easier to understand and justify. As a result, models preprocessed with supervised
discretization lend themselves better to validation and trust by end-users, meeting the critical requirements
of domains such as finance, healthcare, and legal, where explaining a model’s decision to a lay audience is
often necessary.

3.2 Algorithmic Modification Techniques

In the realm of machine learning, decision trees are celebrated for their inherent interpretability and ease
of use. However, as the complexity of the data increases, even decision trees can become intricate and
challenging to interpret. Algorithmic modifications present a robust approach to refining decision trees,
making them more comprehensive and user-friendly. These modifications involve integrating interpretability
constraints directly into the learning algorithms, thereby ensuring that the resulting models remain both
accurate and understandable. Techniques such as pruning, constraint-based splitting, and the use of optimal
classification trees (OCTS) are pivotal in this endeavor. By simplifying tree structures, reducing overfitting,
and emphasizing the most significant features, these algorithmic adjustments enhance the clarity and utility
of decision trees. This chapter delves into various algorithmic modifications, illustrating how they contribute
to the development of more transparent and interpretable decision tree models.

3.2.1 Enhancing Interpretability in CART, C4.5, and ID3 Decision Trees

Classification and Regression Trees (CART) is a versatile algorithm used for both classification and regression
tasks. Developed by Breiman et al. in 1984 [13], CART constructs binary trees by recursively partitioning the
data based on features that provide the most significant information gain. For classification, CART uses the
Gini impurity as the splitting criterion, while for regression, it uses mean squared error (MSE). The resulting
binary tree structure is intuitive and easy to follow, making it a popular choice for many applications.

ID3, developed by Ross Quinlan in 1986 [62], is a foundational algorithm for generating decision trees used
primarily for classification tasks. It recursively partitions the dataset based on the attribute that maximizes
information gain, a measure derived from entropy. Although ID3 is known for its simplicity and effectiveness
in handling categorical data, it does not handle continuous data directly and lacks pruning mechanisms,
which can lead to overfitting.

C4.5, developed by Ross Quinlan [61], is an extension of the ID3 algorithm designed to handle both categorical
and continuous data. It improves upon ID3 by incorporating features such as handling missing values,
pruning trees after they are created, and using gain ratio as a splitting criterion. The gain ratio normalizes
information gain to account for the number of splits, making the algorithm more robust. C4.5 is primarily
used for classification tasks and is known for generating trees that are easier to interpret.

The three algorithms discussed above—CART, C4.5, and ID3—are greedy algorithms that construct decision
trees in a top-down manner. This approach involves recursively selecting the best attribute to split the data
at each node, based on specific criteria such as Gini impurity, gain ratio, or information gain. While this
method is efficient and effective in generating accurate models, it can sometimes result in complex and less
interpretable trees. To enhance the interpretability of the resulting decision trees, several strategies can be
employed. These include:

1. Pruning to remove unnecessary branches

Limiting tree depth to avoid overly complex structures

Set a minimum number of samples required to create a leaf node
Careful feature selection to focus on the most informative attributes

Generating clear visual representations of the tree

A A o

Limit the branching factor (see Section 3.2.3)
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By applying these techniques, we can create decision tree models that are not only accurate but also trans-
parent and easy to understand.

3.2.2 Strong Optimal Classification Tree

The challenge of learning optimal decision trees is classified as an NP-hard problem, as discussed by Hyalfil
and Rivest [47] and Breiman et al. [13]. This problem can be intuitively understood as a combinatorial
optimization problem with an exponential number of decision variables. At each branching node of the tree,
a choice must be made regarding which feature to branch on (and possibly the threshold for that feature),
directing each data point to either the left or right branch based on logical constraints.

Traditional algorithms for learning decision trees such as CART, C4.5, and ID3, use greedy techniques to
make locally optimal splits. Bertsimas and Dunn [9] recently suggested an alternative method using mixed-
integer optimization (MIO) to learn optimal classification trees (OCTs). OCTs employ a global optimization
approach using mixed-integer programming to construct the entire tree in a single step. The resulting model
maintains the interpretability of a single decision tree, but has been shown to outperform CART and has
performance competitive with black-box models. Since the method considers optimizing all splits in the tree
simultaneously rather than one-by-one greedily, we might expect that the split selection is less susceptible to
the same bias issues as CART [24].

In more detail, OCTs use a mathematical optimization approach to construct the tree by solving a mixed-
integer optimization problem. The objective is to find the tree structure that minimizes the classification
error while also considering the complexity of the tree. Considering the above, OCTs can identify the best
possible splits that traditional greedy algorithms might miss. This global perspective ensures that the tree is
both accurate and interpretable. To enhance simplicity and interpretability OCTs are designed to produce
simpler models by incorporating constraints that limit the depth and the number of nodes in the tree.

The use of mixed-integer programming for creating an optimal classification tree has gained significant at-
tention in the literature, as demonstrated by the subsequent works of Giinliik et al. [33], Aghaei et al. [1],
and Verwer and Zhang [71], who have all explored the use of MIO for learning decision trees. This is no
coincidence. Firstly, a variety of off-the-shelf MIO solvers and algorithms, such as CPLEX (2009) and Gurobi
(2015), have been developed over decades of research and are effective at reducing the search space for MIO
problems. Secondly, MIO provides a highly expressive language that allows for customization of the objective
function and the addition of practical constraints to the learning problem. For instance, Aghaei et al. [1]
utilized MIO to develop fair and interpretable classification and regression trees by incorporating additional
constraints, and to create decision trees with complex structures like linear branching and leafing rules.

A key factor in efficiently solving MIOs is creating effective formulations, which is a challenging task. The
typical method for solving MIO problems is branch-and-bound, which recursively divides the search space and
solves Linear Optimization (LO) relaxations for each division to generate bounds that can eliminate parts of
the search space. Consequently, since solving an MIO involves tackling a large number of LO problems, having
small and compact formulations is advantageous as it allows the LO relaxations to be solved more quickly.
Aghaei et al. [2] at their work introduce a flow-based MIO formulation for learning optimal classification
trees with binary features. In this model, correctly classified data points are viewed as flowing from the root
to an suitable leaf, while incorrectly classified data points are restricted from flowing through the tree. Their
formulation can be easily enhanced with constraints (such as fairness), regularization penalties, and can be
adapted to address imbalanced datasets. They exploit the max-flow structure of the subproblems to solve
them efficiently using a customized min-cut procedure.

A crucial step in this flow-based MIO formulation involves transforming the decision tree of fixed depth into
a directed acyclic graph, where all arcs flow from the tree’s root to its leaves. Figure 3.2.1 (left) illustrates
a imbalanced decision tree. The core concept of this model is to convert this imbalanced decision tree into
a directed acyclic graph by adding a single source node s connected to the tree’s root node (node 1) and a
single sink node t connected to all the tree’s leaf nodes. We call this graph the flow graph of the decision
tree. Figure 3.2.1 provides an illustration of these ideas applied to a decision tree of depth d=2.

For our work, we used FlowOCT model which is the flow-based formulation of the problem for an imbalanced
decision tree. In more details, given an imbalanced decision tree of depth d, they define its associated directed
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LA

Figure 3.2.1: A decision tree of depth 2 (left) and its associated flow graph (right).

flow graph G = (V, A) as follows. Let V := {s,t} UB UT be the vertices of the flow graph. Given n € B, let
£(n) := 2n be the left descendant of n, r(n) := 2n + 1 be the right descendant of n, and

A:={(n,l(n)) :neB}U{(n,r(n)) :neBU{(s,1)} U{(n,t):neBUT}

be the arcs of the graph. Also, given n € BU T, let a(n) be the parent of n, defined through a(1) := s and
a(n) = [n/2] if n # 1.

The formulation of the problem that allows the design of imbalanced classification trees is described below.
The classification tree is described through the branching variables b and the prediction variables w. In
particular, the variables b,y € {0,1}, f € F, n € B are used to indicate if the tree branches on feature f at
branching node n (i.e., it equals 1 if and only if the binary test performed at n asks “is x} =0"7?). Accordingly,
the variables wyy € {0,1}, n € T, k € K are used to indicate that at leaf node n the tree predicts class k. They
use the auxiliary routing/flow variables z to decide on the flow of data through the flow graph associated
with the decision tree. Specifically, for each node n € BU T and for each datapoint i € Z, they introduce
a decision variable ij(n),n € {0,1} which equals 1 if and only if the ith datapoint is correctly classified and
its flow traverses the arc (a(n),n) on its way to the sink ¢. Variable 2 , is defined accordingly for each arc
between node n € T and sink ¢. Datapoint i € Z is correctly classified if and only if its corresponding flow
passes through some leaf node n € 7 such that wy, = 1, i.e., where the class predicted coincides with the
class of the datapoint. If the flow of a datapoint ¢ arrives at such a leaf node n and the datapoint is correctly
classified, its corresponding flow is directed to the sink, i.e., tht = 1; otherwise, the corresponding flow is not
initiated from the source at all. With these variables, the flow-based formulation reads. In addition to the
decision variables described above, for every node n € B U T, the binary decision variable p,, is introduced
which has a value of one if and only if node n is a leaf node of the tree, i.e., if a prediction is made at node
n. The auxiliary routing/flow variables z now account for all arcs in the flow graph introduced in Definition
5. The problem of learning optimal imbalanced classification trees is then expressible as

maximize (1 —\) Z Z Zhp— A Z Z bny (1a)

i€T neBUT nEB feF
subject toanf + pn + Z pm=1 VYneB (1b)
fer meP(n)
Pnt D, Pm=1 VneT (1c)
meP(n)
Zi(n)’n = Z’fl,f(n) + Z’IZ;L,T(TL) + Z:l,t Vn € B,'L cl <1d)
z;(n)}n =z, VneT,icl (Le)
2,<1 Viel (1f)
Ziumy S Y. bap YneEBiel (1g)
fe]-":w?:O
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Zfl,r(n) < Z by VYneB,iel (1h)
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keKx
wi €{0,1} YneBUT,kek (1k

bor €{0,1} VYneB,feF (11
pn€{0,1} VneBUT (1m
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where P(n) is the set of all ancestors of node n € BUT and A € [0, 1] is a regularization parameter.
A short explanation of the constraints follows:

e 1b: imply that at any node n € B we either branch on a feature f (if 3 ,c b,y = 1), predict a label (if
pn = 1), or get pruned if a prediction is made at one of the node ancestors (i.e., if ZmE"P(n) Pm = 1).

e 1c: ensure that any node n € T is either a leaf node of the tree or is pruned.

e 1d: are flow conservation constraints for each datapoint ¢ and node n € B: they ensure that if a
datapoint arrives at a node, then it must also leave the node through one of its descendants.

e le: enforce flow conservation for each node n € T

e 1f: The inequality constraints (1f) imply that at most one unit of flow can enter the graph through the
source for each datapoint.

e 1g-1h: ensure that if the flow of a datapoint is routed to the left (resp. right) at node n, then one of
the features such that x} =0 (resp. a:} = 1) must have been selected for branching at the node.

e 1li: guarantee that datapoints whose flow is routed to the sink node ¢ are correctly classified.

e 1j: imply that if a node n gets pruned we do not predict any class at the node, i.e., wj = 0 for all
ke K.

A penalty term is added to (1a), to encourage sparser trees with fewer branching decisions. Note that while
it is feasible to design a decision tree with the same branching decisions in multiple nodes on a single path
from root to sink, such solutions are never optimal for (1) if A > 0, as a simpler tree would result in the same
misclassification.

In our research, we opted to use Flow-based Optimal Classification Trees (FlowOCT) over classic Optimal
Classification Trees (OCT) due to their significant performance advantages and enhanced interpretability.
FlowOCT models have been demonstrated to be up to 29 times faster than their classic counterparts, making
them highly efficient for our purposes [2]. This efficiency, coupled with their ability to maintain a balanced
and sparse tree structure, leads to shorter and more consistent decision paths, thereby enhancing the model’s
interpretability. However, the primary drawback of the FlowOCT model is its reliance on binary data, which
may limit its applicability in scenarios requiring the analysis of continuous or multi-class categorical data.

3.2.3 (C4.5 Modifications

C4.5, developed by Ross Quinlan, is a widely used algorithm for generating decision trees from a dataset.
It extends the earlier ID3 algorithm and is primarily used for classification tasks. C4.5 constructs a tree by
recursively partitioning the data based on the attribute that provides the highest information gain ratio at
each node. This algorithm is capable of handling both categorical and continuous attributes, which it can
convert into discrete intervals. It also incorporates mechanisms for handling missing values and pruning trees
after their creation to improve generalization and avoid overfitting. These features make C4.5 a robust and
versatile tool for various classification problems.

63



Chapter 3. Technical Approaches

Handling Categorical Data in C4.5

The C4.5 algorithm handles categorical data by evaluating the information gain ratio of each categorical
attribute to determine the best split at each node. For a categorical attribute with multiple distinct values,
C4.5 considers each possible value as a potential branch in the decision tree. The algorithm computes the
information gain for each attribute and then normalizes this value using the split information to obtain the
gain ratio. The attribute with the highest gain ratio is selected for the split.

The information gain for an attribute A is calculated as follows:

Information Gain(A) = Entropy(S) — Z |5;| x Entropy(S,)
vEValues(A)

where: - Entropy(S) is the entropy of the original dataset S, - Values(A) is the set of all distinct values for

attribute A, - S, is the subset of S where attribute A has value v, - ||%|| is the proportion of instances in .S

with attribute A equal to v.

Entropy is defined as:

Entropy(S) = — Zpi log, (pi)
i=1

where c¢ is the number of classes and p; is the proportion of instances in class 3.

To account for the number of distinct values in the attribute, C4.5 calculates the split information as:

Split Information(A) = — Z |f;| log, <|%|>
vEValues(A)

The gain ratio is then given by:

_ Information Gain(A)
~ Split Information(A)

Gain Ratio(A)

By using the gain ratio, C4.5 favors attributes that result in meaningful splits, avoiding biases towards
attributes with many distinct values. This approach ensures that the chosen splits provide substantial
information about the classification, thereby improving the accuracy and interpretability of the decision tree.

Another challenge in decision tree interpretation is that some subtrees of the constructed tree can contain
irrelevant attributes, even when the data is not noisy. This issue arises because the decision tree structure
rigidly requires that once an attribute is selected to label a node, each value of that attribute must be
included in the tree. Consequently, some branches may be added solely to maintain the tree structure, even
if those branches are associated with irrelevant attribute values [12], [16], [28], [30]. These irrelevant values
can mislead the user’s interpretation of the tree and may lead to overfitting.

For example, consider a decision tree where the attribute "Temperature" is used to split data into "Cold",
"Mild" and "Hot". If attribute value "Cold" is irrelevant in the context of the decision, including it in the
tree structure can confuse the interpretation and decrease the model’s effectiveness. Or maybe if the child
trees for 2 different attribute values result to the same child trees there is duplicated information in the tree.

To address this issue, we propose grouping the non-important attribute values into a single value labeled
"Other’ (see Figure 3.2.2). This involves calculating the information gain for all possible combinations of
splits and groupings, and selecting the split that maximizes information gain. By consolidating less significant
attributes, we can simplify the tree structure, reduce the branching factor, enhance interpretability, and
reduce the risk of overfitting. The pseudocode for the algorithm is displayed in Algorithm 2.
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3.2.

Algorithmic Modification Techniques

Algorithm 2: C4.5 categorical attributes grouping

Input: dataset, attributes
Output: tree
Function BuildTree (dataset, attributes):
if all instances in dataset have the same class then

‘ return a leaf node with that class
end
if attributes is empty then

‘ return a leaf node with the majority class of dataset
end
best _attribute <— None
best _split < None
best _gain < —o0
best _grouping < —oo
foreach attribute € attributes do
foreach grouping € possible Groupings(attribute) do
split + calculateSplit(dataset, attribute, grouping)
gain + calculateInformationGain(dataset, split)
if gain > best _grouping gain then

best _grouping < grouping
best grouping gain ¢ gain

end
end
if best _grouping gain > best_gain then

best _attribute < attribute
best _split < best _grouping
best _gain < best__grouping _gain
end
end

tree < DecisionNode(best _attribute)

attributes < remove(attributes, best _attribute)
foreach value € best split do
subset + splitDataset(dataset, best _attribute, value)
if subset is empty then
| child_node + LeafNodemajorityClass(dataset)
end
else
| child_node < BUILDTREE(subset, attributes)
end
tree.addChild(value, child node)
end

return tree
End Function

> Decision Tree
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Figure 3.2.2: A decision tree without grouping (left) and a decision tree with grouping (right).

Handling Continuous Data in C4.5

The C4.5 algorithm extends its predecessor, ID3, by providing a robust method for handling numeric (con-
tinuous) features. Unlike categorical features, which have a fixed set of discrete values, numeric features
can take on a potentially infinite range of values. C4.5 addresses this challenge by converting continuous
attributes into discrete intervals through a process called thresholding.

Thresholding Process

1.

Sorting the Data: For each numeric attribute, the algorithm begins by sorting the dataset based on
the values of that attribute. This sorting helps in identifying potential split points that can divide the
data into meaningful intervals.

. Identifying Potential Split Points: Potential split points are identified between each pair of con-

secutive values in the sorted list. For a numeric attribute A, with sorted values vy, vs, ..., v,, potential
split points are calculated as the midpoints between these consecutive values:

Vi + Vit1

split_ point; = 5

. Calculating Information Gain for Each Split: For each potential split point, the algorithm cal-

culates the information gain. This involves splitting the dataset at the threshold and computing the
entropy for the resulting subsets. The information gain for a split at threshold T is given by:

|S<| |S>7]
S| S|

Information Gain(A,T) = Entropy(S) — < x Entropy(S<r) +

X Entropy(S>T)>

where: - Entropy(.S) is the entropy of the original dataset S, - S<r is the subset of S where the attribute
A has values less than or equal to T', - Ssr is the subset of S where the attribute A has values greater
than T'.

. Selecting the Best Split Point: The algorithm evaluates all potential split points and selects the

one that maximizes the information gain. This optimal split point is then used to create a binary split
in the decision tree:

If A <split point then go to left subtree else go to right subtree

. Handling Multiple Numeric Features: This process is repeated for each numeric attribute in the

dataset. The attribute with the highest gain ratio (information gain normalized by the split information)
is chosen to split the node.

Consider a numeric attribute Age with the following values: 22, 25, 30, 35, 40. The potential split points
would be 23.5, 27.5, 32.5, and 37.5. The algorithm calculates the information gain for each split point and
selects the one with the highest gain. By discretizing numeric features into binary splits based on optimal
threshold values, C4.5 effectively incorporates continuous data into the decision tree.
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In our work on enhancing the C4.5 algorithm, we introduced an approach to handle numeric attributes by
allowing multiway splits. Traditional C4.5 uses binary splits for numeric attributes, dividing the data into
two groups based on a single threshold. While effective, this method can sometimes lead to overly complex
trees with many levels as the attributes involved should be able to appear several times in the paths from
the root of the tree to its leaves [27], reducing interpretability. To address this, we implemented multiway
splits for numeric attributes, which can create multiple intervals and simplify the tree structure. Our work
was based on the works of Fayyad and Irani [25] and Dougherty et al.

Implementation Details

1. Parameter Introduction: We introduced a parameter called max _splits to control the maximum
number of split points for each numeric attribute. This parameter allows the user to specify the desired
level of granularity for splitting numeric attributes.

2. Identifying Potential Split Points: For each numeric attribute, the dataset is sorted based on
the attribute values.Potential split points are identified where there is a change in class between two
consecutive data points. This ensures that splits are only considered at meaningful transitions in the
data distribution.

3. Calculating Information Gain: For each numeric attribute, we evaluate splits ranging from 1 to
mazx_ splits possible points. Information gain is calculated for each combination of splits to determine
the optimal set of split points. The information gain for multiway splits is given by:

k41
Si
Information Gain(A, Ty, T5,...,T;) = Entropy(S) — Z <|S| X Entropy(Si))
i=1

where 17,75, ..., Ty are the selected split points, and S; are the subsets created by these splits.

4. Selecting the Best Split Points: The algorithm selects the combination of split points that maxi-
mizes the information gain. These split points are then used to create multiway branches in the decision
tree.

Enhancing Interpretability

The use of multiway splits for numeric attributes enhances interpretability in several ways as it is shown also
in Figure 3.2.3:
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A \

‘ No
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Figure 3.2.3: Binary split for numeric attributes of a decision tree (left) and multiway splits for
numericattributes (right).

1. Simplified Tree Structure: By creating multiple intervals in a single split, the tree can represent
complex decision boundaries more clearly. This reduces the depth of the tree and avoids long chains of
binary splits, making the tree easier to understand.

2. Clearer Decision Boundaries: Multiway splits create clear and distinct decision boundaries, which
are easier for users to follow. This is particularly beneficial when numeric attributes exhibit significant
variability and multiple meaningful thresholds exist.
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3. Reduced Overfitting: Allowing multiway splits helps in capturing the true data distribution more
effectively, which can reduce overfitting. A tree with well-defined multiway splits is less likely to include
irrelevant or spurious splits that complicate interpretation.

4. Improved Insight: - Presenting numeric data in multiple intervals provides more granular insights into
how different ranges of values impact the decision process. Users can better understand the influence
of numeric attributes on the outcome by examining these intervals.

By implementing multiway splits for numeric attributes, our enhanced C4.5 algorithm produces more in-
terpretable and effective decision trees. This approach leverages the flexibility of multiway splits to create
simpler, clearer, and more informative models.

While the introduction of multiway splits for numeric attributes in our modified C4.5 algorithm enhances
interpretability and model simplicity, it also introduces a significant computational challenge. The primary
downside of this approach is its increased computational complexity compared to the traditional binary splits
used in the existing C4.5 algorithm.

Ezisting C4.5 Algorithm Complexity
In the traditional C4.5 algorithm, handling numeric attributes involves the following steps:

1. Sorting the Data: The dataset is sorted based on the numeric attribute. This operation has a
complexity of O(nlogn), where n is the number of instances in the dataset.

2. Identifying Potential Split Points: Potential split points are identified between each pair of con-
secutive values, resulting in up to n — 1 potential splits.

3. Calculating Information Gain: For each potential split, the information gain is calculated, which
involves evaluating the entropy of the resulting subsets. This step has a complexity of O(n) for each
split point.

Overall, the complexity for handling numeric attributes in the traditional C4.5 algorithm is:

O(nlogn)+ O(n x (n — 1)) = O(n?)

Enhanced C4.5 Algorithm Complexity

In our modified C4.5 algorithm, the process for handling numeric attributes with multiway splits is more
computationally intensive due to the following steps:

1. Sorting the Data: Similar to the existing algorithm, the dataset is sorted based on the numeric
attribute, with a complexity of O(nlogn).

2. Identifying Potential Split Points: Potential split points are identified where there is a change in
class between consecutive data points, resulting in up to n — 1 potential splits.

3. Evaluating Multiple Splits: For each numeric attribute, we evaluate splits ranging from 1 to
‘max_ splits‘ possible points. The number of possible combinations of k splits from n — 1 potential
split points can be calculated using binomial coefficients, leading to a complexity of O ((";1))

4. Calculating Information Gain: For each combination of splits, the information gain is calculated,
which involves evaluating the entropy of the resulting subsets. This step has a complexity of O(n) for
each combination of splits.

Given that evaluating all possible combinations of splits significantly increases the computational burden,
the overall complexity for handling numeric attributes with multiway splits is:

max_ splits
O(nlogn)+ O Z (nk 1) X n

k=1

This complexity can be prohibitive, especially for large datasets or when ‘max_ splits‘ is high, as the number
of combinations grows exponentially with n.
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3.3 Post-Processing techniques

To enhance the interpretability of decision trees, several post-processing techniques can be employed. One
effective method is post-pruning, which involves removing branches that do not contribute significantly to
the model’s accuracy after the tree has been fully grown. By using a validation set to evaluate the impact of
each branch, post-pruning helps to eliminate unnecessary complexity and overfitting, resulting in a simpler
and more generalizable tree. This technique ensures that the tree remains focused on the most relevant splits,
making it easier for users to follow and understand the decision-making process.

Tree visualization is another crucial technique for improving interpretability. Enhanced visualizations utilize
clear and concise representations to depict the decision tree structure. Techniques such as color-coding nodes
based on class probabilities, highlighting important paths, and adding tooltips with additional information
can make the tree more accessible and intuitive. Interactive visualizations further enhance user experience
by allowing users to dynamically explore the tree, expanding and collapsing branches, viewing detailed split
information, and tracing specific decision paths. These visual aids help users to quickly grasp the decision
logic and identify key features influencing the outcomes.

Node simplification and tree balancing are also essential for creating more interpretable decision trees. Node
simplification involves merging similar nodes that have redundant decision criteria or lead to the same clas-
sification, thereby reducing redundancy and streamlining the tree. Additionally, insignificant nodes that
contribute little to the overall accuracy can be removed, resulting in a cleaner model. Tree balancing aims to
maintain a uniform depth across different branches, preventing the formation of deep and complex branches
that are hard to interpret. Techniques such as depth-based pruning or reordering splits ensure that the
tree remains balanced, with similar depths for different paths, facilitating easier comprehension and analysis.
Together, these techniques contribute to the creation of decision trees that are not only accurate but also
transparent and user-friendly.
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User Study

The objective of this study was to measure and compare the interpretability of decision trees generated from
various algorithms and datasets. To achieve this, we recruited 52 participants and divided them into two
groups of 29 and 23 participants each. The participants were asked to complete forms containing multiple
decision tree models and classify samples of data using these models.

4.1 General description of the experiment

4.1.1 Group Analysis

To understand the background and familiarity of the participants with artificial intelligence and decision
trees, we asked each participant to answer three preliminary questions on a scale from 1 to 5:

1. AI Familiarity: How familiar are you with artificial intelligence?
2. XAI Familiarity: How familiar are you with explainable artificial intelligence (XAI)?

3. Decision Trees Familiarity: How familiar are you with decision trees? These questions helped us
gauge the participants’ prior knowledge and allowed us to analyze any potential influence of familiarity
on the interpretability of the decision trees.

The general user familiarity is displayed in Figure 4.1.1. The familiarity levels of the users by version are
displayed in Figure 4.1.2.

General User Familiarity

w
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223 221
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familiar_ai familiar_xai familiar_dt
Familiarity Measure

Figure 4.1.1: User’s Al familiarity level
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User Familiarity Comparison Between Versions

Average Familiarity

familiar_xai familiar_dt
Familiarity Measure

Figure 4.1.2: User’s Al familiarity level by version

4.1.2 User Forms

Each participant completed a form that included four different decision tree models derived from four distinct
datasets. For each model, the participants were provided with five different samples of data that they were
required to classify using the decision tree.

After classifying each sample, participants answered three questions to assess their experience and confidence:
1. Answer Confidence: How confident are you in your answer? (Scale: 1 to 5)

2. Clarity of Decision Path: I was able to clearly follow the decision path from the root to the leaf
nodes. (Scale: 1 = Strongly Disagree to 5 = Strongly Agree)

3. Comprehensibility of Structure: The overall structure of the decision tree was easy to comprehend.
(Scale: 1 to b)

4. Additionally, participants were asked to describe the model in their own words. This open-ended
question provided qualitative insights into their understanding and interpretation of the decision tree.

4.1.3 Form implementation

In our user study, accurately measuring response time for each classification task was crucial. Additionally,
due to the large size of the resulting decision trees, it was important for users to have the capability to zoom
into the decision tree images. Since no known form provider offered both of these features, we decided to
implement a custom solution.

The front-end of the application is a dynamic form built using the React library. Its goal is to provide a
user-friendly and efficient platform for collecting data from users, incorporating advanced features for an
enhanced user experience. The application records the time it takes for the user to respond to each question
on the form. By using hooks like useEffect and useState, the application starts a timer when the user
navigates to a question and stops the timer when the answer is submitted. The response time data is stored
and can be analyzed to optimize the form and understand user behavior.

The form also supports viewing images with zoom capability, allowing users to examine details of the images.
This feature is implemented using libraries like react-zoom-pan-pinch. Users can click on an image to enlarge
it and inspect it in greater detail, thereby improving the accuracy of their responses when images are part
of the questions. We hosted the frontend on Vercel, a cloud platform for static sites and serverless functions
that enables easy deployment and scaling of web applications.

For the backend, we used a Flask application. Flask is a lightweight WSGI web application framework in
Python, designed to make getting started quick and easy, with the ability to scale up to complex applications.
It provided the necessary endpoints for handling the form submissions and processing the response times.
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To store the collected data, we used MongoDB, a NoSQL database known for its flexibility and scalability.
MongoDB stores data in JSON-like documents, making it easy to store and query the diverse data generated
from the user study.

4.2 Experiment Set Up

4.2.1 Datasets

For our research we used four datasets from a variety of domains, including credit scoring, healthcare,
and criminal justice to demonstrate the universal value and applicability of interpretability in predictive
modeling. These fields were specifically chosen due to their significant societal impact and the critical need
for transparency and accountability in the decision-making processes that affect individual lives. By applying
explainable artificial intelligence (XAI) techniques across these diverse sectors, we highlight how crucial it is
to provide clear, understandable models that stakeholders can trust and scrutinize. This approach not only
enhances the acceptance and effectiveness of predictive models in high-stakes settings but also underscores
the ethical imperative of explainability in AI across various disciplines.

1. COMPAS [46]

2. German Credit [38]

3. Framingham Heart Study [11]
4. Adult Income [7]

4.2.2 COMPAS

The dataset has criminal records and demographics features for 7,214 defendants released on bail at U.S
state courts during 1990-2009. The COMPAS dataset consists of the results of a commercial algorithm
called COMPAS (Correctional Offender Management Profiling for Alternative Sanctions), used to assess a
convicted criminal’s likelihood of reoffending. COMPAS has been used by judges and parole officers and is
widely known for its bias against African-Americans.

Objective
The primary task with this dataset is to classify defendants into two categories:
e Recid: Defendants who are likely to re-offend

e No Recid: Defendants who are not likely to re-offend

Pre-processing

The original dataset contained 7214 cases of defendants with 53 features describing each defendant. However,
for the purpose of this study, we excluded features related to the COMPAS decision-making process and kept
only the demographic information and criminal history. This resulted in a final set of 8 features:

e Sex: The sex of the defendant (e.g., Male, Female).

e Age: The age of the defendant at the time of the crime.

e Race: The race of the defendant (e.g., Caucasian, African-American).

e juv_fel count: The number of juvenile felony charges the defendant has.

e juv_misd count: The number of juvenile misdemeanor charges the defendant has.
e juv_other count: The number of other juvenile charges the defendant has.

e priors count: The number of prior criminal charges the defendant has.

e c_charge degree: The degree of the current charge (e.g., Misdemeanor, Felony).

After dropping the unnecessary columns, pre-processing steps for this dataset involved:
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e Handling Missing Values: We dropped variables with null values to ensure data integrity.

e Feature Importance Measurement: To assess the significance of different features within our
dataset, we utilized the Random Forest algorithm, a robust ensemble learning method. Specifically,
we employed a Random Forest classifier with 100 estimators (trees). The choice of Random Forest for
this task was motivated by its ability to handle high-dimensional data and provide insights into fea-
ture importance through its construction of multiple decision trees. The Random Forest classifier was
implemented using the RandomForestClassifier from the scikit-learn library [58]. Feature importances
were derived from the trained model, which offers an aggregated view of feature significance based on
the reduction of impurity (Gini impurity or entropy) across all trees in the ensemble. The resulting
importance scores were visualized in Figure 4.2.1.

e Encoding Categorical Features: We used one-hot encoding for categorical features such as race,
sex, and charge degree to convert them into a format suitable for machine learning algorithms.

03
Importance

Figure 4.2.1: COMPAS Features Importance

Decision Trees Created

For the COMPAS dataset, we created two decision tree models using different algorithms to compare their
interpretability:

Model 1: Created using the DecisionTreeClassifier from scikit-learn python library [58] which uses an opti-
mized version of the CART algorithm. The model with the highest accuracy was selected. The resulting tree
structure involved binary splits typical of the CART algorithm, and depth d =5
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Figure 4.2.2: COMPAS CART model

Model 2: For this model an extra step of data pre-processing was needed, supervised discretization. As
we discussed in chapter 3.2, FlowOCT has a limit of using only binary variables for classification. For
continuous attributes we have 2 options. Either use the embedded function binarize to the odtlearn package
the implementation of which can be found online at https://github.com/D3M-Research-Group/StrongTree,
or use supervised dicretization.
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For numeric features with a high number of unique values, we employed supervised discretization. This
method involves using target variable information to create bins, ensuring that the binning process is in-
formed by the underlying relationship between the feature and the target. To implement this we used the
DecisionTreeClassifier provided by the scikit-learn python library [58] for the numeric features Age and pri-
ors__count. Supervised discretization helps in preserving the predictive power of the feature while reducing
its complexity and improving model interpretability.

For numeric features with a relatively small number of unique values, we utilized the embedded binarize
function from the odtlearn package. Binarization transforms the feature values into binary values (0 or 1)
based on the unique values. The FlowOCT model was generated using the Gurobi solver.

Figure 4.2.3: COMPAS FlowOCT model

Differences Between the Trees

As it is obvious from the figures of the trees, the first model is a balanced decision tree using splits based
on a single threshold. The second model is imbalanced and uses binned attributes for the classification. We
want to evaluate how the balance of the tree enhances the intepretability and if binned numeric features are
comprehensive enough for the users.

4.2.3 German Credit

German Credit dataset [38] comprises of demographic (age, gender), personal (marital status), and financial
(Credit Amount, Checking Amount) features from 1,000 credit applicants, where they are categorized into
good vs. bad customer depending on their credit risk. Financial institutions use this information to evaluate
the risk associated with lending to these individuals. There are 2 datasets provided one containing categorical
attributes and one containing numeric. For our study we used the categorical dataset.

Objective
The primary objective of analyzing the German Credit dataset is to classify individuals into two categories:

e Good Credit: Individuals who are considered creditworthy and pose a lower risk to financial institu-
tions.

e Bad Credit: Individuals who are considered not creditworthy and pose a higher risk to financial
institutions.

This classification helps in assessing the risk associated with lending to these individuals, aiding financial
institutions in their decision-making processes.

Pre-processing

The original dataset contained 1000 credit applicants with 9 features describing each applicant.

e Age: The age of the individual in years (numeric).
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e Sex: The sex of the individual (e.g., male, female).

e Job: The type of job the individual has (unskilled and non-resident, unskilled and resident, skilled,
highly skilled).

e Housing: The type of housing the individual resides in (e.g., own, rent, or free).

e Saving accounts: The amount of savings the individual has (e.g., little, moderate, quite rich, rich).
e Checking account: The amount in the individual’s checking account (numeric, in Deutsch Mark).
e Credit amount: The amount of credit the individual has applied for (numeric, in Deutsch Mark).
e Duration: The duration of the credit in months (numeric).

e Purpose: The purpose for which the credit is requested (e.g., car, furniture/equipment, radio/TV,
domestic appliances, repairs, education, business, vacation/others).

After dropping the unnecessary columns, pre-processing steps for this dataset involved:
e Handling Missing Values: We dropped variables with null values to ensure data integrity.

e Feature Importance Measurement: To assess the significance of different features within our
dataset, we utilized the Random Forest algorithm, a robust ensemble learning method. Specifically, we
employed a Random Forest classifier with 100 estimators (trees). The Random Forest classifier was
implemented using the RandomForestClassifier from the scikit-learn library [58]. Feature importances
were derived from the trained model, which offers an aggregated view of feature significance based on
the reduction of impurity (Gini impurity or entropy) across all trees in the ensemble. The resulting
importance scores were visualized in Figure 4.2.4.

Feature Importances

Importance

Figure 4.2.4: German Credit Features Importance

Decision Trees Created

For the German Credit dataset, we created two decision tree models using different algorithms to compare
their interpretability:

Model 1: To implement the decision tree classifier, we used the c¢/5-decision-tree library, which is available
on PyPI [59]. This library handles only categorical data and implements multiway splits. The resulting tree
is shown in Figure 4.2.5.

Model 2: For this model we used the advanced version of C4.5 which we implemented with grouping unim-
portant feature values to branches with label Other. The resulting tree is shown in Figure 4.2.6.
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Figure 4.2.5: German Credit C4.5 model
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Figure 4.2.6: German Credit C4.5 Advanced model

Differences Between the Trees

As it is obvious from the figures of the trees, the first model is a wide decision tree using multiway splits
based on categorical features. The second model is a deep decision tree and uses grouping for attribute values
with the label Other. We want to evaluate if multiway splits enhances the intepretability of the tree and if
the grouped values are confusing for the users.

4.2.4 Framingham Heart Study

The Framingham Heart Study dataset [11] derives from a pioneering longitudinal study initiated in 1948
in Framingham, Massachusetts, with the primary goal of identifying common factors that contribute to
cardiovascular disease. Originally enrolling over 5,000 participants, the study has significantly expanded to
include successive generations, allowing researchers to explore genetic, environmental, and lifestyle factors
influencing heart health. The dataset includes comprehensive variables such as blood pressure, cholesterol
levels, smoking habits, and body mass index.

Objective The primary objective of analyzing the Framingham Heart Study dataset is to classify individuals
into two categories based on their 10-year risk of developing coronary heart disease (CHD):

e Yes: Individuals who are at risk of developing CHD within 10 years.
e No: Individuals who are not at risk of developing CHD within 10 years.

This prediction helps in assessing the risk and taking preventive measures to reduce the likelihood of devel-
oping CHD.
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Pre-processing

The original dataset contained 4240 patients with 14 features describing each patient.
e Male: Gender of the participant (1 for male, 0 for female).
e Age: Age of the participant in years.

e Education: Educational attainment level of the participant. Typically coded numerically (e.g., 1 =
Some High School, 2 = High School Graduate, 3 = Some College, 4 = College Graduate).

e CurrentSmoker: Indicator of whether the participant is a current smoker (1 for yes, 0 for no).
e cigsPerDay: Number of cigarettes smoked per day by the participant.
e BPMeds: Indicator of whether the participant is on blood pressure medication (1 for yes, 0 for no).
e prevalentStroke: Indicator of whether the participant has had a stroke (1 for yes, 0 for no).
e prevalentHyp: Indicator of whether the participant has hypertension (1 for yes, 0 for no).
e diabetes: Indicator of whether the participant has diabetes (1 for yes, 0 for no).
e totChol: Total cholesterol level in mg/dL.
e sysBP: Systolic blood pressure measurement in mmHg.
e diaBP: Diastolic blood pressure measurement in mmHg.
e BMI: Body Mass Index calculated from height and weight (kg/m?).
e heartRate: Heart rate in beats per minute.
e glucose: Blood glucose level.
After dropping the unnecessary columns, pre-processing steps for this dataset involved:
e Handling Missing Values: We dropped variables with null values to ensure data integrity.

e Feature Importance Measurement: To assess the significance of different features within our
dataset, we utilized the Random Forest algorithm, a robust ensemble learning method. Specifically, we
employed a Random Forest classifier with 100 estimators (trees). The Random Forest classifier was
implemented using the RandomForestClassifier from the scikit-learn library [58]. Feature importances
were derived from the trained model, which offers an aggregated view of feature significance based on
the reduction of impurity (Gini impurity or entropy) across all trees in the ensemble. The resulting
importance scores were visualized in Figure 4.2.7. We kept only the top 10 features based on their
importance to simplify the resulting trees.

Decision Trees Created

For the Framingham Heart Study dataset, we created two decision tree models using different algorithms to
compare their interpretability:

Model 1: Created using the DecisionTreeClassifier from scikit-learn python library [58] which uses an opti-
mized version of the CART algorithm. The model with the highest accuracy was selected. The resulting tree
structure involved binary splits typical of the CART algorithm, and depth d = 9. The resulting tree is shown
in Figure 4.2.8.

Model 2: For this model an extra step of data pre-processing was needed, domain knowledge induction. As we
discussed in chapter 3.1.3, using domain knowledge can help in transforming numeric variables to categorical
making the resulting tree more interpretable to humans. The categorizations are displayed in tables 4.1-4.8.

78



4.2. Experiment Set Up

Feature Importances
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Figure 4.2.7: Framingham Heart Study Features Importance
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Figure 4.2.8: Framingham CART model

Range Category

Range Category 0-184 Underweight

0-119 Normal 18.5-24.9 Normal weight

120 - 129 Elevated 25-29.9 Overweight

130 - 139 | Hypertension Stage 1 30 - 34.9 Obesity Class I

140 - 180 | Hypertension Stage 2 35 -39.9 Obesity Class II

> 180 Hypertensive Crisis > 40 Obesity Class IIT

Table 4.1: Systolic Blood Pressure Table 4.2: Body Mass Index (BMI)
Categorization Categorization
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Range Category
0-79 Normal
80 - 89 Elevated
90 - 99 Hypertension Stage 1 Range Category
100 - 120 | Hypertension Stage 2 0-199 Desirable
> 120 Hypertensive Crisis 200 - 239 | Borderline High
> 240 High
Table 4.3: Diastolic Blood Pressure
Categorization Table 4.4: Total Cholesterol Categorization
Range Category Range Category
0-139 Normal 0-59 Bradycardia
140 - 199 | Prediabetes 60 - 100 Normal
> 200 Diabetes > 100 | Tachycardia
Table 4.5: Glucose Categorization Table 4.6: Heart Rate Categorization
Range Category
0-12 Child
Range Category 13-19 Teenager
0 Non smoker 20 - 35 | Young Adult
1-10 Light smoker 36 - 54 Adult
11 - 20 | Moderate smoker 55 - 65 | Mature Adult
> 20 Heavy smoker > 65 Senior
Table 4.7: Cigarettes per Day Categorization Table 4.8: Age Categorization

After the incorporation of domain knowledge in the dataset we used FlowOCT to extract the resulting
decision tree. To use FlowOCT we first needed to binarize the data using the embedded binarize function of
the odtlearn package. The resulting tree is shown below in Figure 4.2.9.
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= S —
_No— ~yes No 3
— s h Yes
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Hypertension Stage 2 C
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e 4 . ‘
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Figure 4.2.9: Framingham Categorical model

Differences Between the Trees

As it is obvious from the figures of the trees, the first model is a deep decision tree which uses continuous
features for the classification. The second model is a smaller decision tree with categorical features We want
to evaluate if categorical features enhance the intepretability of the tree.
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4.2.5 Adult Income

The Adult income dataset [7] contains demographic (e.g., age, race, and gender), education (de-
gree),employment (occupation, hours-per week), personal (marital status, relationship), and financial (capital
gain/loss) features for 45,222 individuals. The task is to predict whether an individual’s income exceeds $50K
per year vs. not. It contains 14 attributes.

Objective

The primary objective of analyzing the Adult Income dataset is to classify individuals into two categories
based on their annual income:

e <—50K: Individuals whose annual income is $50,000 or less.
e >50K: Individuals whose annual income exceeds $50,000.

This prediction helps in understanding the factors that contribute to higher income and addressing socio-
economic disparities.

Pre-processing
The original dataset contained 47621 records of individuals with 14 features describing each individual.
e Age: The age of the individual (numeric).
e Workclass: The type of employment (e.g., Private, Self-emp-not-inc, etc.).
e Education: The highest level of education attained (e.g., Bachelors, Some-college, etc.).
e Education-num: The number of years of education (numeric).
e Marital-status: The marital status of the individual (e.g., Married-civ-spouse, Divorced, etc.).
e Occupation: The type of job (e.g., Tech-support, Craft-repair, etc.).
¢ Relationship: Relationship to the household (e.g., Own-child, Married, etc.).
e Race: The race of the individual (e.g., White, Asian-Pac-Islander, etc.).
e Sex: The sex of the individual (e.g., Male, Female).
e Capital-gain: Capital gains (numeric).
e Capital-loss: Capital losses (numeric).
e Hours-per-week: Hours worked per week (numeric).
e Native-country: Country of origin (e.g., United-States, Cambodia, etc.).
Pre-processing steps for this dataset involved:
e Handling Missing Values: We dropped variables with null values to ensure data integrity.

e Balance Dataset: The dataset often exhibits an imbalance, with significantly more instances of
individuals earning less than $50,000 compared to those earning more. This imbalance can lead to
models that are biased towards the majority class, resulting in poor performance on the minority
class. Balancing the dataset, by undersampling the majority class, improves the model’s accuracy,
sensitivity, and specificity. This approach ensures that the model learns to recognize patterns in both
classes, leading to fairer predictions and better generalization to new data. Moreover, balanced datasets
enhance the interpretability of the model, making it easier to derive meaningful insights from the results.

e Feature Importance Measurement: To assess the significance of different features within our
dataset, we utilized the Random Forest algorithm, a robust ensemble learning method. Specifically,
we employed a Random Forest classifier with 100 estimators (trees). The choice of Random Forest for
this task was motivated by its ability to handle high-dimensional data and provide insights into fea-
ture importance through its construction of multiple decision trees. The Random Forest classifier was
implemented using the RandomForestClassifier from the scikit-learn library [58]. Feature importances
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were derived from the trained model, which offers an aggregated view of feature significance based on
the reduction of impurity (Gini impurity or entropy) across all trees in the ensemble. The resulting
importance scores were visualized in Figure 4.2.10.

e Encoding Categorical Features: We used one-hot encoding for categorical features such as work-
class, education, marital-status, etc to convert them into a format suitable for machine learning algo-
rithms.

008
Importance

Figure 4.2.10: Adult Income Features Importance

Decision Trees Created

For the Adult Income dataset, we created two decision tree models using different algorithms to compare
their interpretability:

Model 1: Created using the DecisionTreeClassifier from scikit-learn python library [58] which uses an opti-
mized version of the CART algorithm. The model with the highest accuracy was selected. The resulting tree
structure involved binary splits typical of the CART algorithm, and depth d = 6

Figure 4.2.11: Adult Income CART wide model

Model 2: For this model we also used CART but we chose a more deep tree with depth d = 8.

Differences Between the Trees

As it is obvious from the figures of the trees, the first model is a wide decision tree and the second model is
deeper. We want to evaluate if wide trees are more interpretable than deep trees.
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Figure 4.2.12: Adult Income CART deep model

4.3 Results

4.3.1 General Results

As we can see in figures 4.3.1, 4.3.2, 4.3.3, 4.3.4 we have high accuracy as we expected. The COMPAS dataset
has the lowest accuracy as it was the first dataset that users classified.
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Figure 4.3.1: Accuracy per Dataset
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Figure 4.3.2: Accuracy per Dataset per Version
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Figure 4.3.3: Time needed per Dataset

Figure 4.3.4: Time needed per Dataset per Version
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In figures 4.3.5, 4.3.6, 4.3.7 we display the answer confidence, path clarity and the simplicity of tree structure.
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Figure 4.3.5: Answer confidence per Dataset per
Version
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Figure 4.3.6: Path Clarity per Dataset per Version
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Figure 4.3.7: Simplicity of Tree Structure per Dataset
per Version

We will analyse the results per dataset and extract conclusions by comparing the decision trees and the
results below.
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4.3.2 COMPAS

In this section, we compare the decision trees created based on the COMPAS dataset. The first decision
tree employs a single numeric threshold for splits at decision nodes, while the second utilizes binned features
for splitting nodes. Binned features offer a reduction in tree size as they require fewer decision nodes to
describe a condition. Based on the results shown in Figures 4.3.8, 4.3.9 and 4.3.10, we observe that the
FlowOCT decision tree results in an increase in accuracy, albeit with a slight increase in the time needed for
classification.

Furthermore, the data reveals that users exhibit lower answer confidence in the second model, despite their
answers being correct. The path clarity is better in the second model due to shorter paths; however, the tree
structure is more complex because the binned features are not intuitive for users.

From the user descriptions of the trees, it is evident that users focused on the apparent bias against African-
Americans in the dataset. The binned model is perceived as more complicated by users, whereas the numeric
model suffers from the drawback of feature repetition.
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Figure 4.3.10: COMPAS Evaluation Metrics: Answer Confidence, Decision Path Clarity, and Tree Structure
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4.3.3 German Credit

In this section, we compare the decision trees created based on the German Credit dataset. The first decision
tree uses binary splits at decision nodes, while the second utilizes multiway splits for decision nodes. Multiway
splits offer a reduction in tree size as they require fewer decision nodes to describe a condition. Based on
the results shown in Figures 4.3.11, 4.3.12 and 4.3.13, we observe that the multiway decision tree results in
a perfect accuracy score with a significant time reduction for classification.

Furthermore, the data reveals that users exhibit lower answer confidence in the second model, despite the
high accuracy of their answers. This happens due to the large branching factor (3.8 instead of 2 for binary
model) of each node. The path clarity and the simplicity is better in the second model due to shorter paths
and wider tree structure.

From the user descriptions of the trees, it is evident that users focused on the apparent bias against females
in the dataset. The binary tree, utilizing the term "Other," enabled users to draw some conclusions about
the decision-making process. While the multiway split is considered more intuitive compared to the binned
feature in the COMPAS dataset, it is also perceived as more complex due to the large branching factor.
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Figure 4.3.13: German Credit Evaluation Metrics: Answer Confidence, Decision Path Clarity, and Tree
Structure
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4.3.4 Framingham Heart Study

In this section, we compare the decision trees created based on the Framingham Heart Study dataset. The
first decision tree uses categorical features with binary splits at decision nodes, while the second employs
numeric features with a single numeric threshold for binary splits at decision nodes. Categorical splits offer
a reduction in tree size, requiring fewer decision nodes to describe a condition, and significantly enhance
model comprehension. Based on the results shown in Figures 4.3.14, 4.3.15 and 4.3.16, we observe that the
categorical decision tree achieves a high accuracy score with a slight increase in classification time.

Furthermore, the data reveals that categorical features result in higher scores across all metrics: answer
confidence, path clarity, and simplicity of tree structure.

From the user descriptions of the trees, it is evident that users had difficulty understanding medical terms, as
they are not field experts. The numeric tree is perceived as more complex due to its depth and repetitiveness.
While both trees are considered challenging to comprehend, the categorical tree appears to be clearer.
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Figure 4.3.16: Framingham Evaluation Metrics: Answer Confidence, Decision Path Clarity, and Tree
Structure
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4.3.5 Adult Income

In this section, we compare the decision trees created based on the Adult Income dataset. The first decision
tree is deeper versus the second one which is swallower and wider. Deep trees often result to feature repetition
that are a bit tiring and difficult to comprehend by humans. Based on the results shown in Figures 4.3.17,
4.3.18 and 4.3.19, we observe that the wider decision tree results in an increase in accuracy, albeit with a
slight increase in the time needed for classification.

Furthermore, the data reveals that users exhibit lower answer confidence in the wide model, despite the high

accuracy of their answers. The differences in path clarity and simplicity of structure are minimal and could
be attributed to statistical error.

From the user descriptions of the trees, it is evident that the size of the tree was noted by the users. Many
users who used the deep tree commented on its size and how it made the tree difficult to comprehend. They

compared the size with the previous models and we can see that the limit of depth 7 is a true limit for human
cognition.
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Figure 4.3.19: Adult Income Evaluation Metrics: Answer Confidence, Decision Path Clarity, and Tree
Structure
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4.4 Conclusions

4.4.1 Evaluation of Tree structure

Based on the results of our user study, we observed notable differences in the performance and interpretability
of decision trees across various datasets and tree structures. The study revealed that decision trees utilizing
categorical splits generally achieved higher accuracy and better interpretability metrics, such as answer confi-
dence, path clarity, and tree structure simplicity. This was evident in the Framingham Heart Study dataset,
where the categorical decision tree outperformed the numeric one in user ratings despite the slight increase in
classification time. Also the incorporation of domain knowledge seemed to increase the comprehensibility of
the model. We also saw that the grouping of the least important feature values helped users extract general
conclusions for the model.

Conversely, decision trees with numeric splits, particularly those that are deeper, often resulted in feature
repetition and increased complexity, making them more difficult for users to comprehend and lowering the
user satisfaction. This was highlighted in the Adult Income dataset, where the deeper tree was noted for
its size and complexity, impacting user confidence despite its accuracy. A tree with depth close to 7 seemed
extremely complicated to the users. Additionally, the COMPAS dataset illustrated the challenges users face
with binned features.

Overall, the study underscores the importance of considering both accuracy and interpretability when design-
ing decision trees. While categorical splits can enhance user understanding and confidence, careful attention
must be paid to the trade-offs between tree complexity and comprehensibility to ensure effective and user-
friendly decision-making tools.

4.4.2 Evaluation of Interpretability Metrics

Based on the results of our study, we evaluated the interpretability of the decision trees using several key
metrics: model size, number of features used, sparsity of nodes, leaf purity, tree balance, and rule length.
Our findings indicate that while smaller model size and shallower tree depth generally contributed to better
user comprehension, this was not always the case. In terms of the number of features used, models that
incorporated fewer, more relevant features were easier for users to understand, as seen in the Framingham
Heart Study dataset. Tree balance played a significant role in interpretability, with well-balanced trees
from the COMPAS dataset being easier for users to navigate and understand compared to more imbalanced
counterparts. Finally, shorter rule length, as observed in the categorical splits of the Framingham Heart
Study dataset, facilitated easier comprehension, reinforcing the importance of concise and straightforward
decision rules. Overall, our study underscores that a combination of these metrics, rather than any single
measure, is essential for enhancing the interpretability of decision tree models.
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Chapter 5

Conclusion

5.1 Summary

In this thesis, we investigated the interpretability of decision trees, highlighting the importance of inter-
pretability in modern Al systems and the challenges associated with achieving it. We discussed well-known
interpretable models and demonstrated why decision trees are particularly valuable for interpretable decision-
making. Additionally, we explored human decision-making processes and illustrated how decision trees align
with these processes but also researched ways to increase their interpretability based on human cognition.

We discussed interpretability measures from both a human perspective, including transparency and user
satisfaction, and a technical perspective, such as tree balance and rule length. To enhance interpretability, we
proposed several preprocessing techniques, including feature selection, the incorporation of domain knowledge,
and the supervised discretization of numeric data.

Furthermore, we advocated for the use of the modern FlowOCT model for classification, as it generates
balanced trees with high accuracy. We also suggested a modification of the C4.5 algorithm to group feature
values into categories, thereby minimizing the branching factor of the tree and implement multiway splits for
numeric features to reduce the depth of the trees.

To evaluate our proposals, we conducted a user study involving classifications from four different datasets,
comparing two versions of decision trees to assess the impact of our suggested improvements on interpretabil-
ity. The results of this study were analyzed, leading to our final conclusions.

5.2 Discussion

Our study investigated the interpretability of decision trees across various datasets, revealing significant
differences in performance and user comprehension based on tree structures and splitting criteria. Decision
trees utilizing categorical splits generally achieved higher accuracy and better interpretability metrics, such
as answer confidence, path clarity, and simplicity, as evidenced in the Framingham Heart Study dataset.
Conversely, trees with numeric splits, especially deeper ones, often resulted in feature repetition and increased
complexity, making them harder for users to understand, as seen in the Adult Income dataset. The COMPAS
dataset highlighted challenges with binned features, which, despite reducing tree size, complicated decision-
making highlighting the importance of intuitive features.

Evaluating interpretability using metrics like model size, number of features, sparsity of nodes, leaf purity,
tree balance, and rule length, we found that smaller model size and shallower depth generally improved
comprehension. Models with fewer, relevant features were easier to understand, while sparsity in nodes and
lower leaf purity negatively impacted clarity. Well-balanced trees, like those from the German Credit dataset,
were easier to navigate, and shorter rule lengths facilitated comprehension, emphasizing the importance of
concise decision rules.
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5.3 Future Work

For future work, several avenues can be explored to further enhance the interpretability and usability of
decision tree models. Firstly, the integration of domain-specific knowledge into the decision tree construction
process could significantly improve the relevance and comprehensibility of the features used, potentially
leading to more intuitive models that align closely with expert understanding. Secondly, developing more
advanced visualization tools that allow users to interact with decision tree models—such as dynamic zooming
and real-time feedback—could greatly enhance user engagement and understanding, making complex models
more accessible. Generally a further research in post-processing techniques will be really useful. Also we
would like to further evaluate the C4.5-Advanced model we suggested on more datasets and more benchmarks.
Finally, a comprehensive comparison of decision tree models with other explainable AT (XAI) methods,
including rule-based systems and neural network interpretability techniques, could provide deeper insights
into the relative strengths and limitations of each approach, guiding the development of more effective and
user-friendly Al decision support systems.
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