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AmayopedeTon 1) avtypogr], artodnkevor Kot Stvopn tng mapovoag epynciag, €€ OAOKANR-
pOUL 1) THAHOTOG VTG, Yio ERTopLkd okomo. Emtpéneton ) avatdnwon, amwobrkevon kat
dLorvop) yior KOO 1) KEPOOGKOTLKO, EKTTALOEVTIKNG 1] EPEVVNTIKNG PVOTC, VIO TNV TPOL-
mo0ect vo avopépetat 1) TNy TPoEAevong kat va dlatnpeital to mopov ppvopa. Epwth-
HOTO TTOL oLPpOPOVV TN XPNOT) TNG EPpYATLag Yo kKepOOOTKOTMIKO KOO TTpémel va amtevOvvo-
VTOL TTPOG TOV GUYYPaPEQL.

Ot oo Yelg Ko T CUPTEPACHATA TTOL TEPLEXOVTAL G AVTO TO EYYPOYPO eKPPALOUV TOV
ovyypagéa ko dev TpémeL va eppnvevBel OTL avTiTpocwebovy Tig enionpeg Oéoelg Tov
EBvikob Metoofiov IToAvteyveiov.



Iepidnyn

To avtiBetikd emeEnynpoatikd oevapla (counterfactual explanations) amoktodv {WTIKY o1)-
pooia yuoo tnv evioyvon tng daepavelag kot tng apepoinyiog (fairness) twv povrédwv
pnxavikng pabnong, Wiaitepa oe evaicOnteg meproxés epappoyng. H mapodoa durhw-
potikn epyocio e€etdlel dvo vapyovoeg epyacieg — to GLANCE (Global Actions in a
Nutshell for Counterfactual Explainability) kot To FACTS (Fairness-Aware Counterfactuals
for Subgroups) — ot omoieg emikevTpwvovtal otn dnpovpyic KaABoAKOV avTiBeTikdV emte-
Enynuatikov oevapinv (global counterfactual explanations) kot otov éleyyo dikooodvng
péow TETOLWV avTLOeTIKOV e€NynoemV, avTioToLXO.

To GLANCE mapdyel 6uvomTikég, eppnvetoipeg kabBoAikéc avtiBetikég e€nynoelg pécw
g ovotadomoinong (clustering) oTLYHLOTUTTWV KoL VEPYELOV, AVOLNTOVTAG XVTLITPOC®-
TEVTLKEG EVEPYELES TTOV TETUYALVOLV KOAT] LOOPPOTTLOL OVAHEC K OTNV XITOTEAECHATIKOTN T,
TO KOO TOG KorL TNV eme€nynotpotnto. Amod tnv dAAn pepid, to FACTS éxetl okomd tov édeyyo
g dwkarootvg tng dikarompatiog (fairness of recourse auditing), a€loloydvrag av diax-
(POPETLKEG TTPOCTATEVOPEVES VITOOHADES avTIpeTwilovv oo Pabpd dvokoriog otnv ava-
{itnon dwkowompakiog. T to okomd owtd 1o FACTS ‘PAémel’ tar 6TIyLOTUTTO Kot TLG £VEP-
YELEG TOCO o€ aTOKO eminedo (HkpO-TTPOOTTIKY) 000 Kot oe eminedo opadog (pokpo-
TPOOTITLKN)).

H nmapovoa dimdopatikn cvykpivel T 00 avTéC epyacieg KoL TOVG AVTIGTOLYOVG OXA-
yopiBpovg ov TPoTELVOLV, AVATOPAYOVTOGS TO TELPAHATO KL TOL ATTOTEAEGHATA TOVG, KOl
AVOSELKVDOVTOG TA TAEOVEKTHXTO KOl TOUG TTEPLOPLOHOVG TOVG. XLVvdEel emiong Tig fact-
K€G TOUG GUAAOYLOTLKEG TTOPELEG, EMLOELKVOOVTOG TTWG OL EVVOLEG TWV OHAdWV GTLYHLOTUTTWV
Kot Twv KaBoAk®v avtifetikov e€nynoewv propovv va alomotnfoldv kot ylor 6KomTong
eneENYNOLUOTNTAG KOL YO OKOTTOVG EAEYXOL TNG SLKALOGOVIC.

Méow NG avormapoywyng kot tng enéktacs TV melpapdtov twv GLANCE kot FACTS,
TOPEXOVHE HLaL AETTTOUEPT) OELOAOYNOT) TV OVO EPYACLOV, OITELKOVILOVTG T TTAEOVEKTH-
poto ko Tig advveogtieg Tovg. EmimAéov, cuvdéouvpe Tig d00 avTEG TPOCEYYIGELS YL VOL OLVOX-
det€oupe oS oL kaBoAikég avtiBetikég eEnynoelg kat ot éAeyyot dikatoobvng propov va
aAAnAocupmAnpadvovtatl, Tpowdodvtag To SitAd 6td)0 NG emenynopdTnTag Kot Tng di-
Koo UVNG OTO GUCTNHATA PNXOVIKAG paBnong.

AéEerg kherdr

Mnyowvikny MaOnon, EneEnynopotnra, Aikaroctvr, Avtifetikég EEnynoeig, Awcanompatia,
KaBoAikég AvtiBetikég EEnynoelg






Abstract

Counterfactual explanations are vital for enhancing the transparency and fairness of ma-
chine learning models, particularly in sensitive domains. This thesis explores two frame-
works — GLANCE (Global Actions in a Nutshell for Counterfactual Explainability) and
FACTS (Fairness-Aware Counterfactuals for Subgroups) — which address global counter-
factual generation and fairness auditing via counterfactuals, respectively.

GLANCE generates concise, interpretable global counterfactuals by clustering instances
and actions to find representative actions that balance effectiveness, cost, and interpretabil-
ity. FACTS, meanwhile, audits fairness of recourse by evaluating whether different pro-
tected subgroups face equal difficulty when seeking recourse, using both individual-level
(micro) and group-level (macro) perspectives.

This thesis compares these frameworks through experimental replication, highlighting
their strengths and limitations. It also connects their narratives, demonstrating how the
concepts of instance groups and global counterfactuals can be leveraged for both explain-
ability and fairness auditing purposes.

By replicating and extending the experiments from GLANCE and FACTS, we provide a
detailed evaluation of these frameworks, illustrating their respective strengths and weak-
nesses. Additionally, we connect these two narratives to showcase how global counterfac-
tuals and fairness audits can complement each other, thereby advancing the dual goals of
interpretability and fairness in machine learning systems.

Key words

Machine Learning, Explainability, Fairness, Counterfactual Explanations, Recourse, Global
Counterfactual Explanations






Evyapiotieg

H oloxArpwon g SITAWHATIKAG Hov epyaoiag onpatodoTel TNV AN Twv 6TovddVv pHov
OTO HETAMTUYLOKO TTPOYpoppx otovdwv Emiotrpn Aedopévewv ko Mnyoviky Mabnon tng
oyoAng HAextporoywv Mnyavikov tov EMII, kot kat’ eT€KTOGT) TOV OPLOTLKO OITOYWPL-
OHO pOL atd TN 6XOAN auTh petd otd déka cuvamtd . T TV emituyn oAokAnpwaon
QLTNG TNG Topeiag oPeilw clyovpa TOAAG EVXAPLOTE.

[Iporta amd 6Aa, otov kaBnyntn pov k Pwtdkn, o omoiog pe kabodrynoe ko cuvep-
YOOTHKOE OTEVR TOGO OTLG TTPOTLTUYLOKES POV OTTOLOEG KL OTNV ekel SUTAWUATIKY OV
gpyocia 660 KL GTNV ToPOLGA, KOL GTOV OO0 0Peilw, EMITALOV, KoL TTOAAX oTO TaL €V-
JLOLPEPOVTA LOL GTOV TOHER TNG ETMLOTHHNG TWV LITOAOYLGTAOV.

SV Topoboa SITAWHPATIKT epyacio, avekTipntn nrav exiong n Pondetx ko n kobo-
dMynon g EAévng Yapovdaxkn, oe 0An tn didpked tng. Tavtoyxpova dev Ba propovoa
VOV ovapépm Kot TNV eEQLPETIKT ouvepyaoia mpwtioTwg pe Tov Aovkd Kdfovpa, aAld
KoL pe OAn v opdda oto EK ABnvé, mpoidv tng omolag ftav kot oL S0 epyocieg oTLG
omoleg faciotnke 1 TapoLoO SUTAWUATLKY.

AkOpPnN, ONUOVTIKOTATN ATAV e TOAAG emimeda kot 1) oTrpLEn OGAOL HOL TOL PLALKOD
neptyvpov. Toco mahaidv gilwv Tovg 0moiovg Yvepiln Kot ayortod edo Kot Xpovia, 660
KOl OVOUTAVTEXWV VEWV TOUG OTTOLOVG YVAOPLOX, KOL OTO TAAIGLO TOU HETOTITUXLAKOD KOl
eKTOG ALTOV.

Télog, O NOeAar var eTLGNUAV®, OGO TPOPAVEG KL OV POLVEL, TNV OTTALPAPLAATY KOl aLve-
KTipnTn otpén g olkoy£Eveldg pov oe OAeG Hov TIG TpooTtafeleg. Xwplg avtnv, olyovpa
dev B eiya katopépel vo aveliyBod oo onpeio mov Ppickopal oripepa.

Kovotavtivog A. Toomelag,

ABnva, 311 Oxtwfplov 2024
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Extetapévn EAAnvikn IepiAnyn

310 kepdAoo avto, Ba exkBécovpe TepANTTIKG Tor SVO KeVTPLKA TPOPATHATA pe T
omoio aoYoloVpaoTE, Kot 6T ovvéyela Tig epyacieg GLANCE (Kavouras et al), 2024) ko
FACTS (Kavouras et al., 2023) tov peAetodv avtd tar SO0 poPAnpoto kot Tpoteivouy avti-
otolyeg AVGELG, KOl Tt KOPLAL TOTEAECHATA TV TELPOPATOV T OOl TPEEQLE YLt TOVG
OKOTOVG TNG TAPOVONG OUTAWUATIKAG.

Ewcaywyn

Tnv tedevtaio dekaetia mepinov, T cCLGTHRATH PNYoviKiG padnong (MM) éxouv kot-
TAOTEL AVOTTOOTINGTO KOPUATL TV SLadLkacLdV ARYNG amopioewmy oe KPLoLOUS TOHELS,
Omwg ta xpnpoatootkovoptkd (Boer et all, 2019), n vyeia (Kyrimi et all, 2020), ) exnaidevon
(Loftus et al), 2018) kou n amacyd6Anon (Bogen and Rieke, 2018; Cohen et al), 2019). Ta cv-
OTNHOTA QUTA elvaL OAOEVAL KO TTEPLOGOTEPO LITEVOLVVAL YLXL ATOPATELG TTOVL PTOPOVY VX
€XOLV GNUAVTIKO avTikTLTTO TN {WN TV aVOpOTWY, OTKG eykpioelg davelwv, TPOCAN-
Yelg 1) ttpkég Sy vooels. Qotdco, kabohg avkavetal 1 epappoyr twv povtéAov MM oe
aLTOVG TOLG evaicONTOLS TopelS, aLEAVOVTAL Kol OL arvijoLYieg Yo T dikaloovvy Ko T
SlaPavel TWV GUOTNHATOV AVTOV.

Awaroovn  To povtéda pnyavikng padnong eivar ek gUoewg eV AWTA oe Uepolniia,
KoBwg cuyva Pacilovton oe LoTopLKd dedopéva TOL eVOEXETAL VAL AVTLKXTOTTPLLOLY LTTAP-
X0ovoeg kowwvikég mpokatainelg. Eav dev eheyxBolv, autég o peponyieg pmopei va
odnynoovv ce avemBOUNTA ATOTEAEGHATA, OTTOL GTIG ATTOPACELS TOV EKAGTOTE PHOVTEAOV
pelovektovy dvoavdroyo atopa 1) opddeg pe Paor svaicOnto yapakTnploTIKA, OTTWS 1
@UAR, T0 eOAO 1} N nAwkia (Tashea, 2017; Raji and Buolamwini, 2019) ko dvvntikcd vee {n-
piwoovy v kowwvia pog (Osoba and Welser 1V, 2017). Avtd kabiotd tn perétn tng di-
KOLoobLVNG TN pnxovikn padnon kpicyio wedio épevvag, pe okomd tnv eEacpaiion OTL T
QATTOTEAECPAT TWV HOVTEAWV SeV eMLNILOVOLY GUGTNHATIKY TPOCTATEVOUEVEG VTOOUAIES.

H pepoAnio évavtt tpootatevOHEVOV LITOOPUAdWY oTNV o ‘KAaoolkh PifAtoypagic
(Mehrabi et all, 2022) evromiCeton kot Paon pESw dLoPOPWV EVVOLOV SIKalooUVHG aThV
POPAeyYm, Y. TNG EVVOLHG TNG OTATIOTIKNG LooTIpiog (statistical parity), 6tov 0Aeg ot vio-
opadeg Tov opilovTol ad VO TPOGTATEVOHEVO YOPAKTNPLOTIKO TTPETEL VAL £XOLV TNV 1S
mlovotnTa va Tovg arodobet 1y Betikr (evvoikn) kAdom mtpofAednc. Ot opiopoi avtol o-
GOTLKOTIOLOVV TNV dpean pepoAnia mov avtikatontpiletol 6T TpoPAéPels TOL HOVTEAOV.
Qo10600, Jia dupeon poper) pepoAnyiog eivar n dvokoria 1) n emPapvvon (burden) (Sharma
et al), 2020; Kuratomi et al), 2023) mov avtipetwmilel évo dtopo (1) pioe opddor) yla vor emLto-
XeL dikanompatio (recourse), dnhadn v mpoPel oTIg amapaitnTeg evépyeies Yo vor aAA&Eet
TOL XOPOKTIPLOTIKG TOV e TETOLO TPOTTO, MoTe va amodideton 1 evvoik amdpact (Gupta
et al), 2019; Ustun et al;, 2019; Miller, 2019). H Sikowompo&ia mopéyet e€nynoelg - pecw avti-
Betikdv eme€nynuatikdv oevapiov (counterfactual explanations) (Wachter et al), 2017) -
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kot tn duvatotnta dpaong oe éva ennpealopevo artopo (affected individual) ko oroteAet
VOpLKY avaykodtnta oe dipopoug topeis. Ta mapdderypa, n vopobetikr tpdén “Equal
Credit Opportunity Act” omautet v propet éva topo va paBet tovg Adyovg ammdppLymg
piag aitnong ywa davewo. H Sikanoovvy g Sikauwompatios (fairness of recourse) avtikorto-
TTPLeL TNV EVvola OTL OL TPOGTATEVOUEVEG VTTOOUADEG TTPETTEL VO AVTIHETWITILOLY TNV DX
empapuvon otnv tpoondBeix yix Stkoompakio (Gupta et al), 2019; Karimi et al), 2022; von
Kiigelgen et al., 2022; Kuratomi et all, 2023).

Awagpaverx - EneEnynowpotnta  Oepappoyég MM eivan cuyxvé cvothipota patpov kov-
TI0U’, TTOL TTAPEXOVV EAQXLOTH YVAOOT] YIX TIG EGWTEPLKEG TOVS dtadikacieg AYng amopd-
oewv. Auth 1 éAeryn dopavelag Snpovpyel TPOKANGELS Yo TOUG XPHIOTEG KoL TOL EVOLX-
QEPOPEVOL PEPT) TTOVL YPELALOVTOL KATAVONGT] KOl EUTTLETOOVVI OTLG Ao@ioelg ovtég. H
av€avopevn Chtnon yw exeénynopdrnta (explainability) (Burkart and Huber, 2021) éxet
odnynoet otnv avantuln tov topéa tng exeényrons TN (XAI), mov otoyebel 6TV Mo~
poXTN CaP®V Kol EPUNVELCIHOV eENYNOEWV YLt TOV TPOTO pE TOV 0molo Ta povTéAo MM
KXTOANYOUV GTLG AITOPAGELS TOUG,.

Educotepa, o€ TOANEG eQappoYEG pe VYNAO avTikTuTo (TT.X. eykpioelg daveiwv), yive-
TOL OAOEVAL KOL TTLO CLVOLYKQALO YO TOUG XPHOTEG VO KATOVOODV TG T XAPAKTHPLOTLKA
TOUG €N PEALOLV TA ATOTEAECHATA TOV AVTOHATOV CUGTNHATWV ATOPAOTG KoL TTOG HITO-
pPOVV VO T TPOTTOTTOLGOLY YL VoL ETTLTUXOVV €LVOLKX outoTeAéopata. Avtr eival 1) dix
£Vvola TOL GL{NTAOAHE TPOTYOUVHEVWG, YVWoTh WG dikatorpatic (Miller, 2019). Ta ccvtiOe-
TIKQ eTTEENYNHATIKA GEVAPLO £XOVV GLYKEVTPOGEL HEYAAN TPOGOXT AOYw TNG KATAAANAO-
NTaG Tovg otny emitev€n dikatompatiog (Karimi et all, 2020), Tnv eppnvevopdTNTA TOLG
(Wachter et al), 2017), tn Suvatotnta Spdong tov tpoopépovv (Ustun et all, 2019), T xpn-
oloTNTR TOoLG o€ eAéyyoug dikaoovvng (fairness audits) (Sharma et all, 2020; Kavouras
et all, 2023) k. Am. Mo avtiBetikr) evépyela (counterfactual action), 1) amAd pa evépyela,
opilel TIG GLYKEKPLHEVEG AAAAYEG XOPAKTIPLOTIK®OV TTOL YPELALOVTOL YOl TN HETATPOTN
HLOG [T €VVOTKTG ATTOPYACTG G€ EVVOIKT).

Ot mpokAnoelg tng dikatocvng ko TG eneEnynopotntag eivar Pabid Sracvvdedepé-
Veg. Xe MTOAAG mpaypaTikd mAaiola, 1 Steopaiion tng SikaloodvNg amaltel ewiong vo
TopéxeTaL oTa ennpealopeva atopa 1 dvvatotnta dikarorpaiog — n dvvaTdTnTo VO KO-
TAVOT)OOLV YLTL EAPON HLa AITOPAOT) KOl TTOLEG CUYKEKPLUEVEG EVEPYELES HTTOPODV VO EKTE-
AEGOLVY YL VOt OAAGEOLV Evar 1) €VVOTKO ATTOTEAEGHN. AVTO OTTWG TTpoeimate dev amoTeAel
HOVO eTTLOLUNTO XOPOKTNPLOTIKO AN KOL VOULKT) DTTOYPEWGCT) G€ SLAUPYOPOLS TOHELS.

Avtikeipeva Melétng

Avtr) 1 dumhopoatikr e€etdlel Tn SuTAn TPoKANnoN NG dikaoovvNg Kol NG emeEnyn-
OHOTNTOG PECW PLOG AETTTOPEPOVG HeAETNG dV0 Pacikwv epyaoidv: Tov FACTS (Kavouras
et al), 2023) ko Tov GLANCE (Kavouras et al., 2024). KaOe epyacia avtipetomilel pio amd
aLTEG TIG PAOLKEG TTPOKANOELS, OUWOG TPOCPEPOLV, KATA Hio EVVOLY, KOl GUUTTANPWHOTL-
KEG TTPOOTITIKEG OTN XPNOT) AVTIOETIKOV EMEENYNUATIKOV CEVapiV Ge OUAdES TTLYHIOTUTWY
(instances) ywot Tnv a&loldynon kot tn PeEATioon TOV CUGTNHATOVY PNYAVIKHG p&Bnong.

e To GLANCE (Global Actions in a Nutshell for Counterfactual Explainability) avti-
petomilel TNV TPOKANGCT TNG emeénynoiudtnroag dnpovpydvtog kabodikd avrifetikd
eeénynuarikd oevapue (global counterfactual explanations). Atatvntodvet, apyikd, To
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TpOPANpa TG e0peong emeENYNOIHWOV, EPAPHOCLUMOV KOL XITTOTEAEGHATIKOV KOOOAL-
KOV avTIOETIKOV €ENYNOEWVY OV AELTOVPYODV ETMLTUXNDG G HEYRAO HEPOG TOL Y-
pov elcddov. ATO ekel koL TEPQA, YL TNV OLKT TOL TTPOTELVOHEVT] TTPOGEYYLOT], TO
GLANCE Baoileton otnv Wéa OTL mapdpoi oTiypdTvma pmopovy va eénynbovv ue ma-
POLOLEG EVEPYELES KOl XPT)OLHOTTOLEL TEXVIKEG cvaTadomoinong (clustering) yiox tnv mo-
POYWYT] GUVOTTIKOV GUVOAWV AVTIOETIK®OV eVEPYELOV. AlopepllovTag TOV YOO ELGO-
S0 KoL SNULOLPYWO VTG AVTLTPOCWTTEVTLKEG eVEPYeLeG Yia kK&Be Tpnpa, To GLANCE
evioyUel TOGO TNV EPUNVELCLUOTNTA OCO KOL TNV TTPAKTIKOTNTH TWV TOPAYOUEVOV

eEnynoewv.

e To FACTS (Fairness-Aware Counterfactuals for Subgroups) eravatapfdaver ko Ea-
vatoviel, OTTWG KoL TPONYOUHEVEG epYacieg, OTL 1) Sikaloobvn NG dikatompagiog
amotelel onpavTiK Ko Eexwplotr) évvola Tng adyoplBpikng dikatoovvng. Qotdco,
emonpaivel OTL vt 1) évvola eivor Lo mepimAokn od 0,1 €xet diepevvnOel péxpl
otiypng otn PipAtoypapic. To FACTS dwakpivel 300 evvoloAOYLKEG OTTTIKEG YWViEG:
TN pKpo-mpoonTiky (micro viewpoint), mov e€etdlel o aTopLKO eminedo TO KOGTOG
yloe Vv emitev€n Sikanompaiog (0mwg eoTdleTan KoL Ge TPONYOOpEVT) épevvar On-
Aadn), ko Tn véa pakpo-mpoontiktj (macro viewpoint), Tov oELOAOYEL TMOG OL EVEPYELEG
ennpedlovv cLALoyLKA opddeg atopwy. To FACTS e€epeuvd cuoTtnpatikd 10 XHOPO
XOLPAKTIPLOTIKOV YL VO EVTOTLOEL VTTOYXDPOLS OTTOL LITAPXEL HePOANYia T SLKoo-
POl KoL TOGOTLKOTOLEL OLUTT) T1) HEPOAN LA X PT)CLHOTTOLOVTAG KATAVOUESG KOOTOUG-
anotedeoparikotntag (effectiveness-cost distributions) ko éva cOVOAO opiopdv dikaio-
ovvng (fairness definitions), kaBévag otd Tovg 0TOLOVG GYESLACTNKE DGTE VA ATTOTL-
TOVEL HLX GUYKEKPLHEVT) TTTUXT TNG pepoAnyiog dikatompatios. Ta€vopmvrag, ot
OUVEYELXL, TOUG LITOYXWDPOLG COHPWVA HE TNV PePOANia TNV ool LITOAOYLoE (KaTd
@Olvovoa celpd), eoTLdleL 0€ LITOYWPOLG TOL TAPOLGLALOVY HEYAAES ATTOKALTELG
OTNV KOTAVOT KOGTOUG-ATTOTEAECHATIKOTNTAG HETAED TOV TPOGTATEVOHEVWV LITO-
opadwv. Télog, eEayel Zvykpitikés AvriBetikég Eneényroeis Ymoouadwv (Comparative
Subgroup Counterfactuals - CSCs), yio var Topéxel eppnvevdoeg mepAPeLg Twv v-
PNHATOV QLTOV.

[Mopark AT TapoLGLALOVE HLA TTLO EKTEVT] ELOOLYWYT] GTOV TPOTO e TOV 0moio Kabepio
and TG dvo epyaoieg mpooeyyilel To avtioToryo mpoPAnua kol B tpoomabicovpe vo
dikatoAoyrcovpe daONTIKG TNV TPOGEYYLOT) QUTH).

Xovtopun eloaywyn cto GLANCE kot otov AAyopiOpo Augmented
Space

To avtiBetikd eme€nynuoatikd oevapla Topadooiokd eaTid{ovy 6TV TAPOXT) TOTIKHG
ereénynootntag, Snhadn mpocappolovy Tic eEnynoelg o CLYKEKPLUEVA ETNPeQOEVA TTLY-
wéruna (affected instances 1) individuals, ccvtéd SnAadr) To &ropo ov ‘aoppintovron’ artd
TO €KAOGTOTE HOVTEND). QOTOGO, Ge TOANEG TTPAKTIKEG EPAPHOYES, Tar kabodikd avrifeTika
emeEnynuaTikd oevapia elvon Lo TOAVOTIHA, KoO®OG Tpos@épouy evpltepeg eENYNoELS OV
epappolovtal oe oAOKANpo Tov emnpealopevo tAnOvops. Puoikd, eivar duvatdv va KaAv-
@BoVV OAa Tar dTopa dnpLovpyOVTHG TOAXTTAR Tomiké avTifeTikd cevapia (EexwploTa
yla K&Be GTOHO), WGTOGO QUTH 1) TPOCEYYLOT) HELWVEL CTHAVTIKA TNV €PUNVEVGLHOTNTAL,
mov arotelel Paoikd otolyeio Tng kaboAikng emeEnynopotntag (global explainability).

Oppopevo artd mponyobpeveg epyaoies, 6mwg ot Rawal and Lakkaraju (2020); Kanamori
et al) (2022), o Kavouras et al| (2024) opilet tae KaBoAikd AvtiBeticd Ene€nynpotikd Seva-
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pto (Global Counterfactual Explanations - GCE) wg éva pucpd ocOvoro kabodikdv evepyeiwv
OXESLOHEVOV YO TNV QTOTEAEGHATIKT] TTapoyT] dikatompatiog oTov ennpealOpevo TAN-
Buopo (affected population). Mo emituynpévn Adon kaboAkdv avtiBeTikdv evepyeldv Ba
Empeme va Lkowvomolel Tpelg Paoikods oTOX0VS, GTOVG 0TTOloVG divel EHPAcT) Ko PeYOAo

HEPOG NG TpONYOUHEVNS Piffdloypagiog:

1. vo amoteleiton amd pikpod aplbpd evepyel®dv yix Tn SLLTHPNOT TNG EPUNVEVCILOTN-
Tag (size - péyebog),

2. VO EALOTOTOLEL TO KOG TOG EPOPHOYNG TWV EVEPYELDOV XLTAOV (cost - KOGTOG),

3. va mopéxel dikaompakio oe 660 TO dLVATOV TTEPLEGOTEPLL €N PEALOHEVA ALTOHA
(effectiveness - amoteAeopaTIKOTNTO).

[Mopatnpeiote 6TL oL Tpelg awTol otd)OoL pall cuvioTobv éva TPoPAnua PeAtioTomoi-
NONG TOAAATAGV AVTIKEWPEVIKOV cuvapTtioewy (multi-objective optimization problem).
Onwg emonpaivetal y oto Branke (2008), ou oyéoelg petad MOAXTAGV oTOXWV PeA-
TLOTOTOLNONG PITOPEL VoL elvai TTEPLTAOKES, KL 1) AVALYWYT] TOUG 0€ Evaty HOVO GTOY0, OTTWG
yivetan ouyvéa otnv ntpaén (mx Rawal and Lakkaraju, 2020), prropei va eiva tpofAnpotikr,
KOG avTég oL tosotnTeg katd Paon dev eivan cvykpioies. Oétovtag i GCEs wg éva
TpOPANpa TOANATAGY 6TOXWV PeATioTomoinong, ot Kavouras et al) (2024) eivou oe Béon
va eEepevviioouy Toug eyyeveig oupfifacpiovs (trade-offs) peta&d amote AeGPATIKOTNTAG KOL
KOOTOUG, Wlaitepa aTd Th OTLYHH TOL 1) EPUNVELGIHOTNTA eMLPAAAEL TEPLOPLOROVG GTO
TAN00G TV evepYELOV TTOL pITopel Vo epLéxeL 1) TeEALKT) AVOT) - cOVOAO.

H ebpeon kabBolikov avtilBetikodv e€nynoenv mopovotdlel pio povadikny mtpokAnon
BeAtioTomoinong ce clyKkpLon pe TNV e0pect) TOMKOV e€nynoewv. Amd pioe dAAN omTIKY
yovia, Tapatnpeiote 0TL, akOpn kot av virobécovpe OTL yix k&Be dtopo Ppioketan (pe Ko-
TTOLOV TPOTIO) 1) PEATLOTN TOTLKT) EVEPYELX, KL WG KXOOALKES eVEpYeLES emLAeyoUV éval LTTO-
o0OVOAO OAWV TV TOTKOV evepyelnv, ol GCEs pmopel v mopapévovv pun Pértiotes. To
mopadelype, 1 PéATIOTN KaBOALKT) evépyela pmopel var pnv eivor 1) KXADTEPT) TOTLKY EVEP-
YELX KAVEVOG HEHOVWHEVOL GTLYHLOTLTTOV, AAAG var autotelel cUpPLPoopod petad OAwv TV
BEATIOTWV TOTKOV EVEPYELDOV. ZVVETMOG, 1) Tapaywyn aotelecpatikev GCEs amautel pia
TTLO EKAETITUGHEVT) EEEPEDVIIOT] TOL XDPOL EVEPYELDOV.

H npoétaon tov GLANCE To GLANCE (Kavouras et al!, 2024; Emiris et all, 2024) eic&-
YEL SLPOpPEG TTPOCEYYIOELS YIOL TNV AVTHETOTLOTN ALTOV TOL TEPLTAOKOL TPOPANpHATOG,
oL oroieg polpalovtal éva Kovd Xopaktnplotiko: Pacilovtal otny opadoroinon aréuwy,
XPNOLoTOLOVTOG o dtadikacior Tov pe kdrolo Tpomo Aopfdvel vTOYN TOGO TOV XMOPO
XOPAKTNPLOTIKOV OG0 KOL TOV YWPO EVEPYELDV.

2 mapovoa epyacia, eoTdlOVHE o€ piot GUYKEKPLLEVT) TTPOGEYYLOT] €€ UTOV TOL
GLANCE — tov alyopiBpo Augmented Space cuykekpipéva — yix dvo Pactikodg Adyoug.
[Ipwtov, amotéAece TO KOPLO AVTIKELHEVO TV TPOCSTADELDV KL TNG GUVELGPOPAS TOV YPX-
@ovtog Kot TNV avdmtu€n tov GLANCE. Aebtepov, avtdg 0 ouykekpLpévog alyoptOpog
dev e€etdiotnke mepoutépw ot devtepn epyosia yie to GLANCE (Kavouras et al), 2024), ki
ETOL €XEL EVOL EVOLXLPEPOV YLaL TTEPOLTEP dlepebivON.

Onwg kot aAheg mpooeyyioelg evtog Tov GLANCE, o alyopibpog Augmented Space
(AS) Eexva pe T Slevépyela GLOTADOTOINGNG TWV ATOPWY GTOV XDPO XAPAKTNPLOTIKAOV, 1)
orolia eivat apketd ‘Aemtopepnic’, dnAadn dnpovpyei ToAAES ko pikpég cvoTddeg (clusters).
[N k&Be ocvoTdda, vIToAoyilel €éval GUVOAO TOLKIAWY EVEPYELDV TTOL HITOPODV VAL TTPOCPE-
povv ducatompoéio oto kevtpoeldég (centroid) tng cvotddac. H Pacikn vdBeon edo eivon
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(b)

Yxnpa G.1: AwaicOnon micw otd tig pefddovg cvatadonoinong (0mwg TapovoLtdleTol 6To
Kavouras et al! (2024)). () To GLANCE Eexiva dnpovpy®vtag motkileg vio-
Ynpleg evépyeLeg ot T KEVIPLKA OMpeid TV GLOTAdWV TOL GXNHaTilovTaL
oToV XWPo Xopaktnplotikodv. (B) O teAkég cvotadeg oxnuartifovron Paoet
TNG OHOLOTNTAG TOCO GTOV XWDPO XUPUKTNPLOTIKOV OGO KoL OTLG EVEPYELEC,
OHADOTOLOVTAGS TTEPUTTMOCELS TTOL LITOPEL VI ELVOLL ATTOUAKPUCHEVEG GTOV XWOPO
XOLPAKTNPLOTIKOV 0AA& va potpalovTal mopopoleg evépyeteg. (y) Avtifeta, 1)
oLGTADOTOINCT) WTOKAELGTIKA PAGEL OHOLOTN TG XXPUKTNPLOTIKOV LITOPEL VX
odnynoel oe pn PEATIOTEG EVEPYELEC, €LTE EMLTUYXAVOVTAG LYNAT QTOTEAECHO-
TIKOTNTA He VYNAO KOO TOG €LTE XOUUNAO KOGTOG JLE HLKPT) OTTOTEAECPUATIKOTNTCL.

Ot dropa pe vymAr opordtyTa givon TOAVO va porpdlovtan TapdpoLa ‘omTIKY Yovia® Tov
oplov AOPACNC TOL HOVTEAOL KoL, GUVETMG, HITOPOLV var emLTUYOLV ditkoompoior HEG®
TaPOLOIWY, KAOU KOoTOUS evepyeiay. To Zympo TOPOLCLALEL Evar TapPadeLYpa OTTOU
TECOEPLG PLKPEG CLOTADEG CUVIEOVTOL e TPELG DLPOPETLKES eVEPYeLEG 1) kabepLia, TTOL TTpo-
KOTTTOLY oTO TOL KEVTPLKA OTELX TOVG. AUTEG OL EVEPYELEG TTPOGPEPOLV ILOUPOPETLKES X~
dpopég yia v emitevén dikarompakiog ota péAn tng cvotadag, divovtag cto GLANCE
Vv evel€la vor emAEEEL TNV KATAAANAOTEPT) EVEPYELX OPYOTEPXL.

310 télog avTng NG apxlkng eacng, Aowtdév, to GLANCE cuvdéel kabe opddo atod-
HwV pe éva cOVOAO TOOVOV evePYELOV. Xe ALTO TO OTHElD, Ol SLAPopeg TPoceYYioelg TOv
GLANCE oastokAivouv, kot ot 8o kot oto e€nfg, Oa emikevipwbolpe amokAeloTikd oTov
aAlyopiBpo Augmented Space. Xt devtepn @aom, o alyoplOpog avtiotolyel oe kK&be oTLY-
pdTUITo TNV KaAUTEPN Suvay evépyetaf] ad To chvolo evepyeldv g avtioToryng op&-
dog. AuTO OLCLAGTLKA ATTELKOVILEL TA GTLYHLOTUTIA GE £VOy XWDOPO LYNAOTEP®V SLACTACEWY
— 1OV emavénuévo ywpo (augmented space) — TOL KOILKOTOLEL TOGO TA XAPAKTNPLOTIKE OGO
KOUL TIG OXETIKEG EVEPYELEG TOV CTLYHLOTUTTMV.

3t ovvéxeln, o alyoplBpog dievepyel cvotadomoinon oe aLTd To ETAVENHEVR OTLY-
potuna, oxnpatifovtag t véeg cuoTddeg 6TOV EMAVENUEVO X®OPO. 2TO TENOG, atd K&be ov-
otado emAéyeTaot pio TeALKn evépyela pe faon pio oA, arinotn (greedy) diadikacio. H
KOpLOL KOLVOTOLR, WG TOGO, TOL adyopiBpov Augmented Space éykeltal e avtr TNV CLOTA-
domoinom evrog TOL ETAVENHEVOL XDPOL XOPAKTNPLOTLKOV KoL evepyel®v. To okemTikd yio
TN GUHTTEPIAN YT TNG OHOLOTNTOG XOPOUKTNPLOTIKOV elvat OTL OpHadOToLel TOAPOHOLX ATOHA,
pe TNV idta Aoyikr) mov ekBéocape ka yio Tnv apxLkr ¢ao). To kivitpo yix T cupmepiinym
KOL TV EVEPYELDV, OPWG, ELVOL OTL OV TTOPOOLEG EVEPYELEG TPOCPEPOLY dlkatoTpakio, elvo
EVKOAOTEPO VXX EVTOTILOTEL LA KOLVT], XOUNAOD KOGTOUG KO VYNANG UTOTEAEGHATIKOTITOG
EVEPYELDL, OLKOMT] KOLL 0tV TOL ATOHX SLOLPEPOLY KATTWG WG TTPOG T XOAPAKTNPLOTIKA TOLS. To
SxnNpo detyvel éva mapadetypo 61ou To dtopor opadomotovvtal Aol TOGO TG OHOLO-

! Me ot Aoy, 6mwg Ba acohovBodvtay yia pia tomkr) avtiBetikn e€ynor. AnAadn, amd Tig evépyeleg
NG GLETADNG GTNV OTOLX AVIIKEL TO GTLYHLOTULITO, KPUTWVTOL EKELVES TTOL ETLTLYXAVOLV SIKOOTTPaEiaL Yo
TO GUYKEKPLHEVO OTLYHLOTLTIO, KaL outd avTég emihéyeton 1 @OnvoTepn (pe to pkpdtepo k66Tog).
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TNTAG XOUPOAKTNPLOTIK®OV OGO KL TG OHOLOTN TS EVEPYELDOV.

Onwg emonpaiveton kot oto Kanamori et al) (2022), to va facileton koveig amokAel-
OTIKA o€ pla YEVIKT], O POHEPT] LA TADOTOLNCT GTOV XWOPO XAPAKTNPLOTLKOV, KAB®OG KL 1)
avaBeon pog povo evépyelag oe kabe cuoTdda popel v 0dnyrocel oe vITo-PEATIOTEG KO-
BoAucég evépyeteg, vmoPipalovtag eite To KOO TOG eite TNV amotedecpatikotnTo. [t Top&-
Serypa, oo Txfpa [G.1d, Ta dropa cuaTadomolotVTAL PAGEL TNC OPOLOTITAC TWV XAPAKTY)-
PLOTIKOV TOUG, KoL eTMAEYETOL o EVEPYELA YOt OAOKAN P TNV Op&SaL. ZTnVv PitAe opdda, ot
EVEPYELEG TTALPOLGLALOVLY OPKETH TTOLKLALQL, KL ETOL 1) ETTLAOYT] HLXG HOVO eVEPYELXG eTLPAAANEL
Korolov oUUPLRocHO PeTOED ATOTEAEGHATIKOTNTOG (OTTWG aTelkovileTal GTO TYNHA) KoL
KO0 TOVG. ALTO LIToYpoppilel Tnv afio TG opadomoineng mwov AapPavel vToOYN TOGO TX
XOPAKTNPLOTIKA OGO KOl TIG EVEPYELEG.

Yovtoun stoaywyn oto FACTS

Qg eloaywykd mopadetypa tng dikatocvivng ot Stkowonpakia (fairness of recourse), oG
e€etdioovpe éva vToTlBépevo oot Al plog etalpeiog oL XPGLOTOLELTAL IO TTOPA-
OELg TPOAYWwY®V, To omoio Paciletal oe dvo yapaktnpiotikd: CTE (cycle time efficiency)
kot ACV (annual contract value). 3to Zynpo eppavilovtal LITAAANAOL TOL aVKOLY
oTnV apvntikn tpoPAemtopevn katnyopia, eved emutAéov eppoviletot éva LITOTIOEHEVO Y-
PAKTNPLOTIKO QUANG, TTOL autetkovileTal pe KOKAOLG kot Tpiywva. Ta BéAn vrodetkvdovy
TIC OUVTOPOTEPEG eVEPYeLe Yo kdBe LITAAANAO Yl va emitoyel Sikonompaior (SnAad,
Tomikég avTifeTikéG evépyeleg - local counterfactual actions), ko ot apiBpoi ot fEAN avti-
TTPOCWITEDOVV TO UIKOG TOVG, TO 0TT0i0 BewpelTal wG TO KOGTOG TNG AVTICTOLYNG EVEPYELXG.
TN mopadetypa, o 1 propel va PeAtiwbdel kuplwg pécw TG amdKTNoNg £pywv LYNANG
aklag (ACV), ko 1) ouykekplévn evépyela el KOGTOG o0 pe 2 (To prkog Tov BEAOUG).

Av e€eTdoOoULpE TO PEGO KOGTOG, ALTO JLAPEPEL VA YUAN: 2 yla T @UAN 0 ko 2.2 yix
™ QUAR 1, voSetkviovtac adikia otn Stkarompatia katd e puAtc 1 f. Qotéco, ot cuy-
ypogeig tov Kavouras et al) (2023) vtootnpilovv 0tL 1) Stkatoovvn otr dikatompagio eival
L0 TTEPLTAOKT atd T0 amAd péco kO6aTog dikaompagiog mov eEetdleta ot oxetikn Pu-
BAroypapio (.. Gupta et al), 2019; Sharma et all, 2020; von Kiigelgen et al/, 2022; Kuratomi
et ali, 2023), koL @épvouv pio oeLPR QIO ETTLYELPTIHALTAL.

[Ip®TOV, TO HEGO KOGTOG TOPEXEL LA TLEPLOPLOIEVT] ELKOVAL YLOL T LTOULKX KOGTN) dL-
Koompagiog Kol pHropel var mapeppnvedoel TIg avicotntes. I mapadetypa, oto Xxnpa
G.2d, 1 pUAR 1 éxer évav outlier pe vVYMAS KO6GTOG 6, TTOL eMNPeGlEL EVTOVa TOV HEGO OPO.
I va Tpoo@époupe pia o kabapry elkOvVa, 1) GLVAPTNOT KOTOVOHUAG TWV KOGTMOV, TTOL
ovopaleton karavourj koorovg-amoteleouarikotnrag (ecd) oto Kavouras et al) (2023), Seiyvet
™V avTioTédpion petakd Sikarompatiog ko kdatoug (Eynpa [G.28). Bacilopevor oty ecd,
oL ovyypageig Tov Kavouras et al) (2023) diopop@idvovy vEoug 0pLopoOS/HeTpLkég TG dt-
Katoovvng ot dikatonpatia, ol omoiol facifovtal oe dAAA KpLTpLa, TEPX ATO TO PEGO
K00T0G. [t Tapadetypo, oV G& PL GUYKEKPLUEVT) EQAPHOYT] OL EVEPYELES e KOGTOG TAVW
artd 2 BewpodvTal AVEPLKTEG, HOVO TO 60% TNG YUANG 0 prtopel vo emtitO) L dikatompoaéio, oe
oLykpLon pe 10 80% NG GUANG 1, AVTIOTPEPOVTOG TNV HEPOAN i TTOL TTPOEKLYE ATO TOV
péco 6po. AvTOG 0 0pLOpOG avapépeTal G equal effectiveness within budget oto Kavouras
et all (2023).

EmutAéov, n mapoxn Sikoompa&iog atoptkd oto kabe GTLYHLOTUITO TTPLV otd TOV LITO-
Aoyl Tov pécov 6pov (61w oto SxApa [G.2d) propel va pmy eivar xprioin o oplopéva
npakTika oevapia. H paxpo-mpoorrikij mov mpoteivetal oto Kavouras et all (2023) avtipe-

2 Enpewdote Ot 1 dikaloo OV ot TPOPAeYn e 6POLG CTATIOTIKNG LGOTLHIOG LKOLVOTTOLELTAL.
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Yxnpa G.2: (eikova atd Kavouras et al) (2023)) (o) Mo asewcdvion tov ennpealOpevoV
ATOHWV, TOL OPLOL ATOPACTG, TWV EVEPYELOV KOL HLOG LITOORASAS (TTOV emTLoN-
HOLVETOL [LE TN OKLOGHEVT) TTEPLOYT]) EVTOG TOL XWDpoL Yapaktnpiotikodv (B) H
OWPEVTLKT] CLVAPTNOT KATAVOUNG TOV KOOTOV SIKXLOTPaEiog Yo ToL ATOHO
oto () (y) Z0ykpion dvo evepyeldv mov emitpémovy dikonompaior yiaw 0o
aTopo.

negative \positive

Cost
I
+

TOTLleL Pl Opado aTOHV GLUANOYIKE, aElOAOY®OVTOG eVEPYELEG TTOL eMNPeAOLY OAX T
HEAN, OV B PITOPOLCAV VO OVTLITPOCKOITEDOLY KOLVWVLIKEG 1) OPYAVWOTLKES TTapepPaoelg
(7.X., pOPOAOYLKEC EACLPPVVOELS 1] EKTTALOEVTIKA TTPOYPAUHATA). AVTO atelkovileTal 6To
Yxfpa HE Tt ATOHA GTNV OKLUGHEVT) TTEPLOXT], TA OTOL PHITOPOVY VO EXTOVV ML OpL-
COvTi evépyela OTTwG 1 a; N 1) as. H evépyela a; katadetkvoel tnv afia autng Tng Tpoo-
TTIKNAG: €VA oL 00 PULAETIKEG LTTOOPAdES Bar elyav TOPOHOLX KOGTH GTI HLKPO-TTPOOTTTLKT,
1 evépyelx a; w@elel duoavaroya tn GUAN 0 oe oxéon pe T QUAR 1. AvTh 1) TPOOTTIKY
avadelkviel GLOTNHLKEG TTpoKATAAPELS TTOV prtopel va TopafAETovy oL aELOAOYNCELS O
QTOHLKO emtimedo.

Téhog, n mapadooioakr] dikaosOvn ot dikaonpagio eEaptatar omd o GLVAPTNON
KOGTOUG, 1] OTTOlX ELGAYEL TPAKTIKOVG TEPLOPLEHOVG. O TPOCILOPLOROG TV XOUPAKTNPLOTL-
KOV 1oL eivor epappocpo 1 Nk amodektd var Tporomolnfovy mepUTAEKEL TNV AvAALGT)
(Rawal and Lakkaraju, 2020; Ustun et al;, 2019). ' va avtipetomiotel avtd, to Kavouras
et al. (2023) mpoteivel ko 0pLopols dtkaoovVNG aveEPTNTOLG ATd TO KOGTOG, OTTWS O
equal choice for recourse, mov AapPdavel vITOYN TOV APLOPO SLabécIpwY evepyeldY avTi yio
T0 K00T0G. [l Tapadetypa, To 1 €xel pOvo pioe emthoyn) yia Sikoompakia, eVed TO To EXEL
d00, yeyovog mou vrodetkviel adikia, akOpn koL av kot ot dvo €xovv loa KOGTN He TNV
EVEPYELXL Q1.

Baoel tov mapandve mapatnproewnv, to Kavouras et al| (2023) mpoteivel eniong to
FACTS (Fairness-Aware Counterfactuals for Subgroups), évav adyopiBpo mov oyedidotnke
yle Tnv arodotikn afloAdynomn tng dikaroovvng ot dikanompatio. To FACTS vroloyi-
Cev N mpoavopepBeioca KATAVOT) KOGTOVUG-ATTOTEAECHATIKOTNTAG, 1] OTOLX ALTTOTUITAOVEL
NV eoppomia peta€d KOOTOLG Kol Skaompaiog TOG0 GTN HIKPO-TTPOOTTIKY) OGO KOl
0TI HOKPO-TTPOOTTIKY. 2TN oLVEXELD, aEloloyel amrodoTikd T dikatocUvn 6T diKaLoTTpa-
Elo, e€epeELVAOVTOG TO XDPO YOPAKTIPLOTIKWOV KL EVTOTILOVTOG LITOOHADEG He pepoAnia
otn Sikowompakio, Paoel evog atd TOLG SLAPOPOLG OPLGHOVS SLKXLooLYNG TTOL diveL TO
Kavouras et al. (2023) (ko tov vrtohoyilovrou pe tn PonBetax tng ecd). To FACTS xartatdo-
O€L HEPOANTITIKOUS LTTOXWPOLG KAl TAPEXEL EPUNVEVCLILES TTEPLATIPELS, TPOCPEPOVTAG EVOLY
OLOTNHATLIKO TPOTTO e€éTaong TNG OLKaloGOVNG TOGO OTH HIKPO-TTPOOTTIKY) OGO KoL OTN)
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HOUKPO-TPOOTTTLKY.

Ev katoxAeidr, To Kavouras et al| (2023) éxel onpovTikn eVvoloAoyLkr oA A& KoL TEXVLIKT
OULVELCPOPA. Xe evvololoylkd emimedo, Stakpivel PeTa€D TNG HIKPO-TPOOTTIKIG, 1) OTOiX
€0TLALEL OTA ATOULKA KOGTN), KOL TNG HAKPO-TPOOTTIKHG, TTOV OELOAOYEL TIG EMITOCELS O
eninedo opddog. Ewodyovton emiong véeg évvoleg tng dukatoovvng otr dikatompakia, mov
EMEKTELVOVTAL TTEPA OITO TOVG TEPLOPLOHOVS TOL PHEGOVL KOGTOVG. 2e TeYXVLKO eminmedo, mpo-
opépeL tov alyoplBpo FACTS, o omoiog a€loloyel amodotikd tn dikotos O ot SikaLoTpa-
Elo eEepeLVOVTAG TO XWOPO XAPAKTNPLOTIKOV KL EVTOTILOVTOG LITOOUASEG pe PepoAnPia
otn dwcanompadio.

Baowkn Zvvelopopd tng Aumdwpatikng Epyaciag

Avtn n dwxtpiPny e€etdlel tn SumAn TpOKANGN NG dikatoc VNG Kot TG eme€nynotpotTn-
ToG HEGW MG AeTtTOopEpOLG HeAETNG S0 Paoikav epyactov: FACTS (Kavouras et all, 2023)
kot GLANCE (Kavouras et al), 2024). K&Oe epyacio avtipetomiler pio amd avtég Tig faoticég
TPOKANCELS, WOTOGO TTPOGPEPOLY KOl GUITTAN POHOTIKEG TTPOOTITLKES YLO TN XPrioT) arvTiOe-
TIKOV eMEENYNHATIKOV oevapiov atny aloAoynon kot PeEATIwOT GUOTNHATOV HNYOVIKNG
p&dnong.

[Mopot kabe mhaiclo éxel dwakprtn) eatiacn — to FACTS otov éleyyxo dikatoovvng
kot 7o GLANCE o71ig xaBoAikég avtiBetikég e€nynoelg — ot 1 StxtpiPr) Oo emiyerprjoet
emiong va Slepevvoel TIG LG LVEETELG HETAED AVTAOV TV DO TOPEWV. AVOTTOPAYOVTOG TLG
peBodoroyieg twv FACTS kar GLANCE, Sie€ayovtag emutAéov metpdpota kot eEetalovrog
TOL TTOTEAECPATA O SLOPOPETIKA TAXUOLX, ALTH 1) EPYNCL GTOXEVEL VO orvadelEel TG
1 dikatoo v Kal 1) EMEENYNOHOTNTA HITOPOVY VO XAANAOCUUTTAN POVOVTAL GE TTPAKTLKEG

EPUPHOYEG.

Avtifeticég EEnynoeig: Baowkoi Opiopoi, MéBodotr kan
E@oappoyég

Ye 0An 1 dudpkelx TG epyaciog pog, Eektvape pe tnv vobeon O0TL pog divetan éva
povtéAo MM to omoio emiAvel éva TpOPANp TAELVOUNONG Kol eKQPAlETOL PHECW HLAG OUL-
vaptnong h : X — Y mov aetkovilel oTiypotuna oe etikéteg. Kabe otiypotumo éxet
évav aplOpd amd yapoxtnprotikd (features), ov AvTLIOTOLYODV GTIG CUVIOTOGES - SLUGTA-
G€Lg TOL XWpov X.

Me dedopévo autd, otnv mapovoa evotnta Bo dovpe to TL elvot oL avtiBeticég eEnyn-
O€LC, KATTOLOUG 0PLOPOVG ToLg dNAadr), TOCO0 Ge TOTLKO 000 kot o€ KoBoAwko emimedo. Emi-
ong, Oa PeAETOOVHE ETLYPOPHATIKA TPOTYOUHEVES EPYATiEC TAV® GE UTA T {NTHHATAL,
Kot TéAog B GL{NTHCOLHE TEPLANTITIKA TNV TOAD GTHAVTIKT EPAPHOYT) TOV OVTIOETIKOV
eEnynoewv mov eivo 6Tov éAeyxo tng dikalocvg Twv HovtéAwv MM.

Tomukég AvtiBetikég EEnynoeig

Ou avtiBeTikég e€nynoelg (counterfactual explanations) elvat onpavTikég yla Tnv korta-
VON O ALTIWOOV CYXECEWDV, ATOVIOVTAG GE EPWTHOELS TOTOL «TL B cLVERouve av;». XTa
OLOTAHOTO PNYOVIKAG HaBnong, autég oL eEnynoelg fonboldv oto va katavonbel modg ot
QAAOYEG OTOL XOPAKTNPLOTIKG £Ll60d0L Bar propovoav va petafdlovv Tnv tpoPAemn evog
povtédov. INa mopdderypa, edv éva povtélo amoppimntel pla aitnon davelov, pia ovtiBeTik
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e€nynon Ba propovoe va vodeilet OtTL pLa avEnon oto etriolo eleddnpa Bor dAAale tnv
amOPOCT) TPOG OPEAOG TOL CUTOVVTOG. ZNHOAVTIKO THAHA TNG dadikaciog vt ouroteAet
1 e0peon TV EAQYIOTWV ATOLTOVHEVOV AXAAAYOV GTA XAPAKTNPLOTLIKA EVOG GTLYHLOTULITOV.

Ov tomikéc avtifetikég e€nynoelg (local counterfactuals), Aoutov, avalntodv To TANGLE-
oTEPO OTLYHLOTLUTIO TTOL O TpokaAéceL addoyr) 6TnV TPOPAEYT TOL HOVTEAOL. ZTNV QTAT
TOUG HopYT), oL ToTLkéG avTifeTiKéG e€nynoelg emdiokovy v Bpouv eldyloteg aldoy€g
OTO OPYLKO GTLYHIOTUTTO WOTE TO HOVTEAO var kataAnEel o€ pia Sloupopetikt), emtOupntr
npoPAeym. To épyo twv Wachter et al, (2017) é0ece éva Bepédo opilovtag To TPOPANpHX
WG EAAYLOTOTOLNGT] PLOG GLVAPTNOTNG KOGTOVG TTOL LooppoTtel peTaEl Tng emBuuntrg mpod-
BAeyng ko g eAdyioTng amdoTacng amd To apyikd otiypotumo (BA. Eéicwon R.29).

[Ipoxepévou va dnpovpynBoiv kahég avtiBetikég eEnynoelg, vITpyYoLV dLdPopa KpL-
TP TOL TTPETteL va An@Bohv vItdYm, 61twG 1) pikpdTep SuvaTr) aAAoyn, 1) PEAALOTIKOTN T
Kot 1) dvvatdTnTa Sphong TV TpoTetvOpeVeY aldayov. MéBodol 6mtwg to DiCE (Mothilal
et al, 2019) tpooOétovv kot TNV évvolx TG TOLKIALAG OTIC avTIOETIKEG EENYTOELS, EMLTPE-
TOVTAG TTOAAOITAES Kol SLoLPOPETLKES eTTIAOYEG Yia TNV emtitevEn Tov atoyov. To DICE xpn-
owomolei Sadikacieg Tuyaiag emAOYNG kKAl KATARAANAOLG TEPLOPLOROVG YIX VoL TaPAyeL
Evot 6OVOAO avTIOETIKOV TopaSELYPATWV TTOL ST PobV TNV EPUNVEVCLUOTNTA KoL T Su-
vatotnTa Sphondf.

Extoc a6 to DiCE, vtdpyovv ko dAleg pébodor 6mtwe to FACE (Poyiadzi et all, 2020),
70V Sl POALleL OTL oL vTIOETIKEG eENYNOELG ELVOL EPLKTEG KOLL OLVTLITPOGMOITEDOLV PEALAL-
otk povordtioe addaywv, To FOCUS (Lucic et all, 2021), mov emitpémel TNV mapaywyn
avtilfeTikdV e€nynoewv yio pn Stapopiotpo povtéda, kot to Growing Spheres (Laugel et al.,
2017), T0 omoio avalnTd TNV eAAYLOTN SLTOPOYT] TOL APXLKOD GTLYHLOTUTTOV IO VAL ETTLTO-
xeL TNV embopun T aAdoyn) oty mpoPieym.

H mopoaywyr tomikodv avtifetikdv e€nynoewv pmopetl va eivol SOGKOAN Kol amrontn-
TIKN, Wlaitepa o TAAIOLX OTTOL EKPPALETOL WG KATTOLO TTOAVTTOPOUETPLKO TPOPAN o BeA-
TLOTONOINGMNG, OOV 0L 6TOXOL GUY VA cuYKpolLovTal. AvTéG oL TPokANoeLg delxvouv OTL 1)
TOPALYWYT) TOTLKOV AVTIOETIKOV EENYNOEWMV ATTOLTEL LA TPOGEKTIKT] LGOPPOTTi PeTAED TNG
emlOupunTng mpoPAeyng, Tng PLKpOTEPNG SUVATHG XAAXYNG KoL AAAWDV TTEPLOPLOUDV, OTTMG
n duvatotnta dpAong Kal 1) ToLKLALX.

KaBoAwkég AvtiBetikég EEnynoeig

H mo mpdopatn épevva otig avtiBeTikég eEnynoelg éxel emektabel ommd v TomIKN
avaAvoT oe po véx katnyoplo: Tig kaBodikég avrifetikés eényroeis (global counterfactuals).
AvTég 6TOYEVOLY OTNV TTAPAYWYT) EENYNOEWV TOL KAADTTOUV OXL HOVO HEHOVWOHUEVO GTLY-
pLOTLTTAL AN OpAdEG 1) Kol OAOKAN PO TOV TANOLGHO, EMLTPETOVTOG TNV KATAVONGT] TNG
OUUTTEPLPOPAG TOL HOVTEAOL ¢ eTinedo OHAdWV. Xe £va GUGTNHA AVTOHATNG EYKPLOTG dX-
velwv, yla mopadetypa, pio kaboAkn avtiBetikr eEnynon propei vo avapépet 6tLn acdénon
ToL etnoiov peBov katd 50.000 SoAdpila yia &topa pe Aryotepa atd 10 xpovio Tpovrn-
peoiog Oa 0dnynoel oe éykplon, eved ylo TeplocoOTepa Xpovia apkel pia av€non 30.000
dohapiwv.

AReS (Actionable Recourse Summaries) To AReS (Rawal and Lakkaraju, 2020) eivou otd
TIG TPWTEG epyaoieg 0TI kaBoAlkég avTiOeTéG eENYNOELS KL OTOXEVEL OTNV TUPAYWYT)
EPUNVELGLHWY GLUVOPErV Kovovev yia Tn dikoompakio. Emdiokel va Bpel kavoveg Tov

* To DiCE to xpnopomotei kot n vAomoinomn tov GLANCE wg vopovtiva yia tnv tapaywyn eEnynoewy,
yla cutd To AdYo ToL Sivovpe Alyo TopaITEV® TPOCOXT).
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\ < < , ,
tOmou: “av fi = U1 Ko fa = Uy, TOTE al\GEte to fi oe v] xou t0 fy oe v)”. To AReS

dtxtumdvel Tov 6TOXO TOL He Pl cuvaptnot PeAtioTomoinong tov cuvdvalel Tnv k&AL,
TNV ATTOTEAEGHATIKOTN T KOl TO KOGTOG:

)\1 - Cov + )\2 - Eff — )\3 . COSt1 — )\4 : COStQ,
oTouL:

e Cov xai Eff avtutpocwmebovv Tnv k&AL Kol TNV AoTeEAECUATIKOTITAL TOV KOVO-
VoV,

e Costy kot Costy eivor oL SLopopeTiikég SO TAGELS TOV KOGTOVG TTOL GLVIEOVTOL LE
TNV EPAPHOYT TOV KAVOVOV.

O mapapetpol A kaxBopilovv TIG TPOTEPALITNTEG, EVK ELGAYOVTOL KOl TTEPLOPLGHOL TTOV
otoxeboLV va dlatnpeital 0 aplOpoS Kot TO €DPOG TOV KAVOVOV KATW OO KAITTOLO KATOPAL,
ylo St pnom Tng eppUnveLoOTNTAG. AV Kot To AReS aumodetkvieto amoTeAeGUATIKO OTLG
TEPLGCOTEPEG TEPUTTAOGELS, TAPOLGLALEL TPOPANAT TAYDTNTAG O€ HEYOADTEPA GOVOAQL
dedopévmv, KoL 1) ATOTEAECHATIKOTI TR TOV £XEL ALpKETH SLKVPAVOT) O OpLopéVa Tapadely-
poto (0mwg Bor Sovpe kat ot cuvéyela), kKabloTOVTAG To AydTepo afLOTTLOTO GE KATTOLEG
EPAPHOYEG.

GLOBE-CE Mia mio mpoogartrn pébodog yio kaboAikég avtibetikég e€nynoelg eival to
GLOBE-CE (Ley et all, 2023). To GLOBE-CE BeAtiovet Tig kaBoAtkég avtiBetikég eEnynoeic,
ETULTPETOVTAG G€ OLALPOPETLKA ATOHN VoL £XOLV TTPOCAPHOCHEVA PEYEDN aANoYdV, QAN e
TOV TEPLOPLOPO OAEG OL dAAAYEG Vo elval oTnv Ol katebBLVET, TpocapprolovTag TNV Ka-
Avymn Ko To KOGTOG COHPOVA He TIG avaykeg Tov TANOLopHoL. Avti va meplopiletal oe
otabepég alayég yia 6Aovg, To GLOBE-CE epappolet éva mpocappocipo péyefog evep-
YELOV, KavovTag TIG avTiOeTiéG eENyroeLg o amoTeAeopaTIKEG Kol otkovoptkéc. H xprion
Kkovovwv If/Then emitpénel TNV eVEOUATWOT) KATNYOPLKOV XAPAKTPLOTLKOV, KAVOVTOS TN
péBodo mo mpooity yio molktAOpopPa dedopéva.

Av kot dev dlatumdvel pnTd kamolo tpoPAnpa PeAtiotonoinong, to GLOBE-CE oto-
XEVEL OTNV eELCOPPOTNGN TNG KAALYNG He TO eAdYLOTO KOGTOG, OOV k&Be Gtopo popet
voemnpedletal SLaQopeTKA AVAAOYX He TNV TTpocappoyT) Tov peyéBoug. Ilapdtt avtod Pel-
TLOVEL TNV KAAVYT) KL TO PEGO KOGTOGC, HELWVEL TNV EPHNVEVCLHOTITO OE TEPLTTMOCELS OTTOV
1 TolkAlx TV peyefdv avfavetol ToAL.

CET (Counterfactual Explanation Tree) To CET (Counterfactual Explanation Tree) cuv-
dudlel T Sixpdveia Ko T CVVETEIX PEGW £VOG dEVTPOL amoPacewv, atodidovtag avtie-
TIKEG EVEPYELEG O€ OPASEG ATOHWV pE TTopoOpoLx Yapaktnplotikd. H doun dévrpov emtpémel
TN ca@t KoL cuvernn eENYNoT, LKA GE TEPUTTOCELS OPYXVIOUMOV OTTOL 1) dtapdveta elvo
anapaitntn. To CET mpoomabel vo eloyloTomoL)oeL To KOGTOG VKD TAVTOXPOVA HEYLGTO-
TOLEL TNV UTOTEAEGHATIKOTNTA Kot TN dtatnpel 660 To duvatdv amhovotepn pe Paon tov
aplOpd Twv @OAAWV ToL dévTpou.

To mpoPAnpa Pedtiotonoinong mov mpoonabei va Aboel to CET Swapoppdveton wg
eAXXLOTOTTOLNOT) TNG AKOAOLONG AVTLKEHEVIKNG CLVAPTNONG:

Cost — YEff + A(#Leaves),

omov:
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e Cost eiva To péco k66T0g Stkatompaiog ylo To &TopQ,
o Eff elvon n amoteleopatikdTnTo TV avTIBeTIKOV dpdoewv, Ko

o #Leaves eivat 1o TAN00G Twv @OAAWV, TOL AVTIKATOTTPLLEL TNV TOAVTTAOKOTNTA TOV
dévtpov.

H péBodog CET e€looppormel Ta vTLKPOLOHEVA KPLTHPLY, HE TNV TTOAVTTAOKOTHTO TOV
SEVTPOL VO HELDVEL TNV EPUNVEVCLHOTNTA KOL Vo eMPAAAEL LYNAEG VITOAOYLOTIKEG XL~
moelg. [apd v emtvyio tov CET otnv mapoaywyn cuvenov kot Stapavav eEnynoeny,
1] LITOAOYLOTIKT] TOV amoitnoT eivor e€opeTikd LYNAN KoL 1] AITOTEAECUATIKOTN T elvo
OXETIKA XOUNAT) o& peydho cOvola dedopévmv.

Awotdnwon IpopAnpatog twv KaBolkwv Avtibetikwv EEnynoenv ané GLANCE
T Ttov opLopd TV kaboAkdv avtifetikdv eEnynoewv, to GLANCE gpmvéetol oo Tig ep-
yaoieg mov culntoope Topomdve kot Oétel Tpio faocikd kpLtnpro: YapnAo k66 Tog, LYNAN
ATTOTEAECPATIKOTNTA KAl TTEPLOpLopévo TAN00¢ evepyeldv. Etot, puo kaboAkr] avtiBetikn
eEnNynon mpémel va emAEYEL TO PLKPOTEPO OUVATO GOVOAO EVEPYELDV, VAL EAXXLGTOTOLEL TO
KOG TOG UTWV TWV EVEPYELDOV KOL VO HEYLOTOTIOLEL TNV KAALYT T®V OTIYHLOTUTTOV. AUTA TO
KkpLnpx dropoppdvovtat oto e€ng multiobjective TpofAnpa feAtiotomnoinong:

minimize size(.5)
SCA
minimize ave(S, Dayf) (G.1)

maximize eff(S, D
xim (S, Dagy)

omou:
e size(S) avtutpoowmnevel To TAN00C TwV dpdoewv 6To cVUVOAO S,

o avc(S, Dy,sr) T0 péoo k60 Tog Stkanompakiog yio ta ennpealopeva otrypotuna (affected
instances), kot

o &ff(S, Dyyy) TNV ATOTELEGHATIKOTNTA TOV SPACEWVY YIOL TIG TEPUTTWOGELS TTOV EITNPE-
alovtot opvnTiKd.

2toy0g eivan va emitevyBel 1) fEATIOTN LWooppoTTia PETAED AVTOV TWV AVTIKPOLOHEVWV
oTOXWV, kKabmg 1 ad€nomn g KaAvyng kot 1 pelwon tov k66Tovg cLVHBWS aTALTODY -
&non tov dpdoewv. To GLANCE ypnoylomotel cuotadonoinon yix va emthéEel éva cOVOAO
OVTUTPOCMOITEVTLKOV dPAGEWV TTOL KAADTTTOLV HeYAAEG OPHAOEG GTLYHLOTUTTWV e TAPOHOLES
VALY KeG.

AwcarooVvn tng Aucaronpaéiag: pio Enpoviikn Eeappoyn twv
Avtifetikov EEnynoeswv

Ou avtiBetikég e€nynoelg mapéyovv otovg Xproteg kabodnynon yo To oG va oA -
EOUV YOPOAKTNPLOTIKA TOVG DOTE VO TETOXOLV EVVOIKA TOTEAEGHATA, OTTWG EYKPLOT) doX-
velov 1} Tpoaywyn. Q6T000, eKTOC ad TNV emeEnynopoTnTa, oL avtifetikég eEnynoelg
pitopovy va ypnotporonfovv kot yia tn dikatoovvn ot dikowonpakia, Stacpaiilovtog
0TL opddeg mov Ba mpémel va TpooTaTeLOVTUL Ao peEPOANYia, OTWG YUAN 1) @OAO, dev
avtipeterilovy dvion emdpuvon yia vo emitiyovy éva BeTikd amotéleopa.
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[Mopadootokd, n Stkatoodvn 6T Pnxovikn padnon éxet emkevipwel otn dikatocotivy
g poPAeyng (Mehrabi et al., 2022), n omola oToxevEL 6TO Vo pnv emnpedovtot dvoava-
Aoy oL TpoPAEPeLS TOL HOVTEAOL OUITO XOPOKTIPLOTLIKA OTTIWG 1) YUAT 1) TO pUA0. Q6TOGO, 1)
pocéyyLomn auth) dev e€etdlel T SLoKOALX TTOL PITOPEL VO AVTLHETOTLLOVY GUYKEKPLUEVEG
opGdeg otnVv emitev€n TOL £VVOTKOV amoTeAécpATOG, dNAadT To KdoTog dikanompatiog. H
dikatoovvn g dikatompatiog Tpoxwpd mépax ad tn dikoos vV NG TPOPAEYNG, EGTIX-
Covtag otnv eExopaiion lov eVKaLPLOV AAAAYHG TWV XXPOKTNPLOTIKOV HETAED TPOSTA-
TEVLOPEVOV OPAdWV.

[N va aEloroynBei n ducatoc v tng Stkaompakiog, yivetal yprion avtiBetikov eEnyn-
OEWV, TTOV TTOPEXOLY TIG ITOLPULTITEG EVEPYELEG YLOL AAACLYT) ATTOPOGTIG, OL OTOLEG PEPOLV
K60TOG Yo To &ropo. H péon tipr tov kdéotoug avto, yvwortr wg emifapvvon (burden)
(Sharma et all, 2020; Kuratomi et al., 2023), vtodetkcvieL 1660 e0KOAO elvat yiLor P opada vo
emitoyel dikoompaio. Eqv oo péAN oG TpootateLOPEVNG OPASAG AVTIHETWOTI OVY LYM-
AOTEPO KOGTOG ATTO e AAATN Yo TNV St adAoyt) ad@aong, To cvotnpa Bewpeitor adiko.
Qo1d00, 1) Héon TN TOL KOGTOLG PItopel va KaADYeL 1) va tapoutotfjoet avicotntes. I
avtd T0 AOYO, TOc0 oto Kavouras et al| (2023) 600 kot oTnVv Tapovoa epyacia, XproLLo-
TOLOOVTOL KATAVOHEG KOGTOUG, TTOL TTPOGPEPOLV TTLO AETTTOpEPELG eVOELEELS.

Entiong, n dwcaroctvy tng Sikaompakiog propet va aklohoynbel kot oe GuAAOYLKO emti-
nedo. H omtikn avtr) e€etdlel T0 KOGTOG TOL TPOKVITTEL YLt OAOKANPEG OUADES ATOHWY KOl
QUTOKOADTITEL CUGTNULKES TTPOKATOANPELS, OL OTTOLEG SV ELVOLL TTAVTOTE EPPAVELS HE ALTOL-
kég avatvoelg (Kavouras et all, 2023). EmurAéov, ol cuyypageig oto Kavouras et al) (2023)
TPOTELVOLV, UV TOLG AAAOLG, HeBODOVG-0PLEHOTG TTOL 0ty VOOV TO KOGTOG, KOl ETTLKEVTPWOVO-
vtatl otov apldpd twv drabéopwv evepyetov yio k&be opdda (‘equal choice for recourse’).

H dwaroctvy g dikaompagiog, Aowwodv, eivor pice onpavtikn epoppoyn twv avtide-
TIKOV eENYNoewv, 1 omola emekteivel Tn dikatoovvn ot unyovikny pabnon amxd ta oro-
tehéopata 0TI SuvaTdTNTEG AAAYNC, EaoPUAloVTaG OTL OAEG OL LITOOUADEG EXOUV LoEG
dLVATOTNTES VA ETTNPEAGOLY TLG ATTOPACELS TOL CUGTHHATOG HEGW AVTLOETIKOV eEnynoewv.

GLANCE: ITpocéyyion Zvotadonoinong ywa tnv ['évveon
KaBoAikwv Avtifetikwv EEnynoewv

T T e0peon Adong oto IpopAnua (G.1, to Kavouras et al] (2024) avéntute pia ceipé
and pebodoug, pio ex TV omolwv eivon kot 0 alyoplBpog Augmented Space mov Bo e€e-
taoovpe £dw. Ev ouvrtopia, n pébodog Augmented Space eivau évag alyopiBpog o omoiog
Baoiletar otnv cvotadomoinon (clustering) ko otnv astetkdvion Twv dedopévav oe vav
EMAVENHEVO XOPO TTOL CLVILALEL TIG TULES TOV YAPAKTIPLOTIKOV HE TLG TTPOTELVOHEVEG EVEP-
YELEG.

H dwadikacia Aettovpyel oe Tpelg KOpLeg PACELS (YLt TEPLOGOTEPES AETTTOPEPELEG, TTO-
POTTEITTOVIE TOV VY VGOGTH Kot 6Tov Yevdokddika [l ko Tnv avtictowyn evotnra):

1. Anpuovpyia Apxikov Xvotddwv ko Evepyelov: Znv apyn, o xdpog xopakTn-
ploTikadVv droupeital o k pikpég cuotddeg xpnoonolwvtog pefddovg cvatadomnoi-
nNong OTwg To k-means. X1 GLVEXELR, Yl TO kKevTpoeldég k&be cvotadag, dnpovp-
yovvton m avtifetikég evépyeleg, ouviifwg pe Tomikég pebodovg 6mwg o DICE, dote
va SLepevvnBovv SLAPopeg eVEPYELEG TTOL TTEPVOLVY TO OPLO ATTOPOGTIG TOV HOVTEAOU.

2. Anupovpyia tov EravEnpévov Xmpouv: I'a k&Oe otiypiotumo, emhéyeton 1 Lo ot-
KOVOLLKT] EVEPYELA OTTO TNV GLGTADX GTNV OTTOLX AVTO ALV KEL Kol GUVOLALETAL e TO
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ACTIONS :

(1) NumlInqLast6éMexcl7days + 9.1

(2) NumlInqLast6Mexcl7days + 13.87 & NumSatisfactoryTrades - 0.75
(3) NumlInqLast6éMexcl7days + 10.27

Yxipa G.3: Hpotewvopeveg evépyeteg (Algorithm fIl) yia To otvvolo Sedopévwv HELOC ka
HOVTEAO AOYLOTLKAG TTOALVOPOUNOTC.

IMivakag G.1: MéyeBog, K0GTOG KOl ATTOTEAECHATIKOTNTA TWV GCUVOAWOV EVEPYELDOV TTOV
vroloyilovtar amd Siugopetikég pebodovg yix To cOvoro dedopévev
HELOC. H ypoppr) “LOCAL CE” avapépetal oe atAég TOMIKES AVTIOETIKEG
eEnynoelg (kataokevaopéveg pe yprion tov DiCE (Mothilal et al), 2019)).

METHOD ActiOoNs Cost EFFECTIVENESS
ALGORITHM 3 1.38 100.00%
GLoBE-CE 588 0.41 99.90%
LocaL CE 1045 1.16 100.00 %

aPXLKO GTLYHLOTUTIO G Evay eOLENIEVO XOPO TTOL TEPLAAPPAVEL KOl TLG TIHES TV
XOPOKTNPLOTIKGOV KoL TV evépyela. Etot, k&be otiypdtumo avastapiotatot TAéov
QTtO TO GLVOVLAGHEVO TOL TPOPLA XOPOAKTNPLOTIKOV KL TNV KXADTEPT) EVEPYELX.

3. Tehikn Zvotadonoinon otov EnavEnpévo Xmpo: Z1ov TeAKO eTavENHEVO XWDPO,
TOL GTLYHLOTUTTO OPSOTTOLODVTL €K VEOUL o€ ¢ véeg ovoTadeg. Amd kdbe véx opdda
ETLAEYETOL POt AVTLITPOCWITEVTLKT) EVEPYELX TTOL VO EPXPUOTETOL GE ONAL TAL GTLYHLO-
TuTaL TNG OPAdXG, eEaxcPaiilovTog OTL TO TEALKO GUVOAO EVEPYELDOV €LVaIL OLKOVOHLKO
KOl QVTLITPOCWITEVTLKO.

O aAyopiBpog Augmented Space divel Wiaitepr éppacn oTn pelwon Tov KOGTOULG di-
koompodiog, kabng k&be oTLYHLOTUTTO CUVOEETAL e TNV EVEPYELA XOUNAOTEPOVL KOGTOVG
artd TV apyLkr] Tov opdda. Etot, ) tedkr) Aoy TV t evEPYELOV ETLTUYYAVEL VOV KAAO
oupPLBacpo petaEd k66TOLG kot atoTeAeopatTkOTNTAG. O adyoplOpog epgpavilel oy TnTO
KOl TPOGOUPHOGTIKOTNTA, EVE 1) TTOLOTNTA TV ADGEDV TOV ELVOL GUYKPLOLUN HE TOTLKEG Le-
00d0ovg, 0w paivetal ota amoteAéopata TV Telpapdtewv tov GLANCE.

Eva topadetypo autdv Twv atoTeAEOCHATWV, CUYKEKPLUEVA Yiot TO 6VVOAO dedopévav
HELOC, napovatéletan oo Sxfpa G.3 (6mmov gaivetan n é£080¢ Tov alyopibpov) kot 6Tov
[Mivako (6mov ovykpiveton To amotélespa Tov alyopiBpov AS pe dvo dldeg Paoiiég
TPOCEYYLCELS, [le OPOLG KOGTOUVG, ATOTEAEGHATIKOTNTAS KoL TARO0LG evepyeLdV).

310 Topadetypo avto, o ahyoplbpog Augmented Space mapdryel TPELG CLVOTTTLKES KO
EPUNVEVCLHESG eVEPYELEG Pe LYMAY aroTelecpatikOTnTo (100%) Ko eAdyLoTa CCVENPEVO KO-
otog, oe avtifeon pe Tig 588 evépyeteg tng GLOBE-CE ko Tig 1045 tomikég avtifetikég e€n-
YNOELS, aTodelkvOOVTOG TNV oUTOSOTLIKOTNTA TNG TNV TAOTOINGT TV KXBoALK®OV avTiOe-
TIKOV eENYNoewv.

Mepopatikn A§loAoynon

e avtr TNV evotnta Oa dolpe Ta PaoLKd ATOTEAECHATH KoL OVTIGTOLYOL CUUITEPA-
opoTa TOL TPOEKLY Y atd Ta Tetpdypiata pe Tov ahyopibpo Augmented Space. i Aemtto-
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IMivakag G.2: Z0ykplon NG ITOTEAECUATIKOTNTAS KAL TOL KOOGTOULS TOL OAyopiBpov
Augmented Space pe tig pef6dovg Fast AReS, CET, Group-CF, GLOBE-CE
kot dGLOBE-CE yia tnv emilvon tov mpoPAnparog (G.1 pe Tov wepropiopéd
size(.S) = 4. Ov AboeLg ple ATOTEAECHATIKOTNTA KAT® 0td TO OPLO EGAPHOGTL-
potnTag Tov 80% emonpaivovrat pe pwf. O pn afiomoteg GCE — dnAadn
ekelveg pe Tumikt] otokAon (std) otnv amotedeopatikdTnTo Gvew TOL 5% 1)
pe std oto KOG TOC peyaAUTEPT) ATO TO HLGO TOL PHEGOL KOGTOVG — ETMLOTHAL-
VOVTOL pE KOKKLVO.

MODELS ~ ALGORITHMS DATASETS
ADULT COMPAS DEFAULT CREDIT GERMAN CREDIT HELOC
eff cost eff cost eff cost eff cost eff cost
DNN Fast ARES 12.39 £ 1.06 1.0 £0.0 55.0 £ 0.86 1.21 £ 0.09 18.88 + 2.16 1.0 £ 0.0 52.39 £ 1.63 1.0 £ 0.0 12.19 £ 0.58 1.03 + 0.05
CET NaN NaN 63.62 £10.35  0.96 + 0.24 98.87 £ 0.62 6.32 +2.28 97.3 + 2.46 1.58 £ 0.54 | 86.78 + 10.62 8.67 +3.25
GrourCF 100.0 + 0.0 10.08 + 0.03 100.0 + 0.0 4.48 £ 2.53 79.6 £ 20.79 1.53 £ 0.62 97.8 +4.4 1.85+0.13 | 80.4+10.17 3.09 +0.91
GLOBE-CE 99.92 + 0.0 4.24 +0.42 100.0 + 0.0 4.54 +3.31 | 76.94 £37.55 5.14+0.35 93.31 £3.48 2.0+ 155 | 42.72 +46.97 11.77 £ 15.87
pGLOBE-CE 99.92 + 0.0 10.89 + 1.37 100.0 £ 0.0 7.96 +3.91 | 87.38 +18.69 5.96 £ 4.14 97.36 £0.82  2.49 £0.27 | 99.96 £ 0.05 11.07 + 8.6
AUGMENTED SPACE 100.0 + 0.0 5.92 + 0.66 100.0 + 0.0 4.24 +1.83 99.62 + 0.29 1.36 + 0.33 98.11 £ 1.68 1.05+0.04 | 99.36 + 0.86 11.96 + 2.44
LR Fast ARES 1174 £ 2.4 1.0 £0.0 62.5 £ 1.82 1.24 £0.14 10.85 £ 5.45 1.07 £ 0.13 75.27 £ 2.96 1.0 £ 0.0 9.23 +£1.24 1.12 £ 0.1
CET NaN NaN 73.18 + 4.34 1.24 £0.15 100.0 + 0.0 3.79 £1.31 96.5 + 2.85 2.42 +0.24 100.0 + 0.0 3.57 + 1.48
GrourCF 100.0 £ 0.0 1.71 £ 0.39 100.0 + 0.0 3.97 £2.38 954 +9.2 194+ 12 97.6 + 2.94 9.34 +3.85 90.6 £3.93 2.4 +1.38
GLOBE-CE 99.92 + 0.0 2.68 +£0.17 95.74 + 8.52 5.14 £3.77 99.94 + 0.07 3.42 +1.99 | 57.09 +£20.03 0.75+ 1.04 99.9 + 0.0 0.6 + 0.54
DGLOBE-CE 99.92 + 0.0 5.91+£0.93 100.0 £ 0.0 6.71£0.23 | 99.94£0.07 1038 +7.76 | 69.89 +15.35 247 +0.23 99.9£0.0 1.63 £ 0.35
AUGMENTED SPACE 100.0 + 0.0 1.47 £ 0.44 100.0 + 0.0 5.49 £0.92 100.0 + 0.0 1.22 £ 0.26 99.55+0.91 1.64 £0.32 100.0 + 0.0 237 +£1.03
XGB Fast ARES 6.13 + 0.42 1.0 £ 0.0 59.83 £ 3.12 1.1+£0.05 31.86 £ 5.12 1.05 + 0.04 51.27 £ 1.57 1.0 £ 0.0 8.49 +1.32 1.16 £ 0.13
CET NaN NaN 584+£93 1.06 + 0.24 86.29 £ 9.94 4.5+ 2.64 100.0 = 0.0 2.73 £0.49 86.78 £ 6.7 12.51 £ 2.75
GrourCF 96.8 + 1.72 1.41£0.54 100.0 + 0.0 4.06 + 2.1 952+ 1.6 1.41 + 0.64 100.0 £ 0.0 578 £4.11 78.4 £5.82 5.63 £ 1.93
GLOBE-CE 82.87 £12.14 30.1+10.39 | 87.13 £ 11.14 9.75+7.2 82.7 £7.26 20.82 £1.73 | 77.05 £ 11.26 1.14 £ 1.24 | 27.66 +5.06 12.52 + 32.48
DGLOBE-CE 93.76 £1.98 64.76 £ 1.29 | 99.84 £ 0.31 1246 +3.42 | 97.47£0.82 4258 £3.57 | 86.96 £9.79  2.66 £ 0.77 | 77.64 + 11.51 128.0 £ 0.0

AUGMENTED SPACE  99.78 £ 0.14  6.15 + 3.05 98.77 + 1.17 3.54 + 1.04 95.33 £ 1.44 2.52+0.55 99.43 £1.14 1.06 £0.08 | 98.33 + 1.42 23.94 £ 1.66

HEPELG TTANPOPOPLEG OYETIKK He TNV TTELPOPTIKY HoG dudTakn (oOvola Sdedopévav, povtéda
KATT), TTOPAUTEPITOHE TOV avary Voot 6Ty evotnta B.4 tov ayyAdgwvou pépoug g epya-
olag.

[N v mepapatikny a€loddynon tov Augmented Space adyopibpov oto TAaicio Tov
npoPAfpatog kaBohikdy avtiBeTikGdv e€nyioewv [G.1, mapadétovpe ko oxohdlovpe Ta
QATTOTEAECPAT TOV XAYOPIOpOL 08 GUYKPLOT) He KATTOLES GTHAVTLKES LITAPYOLGES peBddoLG:

e AReS, ypnoomnoiwdvtag tnv vAomoinor Fast-AReS tov Ley et al. (2022)

e CET (Kanamori et al), 2022)

e GroupCF (Warren et all, 2023)

e GLOBE-CE ko tnv eAappa moporiayn tov dGLOBE-CE (Ley et al), 2023)

Baowka kpitnplo 60ykplong aroteAovy ta peyédn tov opiopot, dnAadn: amotedecpa-

TIKOTNTA, KOGTOG, aplOpog evepyelwv. Puoikd, oe aLTA TPOSTIBETAL KL O ATOUTOVHEVOG
XPOVOG eKTENECTG.

Emiokonnon Anotedeopdtwv

Ytov Mivaka G.4 cuvoyilovian ta Paciké amotedéopata dAwv TV pedddwy. O al-
YopBpog Augmented Space emituyyavel vYmAn amotelecpatikotTnTo (Tévew amd 80%) Ko
otafepd KAO KOOTOG OTIG TTEPLOCOTEPEG TEPUTTMOOELS, VD OL dAAeg péBodol mapovoLd-
Covv GUY VA TTOTEAECPATLKOTN T KATW otd 80% 1) VYNAOTEPO KOGTOC.
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Hivakag G.3: AElohdynon g kuplapyiog Pareto petakd AMboewv yix to Hpopinua 2.9
pe Tov meplopiopd size(S) = 4. O mivakag Sdeiyvel T cvxvotnTa (aptOpog
OULYKPLOEWV ETTL TOL GLVOAOL TWV SVLVATOV GLYKPICEWV) GTNV OTola 0 ah-
yopBpog Augmented Space vmeploy Vel EVOVTL TV AVTAYWOVIGTOV (GTHAN
DOMINATES) Kaf®G KoL T1) GLXVOTNTO GTNV 00l LITEPLEYDOLY OL OVTY -
VIGTEG évavTL vTOL (OTHAT IS DOMINATED).

AUGMENTED SPACE

DoMINATES  1s DOMINATED

Fast ARES 0/15 0/15
CET 6/12 0/12
GrouprCF 8/15 1/15
GLOBE-CE 9/15 0/15
DGLOBE-CE 11/15 1/15
COMPETITORS 34/72 2/72

Oa mpémel v onpelwbel OTL 6T GLYKEKPLEVA TTOTEAETHATX OAeG oL péBodoL exTelov-
vTow VIO TEPLOPLOHO péYLoTOL aplBpoD evepyeldv (size(S) = 4), Tpokeévou va Slacpo-
MOoTeL 1) CUYKPLOPOTN T TV amoTeAecpatwv. H oOykplon yivetal 1660 o€ pikpd 660 Kot
oe peydho cvvora dedopévav, kKabmg kat e TPelg SLaPoPeTIKOVG TOTOVG HOVTEAWV.

Kuprwapyxia Pareto 'Evag tpdmog pe tov omoio aloloyotpe tnv amddoon twv pebddwv
elvon e€etalovtag eqv pio A0OT) LITEPLOYVEL EVOVTL KATTOLOG AAANG pe PAon TNV amoTele-
GHATIKOTNTA, TO KOGTOG Ko To péyePog. Svykekpéva, pia Avon S yier to MpdPinua [G.1
kuplapyei katd Pareto oe picr dAAn Avon S, edv ioovtau 1j vepvikd to S’ o€ amoredeopariné-
NTA Kol KOOTOG, £Xel (00 1 LIKpOTEPO L€yebog Kau elvan avotnpd KaAUtepn oe TovAdyiotov évay
amé avtovc Tovg oTdyoucl

O Mivakag [G.3 Seixvel 6TL 0 adydpiBpoc Augmented Space kvprapyei évavtt dAhwv
pefodwv oe 34 amod Tig 72 mepintdcelg (47%) ko vIepTEPEiTAL PHOVO Hict OPA aTd TOV
GroupCF (6to COMPAS-LR, BA. Hivaka [G.d) kou pioc popé amé tov dGLOBE-CE (610 HELOC-
DNN). A€oonpeiwto eival 0tL, oe avTég TIG SVO TEPLITTOCELS, 1) ATOTEAEGHATIKOTITO TOV
Augmented Space eivar ToAD KOVTA o€ vtV TV PeBOdWV TOL LITEPLTYDOLV.

poktikétnTe Adcewy Sty aflohdynor tov Pareto dominance (ITivakoag (G.3), svykpi-
voupe Aboelg pe BEATIoTn 1] oxedov PEATIOTN AITOTEAEGHATIKOTNTA e GAAEG TTOV EPPOLVi-
(ovv GaP®OG YUNAOTEPT) ATOTEAEGHATLKOTNTA. AVTEG OL XOUUNAOTEPTG ATTOTEAEGHATIKOTT)-
Tag AVoelg BewpolvTol PN TPAKTIKEG YL TOV PpOAO TV KBOALKOV avTiBeTik®dV e€nyroewy
(GCEs) amo touvg cvyypageig tov Kavouras et al| (2024), kaBdg 6to)0g eivar 1) Tapoyr) Si-
Koompaiog o oNUAVTIKO PEPOG TOL TANBLGHOD. OL AVGELS pe XOUNAT OTTOTEAECHATLKO-
TNT SeV TETLXALVOLY AVTOV TOV GTOXO, HELWVOVTAS TH CTHAGLA TOUG YO EPUPUOYEG OTOV
TPOYHATLKO KOGHO. AV Lot AOGT) aeprivel HEYAAO TUHHO TV ATOH®V XwpLg PLdoipeg emtho-
YéG yio dikactompaia, amotuyyxavel atov BepeAtoddn okomnd Tov GCEs, 0wg emionpaivetal
kot a6 To Ley et al! (2023). EmutAéov, 1 emtitevEn yapunAot kdcTovg dikatompatiog eival
TTLO EPLKTT] YL HIKPOTEPES VITOOUADES, WlxiTeEPX EKELVEG KOVTA GTO OpLO AmOPacNG. Ako-
AovBodvtag to Kavouras et al| (2024), opilouvpe pia Ao G TPOKTLKY EQOCOV ETLTLYXAVEL

* H xvprapyio Pareto eivou pro evpéwg xabiepopévn évvola otn Bedtiotonoinon mtolaniody otoxwv. I'a
neplocdTEPe TANpoYopieg, PAéne Branke (2008).
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IMivakag G.4: A&loAdynon g xuplapyiog Pareto peta€d twv Aboewv yia to [IpofAnpa
G.1 pe meplopiopévo size(S) = 4, epappédlovtag o 6pto eff > 80%. O miva-
koG Oelyvel tn ouyvotnTa (aplOpodg cuykploe®V €K TOLV GLVOALKOD) KOT
Vv omoia o alyopiBpog Augmented Space kvplapyel évavtl TwV GAA®V
pef6dwv (oTnVv oTAN DOMINATES) Kal T GUXVOTNTO KOT& TNV OToix O
Augmented Space kvplapyeitor omtd Tovg avTaywviotég (oTtnv oTrAn IS

DOMINATED).
AUGMENTED SPACE
DoMINATES 1S DOMINATED

FasT ARES 0/0 0/0
CET 6/9 0/9
GrouprCF 7/13 1/13
GLOBE-CE 7/10 0/10
DpGLOBE-CE 9/13 1/13
COMPETITORS 29/45 2/45

TovAéyioTov 80% amotedecpartikdtnTa. Stov Mivaka [G.d, ot pn mpaktikég Adoelg onpeld-
vovtou pe popP. Afloonpeinwto eival 0t 0 Augmented Space dev emioTpéPeL TOTE pun) TPAKTL-
KéG ADoELg, v OAeg oL Aboelg mov mapdyovtor ad tov Fast AReS ta€ivopoidvrtal wg pn
npokTiKéS. Ot vdAoureg péBodol Tapdyovv amd 2 €wg 5 pn TpakTikég Avoelg 1 kabepia. O
IMivakag [G.4 mapovoialel tic Pareto kupiapyiec, aAA& quTh) TN QOpé jie GLYKPIGELS PHOVO
peTaED TPk TIK®OV Aboewv. O alyopBpog Augmented Space kvprapyel Evovtt GAAwV pedo-
dwv o€ TOAD LYNAOTEPO TOGOGTO — G¢ 29 Ao TIG 45 TEPLTTOOELS, SNAdT) TAVW ot 64%.
[Mopopéver kuplapyobpevog oTig 1dieg 00 TEPUTTMOGELS, HE TO TOGOGTO TWV TEPLTTOCEDV
oTIG omoieg votepel va Ppioketal oe xapunAo eninedo, pOALG 6TO 4%.

AvOektucotnta. H avBektikotnta (robustness) eivon amapaitntn yio tig pebd6Sovg
GCE, kabng mpémel va TapAYOLV [Ie CUVETEIX ATTOTEAECHATLKEG, XOHUNAOD KOGTOVS ADCELS
oe dupopoug droywplopovg dedopévav, dacpaiilovtog tnv aflomiotia yia xpron oe
TpaypatTikég epappoyéc. H éAderyn avBextikdtntog pmopel vo 0dnynoeL 6e GNUOVTLKEG
dwxgpopomornoelg oTig evépyeleg Stkatompafiog, HELOVOVTOG TNV EUTLGTOCVVN Kot TLOOV®G
TPOKOADOVTHG Sk autoTeAéopata, WOLaitepa o€ KPIGLHOUS TOHELG OTTWG 1) VYELOVOMLKT
nmeplBaAyn ko T otkovoplkd. T var eKTIHOOVHE TNV TPAKTIKY KATXAANAOTNT, eivor
oNUovTiKO va aflodoyolpe Tr oTofepOTnTo TWV HETPLKOV ATOTEAEGHATIKOTNTOG KL KO-
oTovg o€ dlopopeTikég dlapécelc. H tumikr) amdkAlon Xpnolpedel wg HETPO AVUTHG TNG
otafepOTNTOG: I ATTOKALGT) UTOTEAECHATIKOTNTAG Ve TOL 5% LITOOELKVOEL AGLVETTELQ
otV mopoxn alomoTng dkatompaing, eve por atOKALoT) KOGTOVG HEYOADTEPT) OO TO
HLGO TOL PHEGOL KOGTOVG LITOSNAMVEL PN TTPUKTIKES, atpOPAenteg evépyeleg (T kpLTrpLa
avtd éxovv Anebel amevBeiog amd to Kavouras et all (2024)). Avoelg pe 1660 peydAn peto-
BANTOTNTA eivar avaELOTGTES KOl TIC £XOUHE EMLOTHAVEL e KOKKLVo oTov Hivakoa [G.2.

AMa Baoikd Zopnepdopata kot Zoykpioelg

Mwkp& X0vora Aedopévov  Eta pikpotepa ovvora, 6mwg COMPAS kot German Credit,
o Augmented Space eivat 16odOVOOG 1) KAAVTEPOG G€ KOGTOG KOl ATOTEAEGHATIKOTI T GE
ovyKpLom pe Tig GAleg peBodovg. T mapadetypa, oto German Credit, metvyaivel oxedov
100% oroTeAECPATIKOTNTA GE OAEG TIG TTEPLITITMOCELS, £VQ oL dAAeG péBodot, mAnv GroupCF,
TEPTOLV KATW ATTO TOL TTPUKTIKA eMLTEdA G€ TOVAAYLOTOV €VOL HOVTENO.
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Meyado ZOvoda Aedopévov Zta peyoaldtepa oOvora, o0mwg to Default Credit, o
Augmented Space vneptepel otig meplocdTepeg mepuntdoels. 2to HELOC, eppavilel kohn
atdd00T) e HIKPES UTOKALTELS, £VO dtaTtnpel TNV o€LOTLOTIO TOL KO KoL e HEYOADTEPO
XPOvo ekTéAeoG.

Yvuvolwkn Antodoon O Augmented Space emituyxavel otafepd Kot e CLVETELX KOAT]
LooppoTTio HETAED KOGTOUG KO AITTOTEAECHATIKOTTAG, KAVOVTAG TOV HLO EVEALKTT) KOL TTPOL-
KTLKT) ADOT) YLt TPAYHATIKES EQUPUOYEG KOBOALK®OV avTiBeTik®V e€nynoewv.

FACTS: EAeyxog Aikatoodvng pécw EneEnynopotntog

To Kavouras et al| (2023) éxel SutAr} cvveElGPOPA, TOGO EVVOLOAOYLKA OGO KO TEXVIKA.
ZeKLvael opllovTog TUTTKA TNV KATAVOUT] OUTOTEAEGHATIKOTNTOG-KOGTOVG, Katb®g Kot TNV
HLKPO- KOL TT) HOKPO-TIPOOTITIKT]. XT1 GLVEXELD, PacileTal o8 AULTEG TIG EVVOLEG KOl OLOTL-
TOVEL Evay aplBpd oplop®v yio tnv dikatoovvr tng dwkarompatiog (fairness of recourse),
K&Oe €vog atd Tovg 0TTOLOVG €xEL OKOTO VO LYHAAWTICEL pict SLOPOPETLKT) TTAELPA TNG He-
poAnyiog. Emiong, 0ot oL opiopol eivor Gpeco TPOCOAPUOGLHIOL GE HETPLKES OLKOLOGOVNG
™G dkatompa&iog, Tovg omoiovg xprotpormolel o alyoptBpog mov mpoteivel To Kavouras
et all (2023).

O alydpiBpog, Aowdv, mov amotelel TNV TTLO TEXVIKT] cuvelspopd Tov Kavouras et al.
(2023), xpnowyormotel aLTEG TIG PETPLKEG Yior Vo KatatEel Tig TAnOuopiakég opddeg mov
ovalnTd wg ITPOg TNV pePOANPict TOL TALPOLGLALOLV OL AVTIGTOLYEG TTPOCTATEVOUEVEG VITO-
OpGdeg.

Tov adyoptBpo avtdv Bo Tov dovpe Tepattépw oTig emopeves evotnTes. [a opyr), Oar dd-
OOUE Piot GUVTOWN TTEPLYPOLPT] TOV OPLOHDV SLKOLOG VNG TTOL dlartuntdvovtal oto Kavouras
et al| (2023). o mepiooodTEPEG EENYNOELG TAV®D GTOVG OPLEHOVS AtLTOVG, GUpTTEPLAaPovO-
HEVOV KoL eTeENYNHATIKOV TOpadelYHATWOV Yo TOV K&Oe OPLOHO, TOUPATTEUTTOVHE TOV VO~
yvoortn otnv Evotnta TOL XYYAOPWVOL THNHATOG TNG SUTAWHATIKNG.

Yvoxétion Anotedecpatikotntag-Kootoug

E&etdlovpe tov tpodmo emitevEng Swkatompakiog yio v opdda G pécw evog ouvod-
Aov mBavaov evepyeldv A. Opilovpe v ovvoAikn amotedecpatikotnTa (aggregate
effectiveness) (aeff) Tov A yia tnv opdda G pe dvo tpodTOULC.

3TN JUKPOo-0TIKY, ToL ATOpA TNG Op&dag Bewpovvtar aveEdpTnTa, Kot To KoBévor emiAé-
YEL TNV EVEPYELX TTOL TO WPEAEL TEPLGTOTEPO.

Optopog G.1 (Mikpo-Amotedeopatikotnta). Opilovue Th HIKPO-AXTOTEAECUATIKOTITO £VOG
ovvéAov evepyewdv A yi v opdda G wg To T0000T6 TWV aTdpwy otV G IOV PIT0POVY VX ETL-
TUyovV Sikauompatio je kol evépyela oto A:

1

aeff, (A, G) = al

{zx € G|3a € A, eff(a,z) = 1}|.

21N paxpo-ortiky, 1) opada e€eTdleTon G cVVOAO, KoL pia eVEpYeLa EQAPUOTETOL GUA-
AoylKd og OAo Tot ATOpAL.

Opiopog G.2 (Makpo-Anotedecpatikotnta). Opilovue T HAXKPO-XTOTEAECUATIKOTI T
evog ouvédov evepyewdv A yia v opdda G ws to peyadvtepo mooooté aréuwv otnv G mov
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UITOPOVV Ve emmiTU)YoVY Sikauompatia péow tng oG evépyeiag oro A:

1
aeffy(A, G) = max —|{z € G|eff(a,x) = 1}|.
M( ) ) ae ‘G’l{ ‘ (7 ) }‘
Ia v opdda G, To cOvoro evepyelwv A kot éva tpokaboplopévo dplo kKO6GTOLG C,
opilovpe emiong TIG EVEPYELEG EVTOG OPLOV WG TO GOVOAO TWV EVEPYELDV IE KOGTOG TTOV
dev vepPaivel to ¢ yia kavéva dtopo otnv opdda G:

A.={a € AVz € G, cost(a, z) < ¢}

XPNOLHOTOLOVTAS  TOUG  TOPOTAVE®  OPLOHOVG,  ELOXYOUVHE TNV  KOTOVOUN
ATOTEAECPATIKOTNTAG-KOGTOVG (ecd), mov a&lohoyel éva ocUVOAO evepyeldV o€ OLi-
Qopa entimeda KOGTOVG.

Opopog G.3 (Katavopr) Amotelecpatikotntag-Koctovg). Opilovue v katarvoun

AMOTEAECUATIKOTNTAG-KOOTOVG (ecd) w¢G Tn oLVAPTHON OV Y Evarv TPoUmoAoyiouo Ko-
OTOUG C ETLOTPEPEL THV TUVOAKTY QTTOTEAECUATIKOTYTA [UE EVEPYELEG EVTOG TPOUTOAOYLOLOU:

ecd(c; A, G) = aeff(A., G)

H ecd exgpalel to 1060010 atopwv otnv G mTov propodyv va emTOXOLV JIKALOTPX-
€l pe K6GTOG TO TTOAD ¢, eV® ecd,, KL ecdy AVAPEPOVTAL GTNV HIKPO- KOIL POXKPO-OTTTIKT|
avticTolya.

Opiopoi Aikarocvvng otn Awkatonpagio yia Yroopddeg

Opilovpe tn dkatoctvy g dikattompoagiog yio évav ta&lvounty h cuykpivovtog Tig
oLVaPTNoELS ecd TWV TTPOCTATEVOHEVDV LTTOOUAdWV. ['ot arAdTN TR, VITOOETOLE OTL TO TTPO-
OTOTEVOHEVO YAPAKTNPLOTLKO AopPdvel povo SO TLHES, Kol LpaL OL TTPOCTOTEVOHEVES VITO-
opadeg piog opddoag G eivar dvo, éotw G xan Gi.

Opopog G.4 (Equal Effectiveness). O taéivountiis eivau dixauog av 1o (810 moc00T6 QTépicwv
OTIG TTPOCTATEVOUEVES VITOOUAIES UTOPEL v emmiTUXEL dikauompatio:

aeff(A, Go) = aeff(A, G1)

Opopog G.5 (Equal Choice for Recourse). O raéivountrjg eivau dikaiog av o1 Ipootatevoeveg
vrmoopadeg Exovv tov idio aplfuo emAoydv yio dikanompakio jie exapKy ATOTEAECUATIKOTH T
(dnAadij Tovddyiorov ¢ € [0, 1]):

[{a € Aleff(a, Go) = ¢} = [{a € Aleff(a, G1) > ¢},

Ou emopevol Tpelg opiopol mpoimobéTovy yvwoTd KOGTOG Kot €Xovv ekSOXEG Kol o
HIKPO- KOl G€ HOrKPO-TIPOOTTTLKT).

Opopog G.6 (Equal Cost of Effectiveness). O raéivountrc eivar Sixaog av o eAdyioro ko-
OTOG Y ETTITEVEN ATOTEAEGUATIKOTHTOS () OTIG TPOCTATEVUEVES VITOOUROES €ival (00:

ecd (65 A, Go) = ecd (¢ A, G1)

Opopog G.7 (Equal Effectiveness within Budget). O ra&ivountrs eivou dixaios av to idio
JT0T00TO ATOUWV OTIG TPOCTATEVUEVEG VITOOURSES LITOPEL Ve eTLTUYEL SiKauompadia jie KOOTOG TO
TTOAD c:

ecd(c; A, Go) = ecd(c; A, G1)
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Opiopog G.8 (Fair Effectiveness-Cost Trade-Off). O ra&ivountrs eivou Sixenog av ot mpoota-
TEVUEVES VITOOUADES EXOVV TV [SIQ KATAVOUT QUTOTEAECUATIKOTH TAG-KOOTOUG:

max | ecd(c; A, Ggy) —ecd(c; A,G1)| =0

SV mopamdve ouvinikn, To aplotepd péAOG cuviotd v otatioTik) Kolmogorov-
Smirnov yix Vo deiypata. Me faon avtd, diatvm@vetal kol pio GTATIOTIKY €KO0YT] TOL
TOPOITTAVE® 0PLOHOV, YLt GTATLOTIKO EAEYXO TNG SIKALOGUVNG e EUTLOTOGUVY .

Opopog G.9 (Zratiotiko Fair Effectiveness-Cost Trade-Off). O raéivountrg eivar dixanog
e eumioToovvy o av o édeyyos Kolmogorov-Smirnov yia ig karavoués ecd Sev amoppintel
undeviky vrobeon:

G G
max |ecd(c; A, Gy) —ecd(c; A, Gy)| < —ln(a/2)M
¢ 2|Gp,0||Gp71|
O tehevtaiog oplopodg facileTon 0T PIKPO-TTPOOTTTIKTY) KO ETEKTELVEL, OUGLACTIKA, TNV
évvola g emfapuvvong (burden) (Sharma et all, 2020) wov vapyel RON ce TponyoLpevn

BipAoypagpicr.

Optopog G.10 (Equal (Conditional) Mean Recourse). O raéivountijs eiveu Sixauog av to (Se-
OUEVUEVO) UECO KOOTOG SIKALOTIPOELOS YIa TIG TPOTTATEVOUEVEG VITOOUROES vl [00:

e (A, Go; A) = c* (A, Gy)

omov pe rc* ouvpPolrileton axplPadg To péco k0oTog dikaompatiog, pe dedopévo OTL emL-
Toyybveton Sikanompaio (yiox axpifi] Tumikd oplopod, aparépmovpe oty Evornra .1.1).

Ortav n opddo G eivor 0OAOKANPO TO GOVOAO TV eNNPelOHEVOV ATOHWV, Kot OAOL pIto-
polV va emitiyouvv dikonompatio péow kdmorog evépyelag amd to A, avtdg 0 0pLopdS GL-
UITLTTEL e TOV avTioTolyo Yl TNV empapuvon.

‘EAeyxog Aucaroodvng otn Awkatonpaio péow AvtifeTik®v
EgEnynoewv oe Opddeg: FACTS

Edw, tapovoialovpe to FACTS (Fairness-aware Counterfactuals for Subgroups), wov ei-
VoL ovoLao TG 0 adyopLOpog mov poteivetal oto Kavouras et al. (2023) yio tnv aviyvevon
opadwv TANBLGHOT TTOL pPITopel Vo dEXOVTOL AVLIOT) HETAYELPLOT] AITO TO AYVMOGTO HOVTEAO,
pe Paomn tn dvokoria emitevéng dikaLOTPAEING TWV TPOSTATEVOHEVHOV VITOOHASWV TOUG,.
T voe alodoynoeL Ko voe oYK pivel Opddeg KoL vor TOGOTIKOTTOWoeL TNV ‘adikio Tng Si-
koonpodiog’, o aAyoplOpog epoppodel Tn HIKPO- KoL PHAKPO-TTPOOTITIKY KoL OAOVG TOUG
OPLOHOVG SLKOLOGVVNG TTOL TTEPLYPAPTIKAV G TNV TPONYOVHEVT) LIToeVOTNTA. To aumotélecpa
tov FACTS eiva mAnBuopiakég opadeg (0ptlopeves ard cuVOLAGHOVG THLOV GE XOLPOKTPL-
OTIKQ), oL 01t0leg cuVodevovTa emtttAéov ortd () pio fabpoAroyia adikiog, Tov aoTuTOVEL
T1G Stoupopég peTOED TTPOOTATELOPEVWV LITOOPAdWV Kot (B) pioe ebkoAao KatavonTr cOvoYn
ovtfeTikdv e€nynoewv, mov ovopdleton Xvykpinikéc Avnifetikés Emeényrioeis Ymoouadwv
(Comparative Subgroup Counterfactuals - CSC).

Yto Iyxipa (G4 mapovoialetan éva mapadetypo amotedéopatog Tov FACTS, amd
10 oOvoho Oedopévewv Adult (Bache and Lichman, 2013). H ouvvOixn “if” mepiypd-
el v opada G, 1 omolo mepLéxel Tar eNMNPealOPEVA ATOH TTOL LKOVOTTOLOOV Tr|
ouovOikn p = (hours-per-week = FullTime) A (marital-status = Married-civ-spouse) N
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If hours-per-week=FullTime , marital -status=Married -civ-spouse , occupation=Adm-clerical:
Protected Subgroup = ‘Male’, 1.87% covered
Make hours-per-week=Overtime ,occupation=Exec-managerial with effectiveness 72.00%
Protected Subgroup = ‘Female’, 1.80% covered
No recourses for this subgroup.

Yxnua G.4: Avarnoapactacn CSC yia pia vitoopddo pe vYnAd okop pepoAniag pe Bdaon
tov oplopd Equal Cost of Effectiveness pe ¢ = 0.7.

(occupation = Adm-clerical). Ta oTolyeio K&Tw otd Tn CLVOKN APOPOVV TIG TPOGTATEVO-
peveg vrroopadeg G ko G, 1, TOL givon avticToly oL yovaikeg kot ot avtpeg Tov Gy,
Me pmAe emonpaivetal To m0600TO KAALYNG, TTOL LITOdelkVEL TO péyeBog Tng TpooTa-
TeLOHEVNG LITOORASAG. To CMUAVTIKOTEPO HEPOG TNG AVATAPAGTAONG ELVOL OL EVEPYELEG
1oL epappolovtal e k&Be vIToopAda Kot aELoAoyovvTon e BACT) TNV EMAEYHEVT] HETPLKT]
dikatoovng, 1 ool oto ovykekpipévo mapadetypo eivar to Equal Cost of Effectiveness
pe Opto amotedecpatikotnrag ¢ = 0.7. Eto mapaderypa, yioe to Gy, o dev vapyel evép-
yewo mov va vrepPaivel o ¢ = 0.7, eved oto G,q 1) evépyewr a = {hours-per-week —»
Overtime, occupation — Exec-managerial} éxel amoteheopaticodtnra 0.72 > ¢, mpocpépel
dAadn Sikoompakio 6TO 72% TV AVTPOV, EVA Kapior yovaika dev emituyydvel dikoto-
TpoEio.

Yovoyn tng Mebodov O aryopiBpog FACTS mepihapfaver tpia facikd otadio: (a) An-
HLOUPYIQ VTTOOUASWV Kol XPOU EVEPYELDV, OTTOL TTAPAYOVTOL GUYVES LTTOOUAdEG Kol avTi-
OTOLYEG EVEPYELEG QATTO TOV avennpénoto TANOvopd, (B) Anuiovpyia cvvoyewy avrifetikoy
eénynoewv, 6TTOL YIVETOL AVTLOTOLYLOT] DITOOHAMV KoL EVEPYELOV (OGTE Vo dnpLovpyndodv
eykvpeg avtifetikég e€nynoelg yio kabe voopdda, ko (y) Anuovpyio CSC kou kardraén
pe Paon ™ Sikaoovvn, 6oL k&Be GOVOYMN AMOTIHATOL PE TIG HETPLKEG TNG TPOTYOOHEVNG
Evotnrog kot yivetal katdtakn Twv VIToopadwy.

(o) Anprovpyia vroopadwv kat xwpov evepyeldv Ot vToopddeg dnptovpyovvTal pe
™V ekTéAeot) Tov alyopibpov fp-growth (Han et al, 2000) ota Dy ko Dy, koL 6Tr cuvé-
xewo pe Ty o) G = Gy () G1. Ta otoyeio atotehobv cuvOrkeg popPrig “YapoKTnpLoTLKS-
TeEAEGTNG-TIUN’, KoL 1) TOPH dtcPaAilel OTL oL TpooTaTeLOHEVES LTTOOPAdEG O aELoloym)-
Bo0v dikata. To cvvoro O WV TV evepyeldv A tpokOmTeL ad Tov avennpéaoto TAnOuopo,
e GTOXO TNV ATOOTIKOTNTA KOL TN HELWOT) TNG LITOAOYLGTLKNG TTOAVTTAOKOTNTOG.

(B) Anpovpyia avtiBetik®v cvvopemwv Ta k&Be vroopdda G, € G, Bpiockovron éykv-
peg evépyeLeg kat LitoAoyiletau 1) amoteleopatikotnTa eff(a, G, o) kou eff(a, G, 1) yio kGOe
EyKLpT evépyelx a. AuTr) 1) TPOGEYYLOT) TTapéxel oNpavTikd mAeovéktnpa oto FACTS, ka-
B¢ e€aopalilel 6TL TO KOGTOG evepyeldV opiletal e€lcov yla OAX TO KTOHA TNG LITOOPK-
dag.

(y) Anpovpyiar CSC kot kat@tagn dikaroovvng  Xto teAdkd otédio, to FACTS auo-
T OAEG TIG OPGdEG e PAOT) TIG HETPLKEG TNG TPONYOVHEVNG eVOTNTAC, TOpdyovTag Pabd-
poloyieg adukiog yiox k&Be opddo. To amotédeopa eivor po ta&vopnpévn Aiota CSC, mov
ETLTPETEL GTOVG XPNOTEG VO KATAVONIGOLY €0KOAQ TNV PePOAN i cuyKpivovTag TIS dia-
(POPEG OTLG EVEPYELEG TV TTPOGTATELOUEVOV TANOVGHOV péca oe kabe opddo.
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Mepopatikn A§loAoynon

Y& autn TNV evOTNTA TapoLCLALOVHE PACIKE TELPOPATIKA XITTOTEAECUATA OTTO TNV €P-
yooia Kavouras et al| (2023), kaBadg koL emimAéov amoTeAéopaTO QIO TAL TELPAPATO TTOV
die€nyape oto mAaiolo avtig tng SimAwpatikng. EEetalovpe kol avolbovpe Tig ZuykpLti-
kég AvtiBetikég EmeEnynoelg Yroopadwv (CSCs) yior DITOOPASES TOL KATATAGGOVTOL (G
oL TAéov Gdikeg PAoEL TV OPLGHOV dkatochVNG TG Lo TAve evotnTag. o avty v
evoTnTa, emAEXONKaY cUYKeKPHEVE GOVOAX deSOPEVOVY KOl HOVTEAX WG TAPadELYHATA.

[ Aemtopepelc TANpo@opieg oxeTIKA e TNV TELpapoTikn pog Stata€n (cOvola dedo-
HEVOV, HOVTEN KATT), TOXPOUITEPITOVHE TOV avaryvodoTh oty evotnta k.3 Tov ayyAdgwvou
pépoug tng epyaciag. Emiong, yio meplocoTepa, mo avaALTIKE XITOTEAEGHOTA, TTOPOLTTE-
HITOUE TOV eVSLapEPOpEVO avayvhaTr oto Haphprnpa Al

IMivakag G.5: MepoAnmtikég LITOOpAdEG TTOL eVTOTIOTNKAY 6TO 6OVOAO dedopévwv Adult.

Group 1 Group 2 Group 3

rank bias against unfairness score rank bias against unfairness score rank bias against unfairness score

Equal Effectiveness 2950 Male 0.11 10063 Female 0.0004 275 Female 0.32
Equal Choice for Recourse (¢ = 0.3) Fair - 0 12 Female 2 Fair - 0
Equal Choice for Recourse (¢ = 0.7) 6 Male 1 1 Female 6 Fair - 0
Equal Effectiveness within Budget (c = 5)  Fair - 0 2806 Female 0.056 70 Female 0.3
Equal Effectiveness within Budget (c = 10) 2350 Male 0.11 8518 Female 0.0004 226 Female 0.3
Equal Effectiveness within Budget (¢ = 18) 2675 Male 0.11 9222 Female 0.0004 272 Female 0.3
Equal Cost of Effectiveness (¢ = 0.3) Fair - 0 Fair - 0 1 Female inf
Equal Cost of Effectiveness (¢ = 0.7) 1 Male inf 12 Female 2 Fair - 0
Fair Effectiveness-Cost Trade-Off 4065 Male 0.11 3579 Female 0.13 306 Female 0.32
Equal (Conditional) Mean Recourse Fair - 0 3145 Female 0.35 Fair - 0

Adiknpéveg voopddeg O IMivakag [G.59 mapovsiélel Tpeic mAnBuopLakéc opddeg oL
KototdyOnkov mpateg (dnAadn mo mbavég yio pepoAnyia otn Sikoompokior) cOHPwva
pe Tpelg dtoupopeTikovg oplopovg dikatoovvng: Equal Cost of Effectiveness (pe ¢ = 0.7),
Equal Choice for Recourse (ne ¢ = 0.7), xou Equal Cost of Effectiveness (pe ¢ = 0.3). Avtég
oL opadeg evtomioTnkay G oL TAEoV TOaVES Yo pepoAnyia Pdoel TwV avTioToL WV 0pL-
opav. INa k&Be opdda, o wivakag divel TNV kardraél TNG, TNV TPOCTATEVOHEVT] VITOOHAD
eVoLVTLOV TNG omolog vITapyeL pepoAniia, ko tn Pabuoloyio adikios Tng yior OAeG TIG HETPL-
kég dikatoovng. Otav n Babporoyio adikiag eivor 0, 1 vITOOUESA KATOYPAPETAL ATAX
wg “Fair”. Ov CSC avourtopaoTAGELG TTOL AVTLOTOLYOUV GTOUG OPLGHOVE SLKALOGOVNG TTOL
Katéta€ov TpodTN TNV Kabepio oo TIG TPELG VTEG LITOOHADES TAPOLGLALOVTAL GTO XX NHO

H Ymoopdda 1 katatdooetal vynAdtepa og mpog tnv adikio pe Béon tn petpikn Equal
Cost of Effectiveness pe ¢ = 0.7, ©01600 katatdooetor TOAD xoapnAotepa 1) Bewpeitar ‘di-
Ko’ oOpQwv pe GAAovg oplopols. AvTtod To potifo Tapatnpeital kot 6TV Yroopddo 2,
1 omoix katatdooeton Tpwtn Paoel Tov Equal Choice for Recourse pe ¢ = 0.7, xaw otnyv
Ymoopdda 3, n omoia eivon tpwtn Paoel tov Equal Cost of Effectiveness pe ¢ = 0.3, oA &
KOTATAOGOVTOL TTOAD XOUNAOTEPX e AAAOVG OPLOHOVG. AUTA TOL ATTOTEAETHALTAL OLVOLDELK V-
0LV TN XPNOLHOTNTA EPAPHOYNS KL TO AOYO VITAPENG SLOPOPETLKOV OPLOHDV dLKOLOGVVC,
KOG kGbe 0pLOPOG ATOTLTTOVEL JLLPOPETIKEG TTTUXES TNG SLOoKOALAG oTnV emitevén di-
kaompakiog.ff.

H epappoyn autdv Towv SLpopeTikodY TTUXOV EXEL KL TPAKTIKY oEio o€ TPaypoTLcég
ouvOnkeg eléyyov Sikaroovng. o mtapaderypa, to Equal Cost of Effectiveness pe ¢ = 0.7
prtopet va elvor kKatdAAnAo 0ty outarteiton evpeio TopépPact vTooTNPLENG Yo KATOLO

* Tlepoutépw mapadelypota kol oTaTIoTIKG oTolxeia amd éva peyoddtepo delypo Topovstalovial 6To
Hopéprpa A
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THApO TOL TANOLGHOD, dAAG oL Srabéaipieg evépyeleg elval TEPLOPLOPEVES. e QLUTT) TNV TTe-
pintwon, n paxpo-wpoomntikn tng CSC g Yroopddag 1 (To mdve ammotéeopa 6To SN

) elva Wiaitepa xprioipn, kabog Pondd 6Tov eVTOTIOHO OHASIKGOV EVEPYELDV TOV WITO-
poLV va Tpocépovy dikoompaio 6e GNUAVTIKO TOGOGTO TG LITOOHADAGS.

Avtifeta, 0 opiopdg Equal Choice for Recourse pe ¢ = (.3, ov oy voel To K06 TOG KoL Kot-
TATAoOoEL TIG OPAdES POVO PAoeL TNG SLaPOpAs oToV opLlOPd ATTOTEAEGHATIKMOV EVEPYELOV
HETAED TPOOTATEVOHEVDV VITOOUAdWV, pPrtopel va elvat Lo KATdAANAog 0Tav 1) arddoon
KOGTOUG OTLG evépyeleg elvar TpoPAnpatikn 1 ka nikd oppioPntiown. H petpkn ot
QTOTILG T pepoAnPia pe Paon T SLabeoIHOTNTO ATTOTEAEGHATIKOV EVEPYELDV, OTTWG POLL-
vetou ot CSC g Ymoopddag 2 (oo péco tov Syrparog f.8).

Mix evdiapépovoa tapatripnot apopd tnv Ymoopdda 1, 61tov evromiletot pepoAnyia
KoTé NG vIoopddag Male. Avtd épyeton oe avtiBeon pe mpornyolpeveg épevveg ov Pa-
oilovtal oe Mo oTaTIoTIKES TTpooeyyioels (.. Tramer et ali, 2017), oL omoieg cuviBwg
avoa@épovy pepoinyio katd tng vroopddog Female. To amotéheopo avto eivon iowg on-
HOVTLIKO, KaBmg avadelkviel To powvopevo tov gerrymandering (Kearns et al), 2018), 6mtov
0 XWPLOPOG € LITOOPASES YIvETAL HE TETOLO TPOTTO dOTE Var KaALTTTeTo 1) pepoAnyio. To
FACTS deiyvel avOekTikOTnTO 08 A0LTO TO TPOPANH, ETLTPETOVTAG TOV EAEYXO HLKPDV LTTO-
OHAdWV PEoW TNG pLOHLOTG EVOG EAGYLGTOL OpLlOL GLYVOTNTAG GTNV LITOPOVTIVAL EVPECTC
OLYXVOV LITTOOHAdWV (pe ToV adyopiBpo frequent itemset mining). Avto emiTpémnel Tov evto-
TGP0 TPOKATOUANPEWV TTOV EVOEXOHEVIOS TTOPAHEVOUV KPVPEC.

Entidoyog

Se autr] TN SUTAWHATIKT epyacio peAeToaE TNV TPOKANGT TOU LITOAOYLGHOD CTO-
TEAECPATIKOV KoL KaTarvonTdv kKabodkov avtifetikov e€nyrioewv (GCE) kabng ko ta
Aemtd {nTHpATE TTOL TPOKDITTOLV YLK TN XPHOT) TOUG Yio TNV a€LoAOYN o1 TG dLKOooOVNG
g dikalonpaéiog oe CLATHRATH HODPOL KOLTLOD.

Agpevog, mapovoiboope 1o GLANCE, to omolo Tpoc@épel piar KALVOTOHO TTPOGEYYLOT
yla Tov vtoroylopod twv GCE, emtuyydvovtag .ooppomior peTafh amoTeAeoUATIKOTNTAC,
emeENyYNoOTNTOG KOl TPAKTIKOTNTAG. MG ammd mTPooeKTIKY GLGTADOTTOLNGT) KL GTPA-
ykn dnpovpyia evepyetwv, To GLANCE emitpénel 6TOvG XPrOTEG VO KATAVOOUV TO OpLX
amoPaoTg eVOG HOVTEAOL Kot Vo evTomi{ouv mhavoig TpOTOUG ylor TNV emitevEn eLVOIKOV
anotedeopatwv. H a&loldynor tov évavtt kabiepopévov pefodwv avédelEe tnv tkavotnta
tov GLANCE va dnpovpyet a€lomioteg kot VPnANG ToldTnTog e€NYNoeLg Yo dLoupope Tk
HOVTEAX Kol GUVOAX dedOpEVWV, [lE aVTaYWVLOTIKOVG deikTeg kuplapying Pareto, mov ava-
delkvhoLV TNV ATTOTEAEGHATIKOTITO KOl TNV 0T0S0TIKOTI T TOV.

Agetépov, ypnorpomojooyie To FACTS yio var Stepevvrcoupie mepattépw T Stkatoovvn
g Sikanompaiog péow twv GCE, e€etdlovtag mdéco mpooPaoieg ko dikorleg eivoart ot emt-
Aoyég Sikoompagiog yior &ATopo artd SLapopeTikég dnpoypopLkéc opades. Xaprn otn xpron
tov FACTS, amoktricape fabitepn katavonon tng dikatosbvng tng dikatompatiog oe ov-
oTnpata pordpov KouTlov. Mécw avtng g Tpoomddelng, avadei&oje TePLOPLOHONG GTLG
UITAPYOVOEG HETPLKEG SLKALOOVVNG KO LITOYPOHpiGOpLE TN onpacio Tng a&loAdynong twv
pef6dwv avtiBeTikdV eEnynoewv, Oyt Hovo pe Paom To KOGTOG KL TNV ATOTEAECHATIKOTN T
TOUG, AL KAl WG TTPOG TOV TTPAKTIKO OVTIKTUITO TOUG GTH SLKALOG UV TWV TTPOGTATEVOLE-
VOV OHAdWV.
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MeAdovtikég KatevBovaoelg

Abpopeg katevOVOVOELG TAPAPEVOLV OLVOLYTEG YL TNV TTEPALTEP® AVAITTLEN TOGO TNG
emeEnynopotntag 660 kot tng dikaoosvvng pe Baon Tig kaboAikéc avTiBeTicég e€nynoelg:

BeAtiotonoinon Emhoyng Evepyeiov oto Tpito Ztadio tov AS: To tpito otddio
Tov adyopiBpov Augmented Space emiAéyel To TeEALKO GUVOAO EVEPYELOV e HLX ATTAN
dradikaoio emhoyng. MeAlovtikd, ovtr n emhoyn B propotoe va PeATiwbel péow
L0 eEEALYHEVOV TEXVIKOV PEATIOTOMTOLNOTNG, EVIGYDOVTAG TNV TPAKTIKOTN T KXL TNV
OLKOVOMLO KOGTOUG TWV EVEPYELDV TTOL TTPOTELVEL O AAYOPLOOG.

Epunvetopeg Texvikég Xvotadomoinong: To otadio cvotadomoinong otov
Augmented Space alyoptOpo eivar KpioHo Yo TNV TRLTOTOINGT OUASWV e TapO-
poteg avaykeg yio tnv emitev€n dikonompakioc. H evowpdtwon eppnvedoipwy pedo-
dwv cvotadomoinong Ba popovoe va evioyboel akOH TEPLOGOTEPO T1) SLAPAVELD
oL AS, eMITPETOVTAG GTOVG XPTOTEG KAL OTOVG EAEYKTEG VAL KOTAVOOUV KOXADTEPQ
TOLKPLTAPLO YLO TV OPAOTTOLNGT), LTTOGTNPLLOVTAG ETOL TEPALTEPE TNV EUTLGTOGUVY
otn ddikacion AYnG amo@acewy TOL HOVTEAOD.

Enéxtaon tov Opropov Atkaroovng tng Awkatonpatiag oto FACTS: To FACTS
é0eoe Oepellddelg oplopovg yio ) Sikoooivy otn dikoonpatio. Avtol oL opiopol
xprlovv mepantépw avamtuéng. M Babitepn eotioon otig diopopég ECD petakod
dnpoypapik®dv vIToopddwv Bo popovce va StacPaAicel OTL OL HETPLKEG SLKALOCD-
VNG AVTOVOKAODY aKPLBECTEPQ TIG ETLITTOOELS GTNV SLKALN HETAXELPLOT) EKELVWV TTOV
gxouv avaykn dikaompatiog.

Aepevvnon Evallaktikov tov Frequent Itemset Mining: Av kot 1) e€aywyrn ov-
XVOV ouvolwv (frequent itemset mining) éxel amodeiyBel ouroteAeopatikny yior
dnpovpyia evepyeldv oto FACTS, evallaktikcég pébodol pmopel v pocpépouy me-
PLOGOTEPO TTPOCAPHOGHEVEG 1) KAADTEPX EVIHEPWHEVES ATt TO TTAXiGLO evépyeleg. H
SlepedvNoT AVTOV TV EVAAAXKTIKGOV O propovoe v 0dnyroeL oe o AeTTTopepelg
KO(L OYETLKEG e TO TAALOLO EVEPYELEG TTOL EVIGYVOLV TTEPALTEPW TT) StKooTpakiar Twv

XPNOTOV.

Evoopatwon Zvotnpatikav Iepropiopdv E@uctotntag (Feasibility): H Sitaopd-
Ao OTL oL avTIfeTIKEG eVEPYELEG ElVOL EPLKTEG ELVAL OLGLOONG YLt TNV EPAPHOYT]
Tovg oTNV TPaypatikn {wn. Ot peAlovtikég exdooelg twv GLANCE xou FACTS Oa
HITOPOVOY VO EVOWHOTOGOLY TILO CUGTNHATIKA KPLTHPLX EPLKTOTNTOG, PocLopéva,
ylo tapadetypa, oe causal constraints 1) e kavoveg 1d1kovg yio To ek&oToTe Tedio,
St PaAlOVTaG OTL OL TTPOTELVOHEVEG EVEPYELEG ELVOIL TTPUKTLKES YLOL EPOPHOYT.

Svvoyilovtag, 1 SUTAOHATIKY LT epyocia TOPEXEL PLOL OAOKANPWHEVT) HEAETT) TOV
GLANCE g prog ebkolo kAporkoOpevng ko emeEnynong pefodov mapoywyng kaboAt-
KOV avTfeTikov e€nynoewnv kot o aovéhvon tov FACTS ya tnv a€loddynon tng dikato-
ovvng otn Sikowompakio oe TOADTAOKA povTéAQ padpov kouTiod. Madli, avtd ta TAaiowo
TPOCPEPOLY TTOAVTLHES TTANPOPOPLES YLA TIG TTPAKTLKEG TTPOKAT|GELG TTOV TTPOKDITTOLY GTNV
opoxn dikang, epopprOGLUNG KoL eTeENYNOLUNG OLKXLOTPAELNG OTLG CUTOHATOTTOLHEVEG
amopacelc. BeAtidvovtog autég TIg epyacieg,  HLEAAOVTLKY épevva PITOpeL VoL EVIGYVGEL TN
dikatoo v, TNV alomiotia kot T Sapavela TV cLoTNHATWY TN o€ epappoyég LYo
KOLVWVLKOD KL OLKOVOHLKOD evOLapEpovTog,.
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Chapter 1

Introduction

In recent years, machine learning (ML) systems have become integral to decision-making
processes in critical areas such as finance (Boer et al), 2019), healthcare (Kyrimi et al), 2020),
education (Loftus et al), 2018), and employment (Bogen and Rieke, 2018; Cohen et all, 2019).
These systems are increasingly responsible for decisions that can have a significant impact
on individuals’ lives, such as loan approvals, hiring, or medical diagnoses. However, as the
deployment of ML models in these sensitive domains continues to grow, so do concerns
about the fairness and transparency of these systems.

Fairness Machine learning models are inherently susceptible to bias, as they often rely on
historical data that may reflect existing societal prejudices. If left unchecked, these biases
can lead to discriminatory outcomes that disproportionately disadvantage individuals or
groups based on sensitive attributes such as race, gender, or age (Tashea, 2017; Raji and
Buolamwini, 2019), and could potentially harm our society (Osoba and Welser IV, 2017).
This makes the study of fairness in machine learning a critical area of research, focusing on
ensuring that model outcomes do not systematically disadvantage protected subgroups.

Bias towards protected subgroups is most often detected by various notions of fairness
of prediction, e.g., statistical parity, where all subgroups defined by a protected attribute
should have the same probability of being assigned the positive (favorable) predicted class.
These definitions capture the explicit bias reflected in the model’s predictions. Nevertheless,
an implicit form of bias is the difficulty for, or the burden (Sharma et al), 2020; Kuratomi
et al), 2023) of, an individual (or a group thereof) to achieve recourse, i.e., perform the nec-
essary actions to change their features so as to obtain the favorable outcome (Gupta et al.,
2019; Ustun et al., 2019; Miller, 2019). Recourse provides explainability (i.e., a counterfac-
tual explanation (Wachter et al., 2017)) and actionability to an affected individual, and is a
legal necessity in various domains, e.g., the Equal Credit Opportunity Act mandates that
an individual can demand to learn the reasons for a loan denial. Fairness of recourse cap-
tures the notion that the protected subgroups should bear equal burden (Gupta et all, 2019;
Karimi et al., 2022; von Kiigelgen et all, 2022; Kuratomi et all, 2023).

Transparency - Explainability At the same time, ML systems are often black-box models
that provide little insight into their internal decision-making processes. This lack of trans-
parency creates challenges for both end-users and stakeholders who need to understand
and trust these decisions. This growing demand for model explainability (Burkart and Hu-
ber, 2021) has led to the emergence of explainable AI (XAI), which aims to provide clear and
interpretable explanations of how ML models arrive at their decisions.

In particular, in many applications of high impact (e.g., loan approvals) it is increasingly
required for users to be able to understand how their features influence the outcomes of
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the automated decision systems and how they might change them to achieve favorable out-
comes. This is the same concept we discussed previously, namely the concept otherwise
known as recourse (Miller, 2019). Counterfactual explanations have gathered extensive at-
tention for their suitability in achieving algorithmic recourse (Karimi et all, 2020), their
interpretability (Wachter et al., 2017), actionability (Ustun et all, 2019), utility in fairness
audits (Sharma et all, 2020; Kavouras et al), 2023), etc. A counterfactual action, or simply an
action, defines the specific feature changes needed to convert an unfavorable decision into
a favorable one.

The dual challenges of fairness and explainability are deeply interconnected. In many
real-world contexts, ensuring fairness also requires providing affected individuals with
recourse—the ability to understand why a decision was made and what specific actions
they can take to change an unfavorable outcome. This is not only a desirable quality but
also a legal obligation in various domains (e.g. Equal Credit Opportunity Act).

1.1 Subjects of Study

This thesis explores these twin challenges of fairness and explainability through a detailed
study of two key frameworks: FACTS (Kavouras et al), 2023) and GLANCE (Kavouras et al.,
2024). Each framework addresses one of these core challenges, but they also offer comple-
mentary perspectives on using counterfactual explanations on groups of instances to evaluate
and improve machine learning systems.

e GLANCE (Global Actions in a Nutshell for Counterfactual Explainability) addresses
the challenge of explainability by generating global counterfactual explanations. It
formulates the problem of finding explainable, actionable, and effective global coun-
terfactuals that work across large portions of the input space. GLANCE builds on
the idea that similar instances can be explained by similar actions and uses clustering
techniques to produce concise sets of counterfactual actions. By segmenting the in-
put space and generating representative actions for each segment, GLANCE enhances
both the interpretability and practicality of the generated explanations.

e FACTS (Fairness-Aware Counterfactuals for Subgroups) reiterates, as in prior work,
that fairness of recourse is an important and distinct notion of algorithmic fairness.
However, it also demonstrates that this concept is more nuanced than previously ex-
plored in the literature. FACTS distinguishes between two conceptual viewpoints:
the micro viewpoint, which examines individual-level costs when achieving recourse
(the exclusive focus of prior research, as far as we can tell), and the novel macro view-
point, which assesses how actions collectively impact groups of individuals. FACTS
systematically explores the feature space to detect subspaces where recourse bias ex-
ists and quantifies this bias using effectiveness-cost distributions and a set of fairness
definitions, each designed to capture a specific aspect of recourse bias. By ranking
these subspaces according to the calculated bias, it highlights disparities in the costs
and effectiveness of recourse actions across protected subgroups. The framework
outputs Comparative Subgroup Counterfactuals (CSCs) to provide interpretable sum-
maries of these findings.

Below, we will give a more extended introduction to how each framework approaches
the corresponding problem and we will try to intuitively justify that approach.
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1.1.1 Soft introduction to GLANCE / Augmented Space Algorithm

Counterfactual explanations have traditionally focused on providing local explainability,
which tailors insights to specific negatively affected instances. However, in many practical
applications, global counterfactual explanations are more valuable, as they offer broader
explanations applicable on the entire affected population. While it is possible to cover all
individuals by generating multiple local counterfactuals, this approach significantly reduces
interpretability, a key aspect of global explainability.

Building on the work of studies like Rawal and Lakkaraju (2020); Kanamori et al. (2022),
Kavouras et al, (2024) defines Global Counterfactual Explanations (GCE) as a small set of
global actions designed to provide effective recourse to the affected population. A success-
ful global counterfactual solution must satisfy three key objectives highlighted in prior
research:

1. consist of a small number of actions to preserve interpretability (size),
2. minimize the cost associated with implementing these actions (cost),
3. provide recourse to as many affected individuals as possible (effectiveness).

As pointed out by Branke (2008), the relationships between multiple optimization objec-
tives can be intricate, and reducing them to a single objective, as commonly done in prac-
tice (Rawal and Lakkaraju, 2020), may be problematic since these objectives are often non-
commensurable. By framing GCEs as a multi-objective optimization problem, Kavouras
et al) (2024) is able to explore the inherent trade-offs between effectiveness and cost, partic-
ularly when constrained by the number of actions in the solution set.

Global counterfactual explainability presents a unique optimization challenge compared
to its local counterpart. Even if the optimal local actions are identified for each individual
and a subset is chosen as global actions, the resulting Global Counterfactual Explanations
(or GCEs) may still be suboptimal. For instance, the optimal global action may not be the
best local action for any individual instance, but rather a compromise between all best local
actions. Therefore, generating effective GCEs requires a more nuanced exploration of the
action space.

The proposition of GLANCE The GLANCE framework (Kavouras et al), 2024; Emiris et al.,
2024) introduces several approaches to address this complex problem, all of which share a
key commonality: they rely on clustering individuals, utilizing a semi-standard procedure
that accounts for both the feature space and the action space.

In this work, we focus on one specific approach within the GLANCE framework — the
Augmented Space algorithm — for two primary reasons. First, it was the primary focus of
the author’s efforts during the development of GLANCE. Second, this particular algorithm
was not further explored in the second GLANCE study (Kavouras et al), 2024), making it a
promising candidate for further investigation.

Like other approaches within the GLANCE framework, the Augmented Space algorithm
begins by performing a fine-grained clustering of individuals in the feature space. For each
cluster, it identifies a set of diverse actions that can provide recourse to the cluster cen-
troid. The underlying assumption is that highly similar individuals are likely to share a
similar view of the decision boundary and, therefore, can achieve recourse through similar,
cost-efficient actions. Figure illustrates an example where four fine-grained clusters are
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(b)

Figure 1.1: Illustrating of the intuition behind clustering methods (taken from Kavouras
et al, (2024)). (a) GLANCE begins by generating diverse candidate actions from
the centroids of clusters formed in the feature space. (b) Final clusters are
formed based on similarity in both the feature space and the actions, grouping
instances that may be distant in feature space but share similar actions. (c) In
contrast, clustering solely by feature similarity can result in suboptimal global
actions, either achieving high effectiveness at a high cost or low cost with min-
imal effectiveness.

each associated with three diverse actions derived from their centroids. These actions of-
fer different pathways for providing recourse to the cluster members, giving GLANCE the
flexibility to later choose the most appropriate action.

At the end of this initial phase, GLANCE associates each cluster of individuals with
a set of potential actions. At this point, the various approaches within GLANCE diverge,
and from here on, we will focus solely on the Augmented Space algorithm. In the second
phase, the algorithm pairs each instance with the best possible action (in a simple, local-
counterfactual-like sense) from its respective cluster’s action pool. This effectively embeds
the instances into a higher-dimensional space — the augmented space — which encodes both
the features and the associated actions of the instances.

Next, the algorithm performs clustering on these augmented instances, forming ¢ new
clusters in the augmented space. From each cluster, one final action is selected based on a
straightforward greedy procedure. The key innovation of the Augmented Space algorithm
lies in this clustering within the augmented space of features and actions. The rationale for
incorporating feature similarity is that it groups together similar individuals, in line with the
logic used during the candidate generation phase. The motivation for incorporating actions,
however, is that if similar actions provide recourse, it becomes easier to identify a shared
low-cost, highly effective action, even when the individuals differ in terms of their features.
Figure shows an example where individuals are grouped based on both feature and
action similarity.

As highlighted in Kanamori et al. (2022), relying solely on coarse-grained clustering
in the feature space and assigning a single action to each cluster can result in suboptimal
global actions, often compromising either cost or effectiveness. For example, in Figure [1.1d,
individuals are clustered based on feature similarity, and a single action is chosen for the
entire cluster. In the blue cluster, the actions are quite diverse, so selecting just one forces
a trade-off between effectiveness (as illustrated) and cost. This underscores the value of
clustering that takes into account both features and actions.
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Figure 1.2: (taken from Kavouras et al! (2023))
(a) A visualization of affected individuals, the decision boundary, actions, and
one subpopulation (highlighted in the shaded region) within the feature space
(b) The cumulative distribution of recourse costs for the individuals in (a)
(c) A comparison of two actions enabling recourse for two individuals.
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1.1.2 Soft introduction to FACTS

As an introductory example of fairness of recourse (which we will see again in more detail
in Section .4), consider a company’s Al system used for promotion decisions, based on
two features: CTE (cycle time efficiency) and ACV (annual contract value). Figure
shows employees in the negative predicted class, and additionally displays a supposed race
attribute as circles and triangles. Arrows indicate the shortest actions for each employee
to achieve recourse (in other words, local counterfactuals), and the numbers on the arrows
represent their length, considered as the cost of the respective action. For example, x; may
improve primarily by acquiring high-value projects (ACV), and the specific action displayed
is assigned a cost equal to 2 (the arrow length).

The mean cost differs by race: 2 for race 0 and 2.2 for race 1, indicating recourse unfair-
ness against race 1 (notice that prediction fairness in terms of statistical parity is satisfied).
The authors of Kavouras et al, (2023), however, argue that fairness of recourse is more nu-
anced than the simple mean cost of recourse explored in previous literature (e.g. Gupta
et al., 2019; Sharma et all, 2020; von Kiigelgen et al., 2022; Kuratomi et all, 2023).

Firstly, the mean cost provides a limited perspective on individual recourse costs and
may misjudge disparities. For example, in Figure [1.2d, race 1 has one outlier with a high
cost of 6, skewing the average. To offer a clearer view, the cumulative distribution of costs,
termed the effectiveness-cost distribution (ecd) in Kavouras et al, (2023), illustrates the trade-
off between recourse and cost (Figure [1.25). Based on the ecd, new definitions / metrics of
recourse fairness are additionally formulated, that go beyond the mean cost. For example,
if in a certain application actions over a certain cost, e.g., 2, are considered impractical,
only 60% of race 0 can achieve recourse, compared to 80% of race 1, reversing the perceived
fairness. This is referred to as equal effectiveness within budget in Kavouras et al| (2023) (we
will explore this further in Section f.1.1)).

Moreover, even providing individual recourse prior to aggregation (as in Figure [1.24)
may not be meaningful in some practical scenarios. The macro viewpoint proposed by
Kavouras et al) (2023) treats a group of individuals collectively, assessing actions that af-
fect all members, such as societal or organizational interventions (e.g., tax relief or skill
training). This is demonstrated in Figure by the individuals in the shaded region, who
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can be assigned a horizontal action such as a; or as. The action a; additionally demonstrates
the merit of this viewpoint: while both race subgroups would have similar costs in the mi-
cro viewpoint, action a; disproportionately benefits race 0 over race 1. This perspective
highlights systemic biases that individual-level assessments might overlook.

Finally, traditional recourse fairness depends on a cost function, which introduces prac-
tical limitations. Defining which attributes are actionable or ethical to change complicates
the analysis (Rawal and Lakkaraju, 2020; Ustun et al/, 2019). To address this, Kavouras et al.
(2023) proposes cost-oblivious fairness definitions, such as equal choice for recourse, which
considers the number of available actions rather than the cost alone. For instance, x; has
only one option for recourse, while z, has two, indicating unfairness even if both have
equal costs under action a;.

Based on the above observations, Kavouras et al| (2023) also proposes FACTS (Fairness-
Aware Counterfactuals for Subgroups), a flexible, model-agnostic framework designed to
efficiently audit fairness in recourse. FACTS computes the aforementioned effectiveness-
cost distribution, which captures the balance between cost and recourse across both micro
and macro perspectives. It then efficiently audits recourse fairness by exploring the feature
space and identifying subgroups with recourse bias, based on one of the several fairness
definitions Kavouras et al) (2023) formulates (computed with the help of the ecd). FACTS
ranks biased subspaces and provides interpretable summaries, offering a systematic way to
examine fairness in both micro and macro perspectives.

In summary, Kavouras et al! (2023) makes significant contributions both conceptually
and technically. On the conceptual side, it differentiates between the micro viewpoint, which
focuses on individual costs, and the macro viewpoint, which assesses group-level impacts.
New fairness of recourse notions, that extend beyond the limitations of mean cost, are also
introduced. On the technical side, it offers the FACTS framework, which efficiently audits
recourse fairness by exploring the feature space and identifying subgroups with recourse
bias.

1.2 Key Contributions of the Thesis

This thesis explores these twin challenges of fairness and explainability through a detailed
study of two key frameworks: FACTS (Kavouras et al), 2023) and GLANCE (Kavouras et al.,
2024). Each framework addresses one of these core challenges, but they also offer comple-
mentary perspectives on using counterfactual explanations to evaluate and improve ma-
chine learning systems.

While each framework has a distinct focus — FACTS on fairness auditing and GLANCE
on global counterfactuals — this thesis will also attempt to explore the interconnections
between these two domains. By reviewing and replicating the methodologies of FACTS
and GLANCE, conducting additional experiments, and examining the results in different
contexts, this work seeks to highlight how fairness and explainability can complement each
other in practical applications.

1.3 Structure of the Thesis

The remainder of this thesis is organized as follows:

e Chapter 2: Counterfactual Explanations: Definitions, Methods, and Applications
provides an overview of counterfactual explanations, including key definitions and
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methods for generating them. It introduces local and global counterfactuals, dis-
cusses prominent approaches such as DiCE (Mothilal et al;, 2019), AReS (Rawal and
Lakkaraju, 2020), and GLOBE-CE (Ley et all, 2023), and highlights their applications
in fairness and explainability.

Chapter 3: Clustering Approach for Global Counterfactual Generation explores the
GLANCE framework in detail. It describes the algorithm’s clustering-based approach
to generating global counterfactuals, outlines its evaluation criteria, and presents the
experimental results to demonstrate its effectiveness and interpretability.

Chapter 4: Auditing Fairness through Explainability Methods explores the FACTS
framework, which introduces a nuanced approach to auditing fairness of recourse
by distinguishing between micro and macro viewpoints. This chapter explains how
FACTS systematically identifies and quantifies disparities in recourse across subgroups
using effectiveness-cost distributions and a range of fairness definitions. It also presents
the results of experiments to validate the framework’s effectiveness in detecting and
explaining recourse bias through its output of Comparative Subgroup Counterfactu-

als (CSCs).

Chapter 5: Conclusions summarizes the key findings of the thesis, discusses the
broader implications for fairness and explainability in machine learning, and outlines
potential directions for future research.
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Chapter 2

Counterfactual Explanations: Definitions,
Methods and Applications

2.1 Supervised Classification: Concepts, Notation, and Key
Considerations

In this section, we introduce the key concepts, terminology, and notations related to su-
pervised classification that will be used throughout this work. While the primary focus of
this thesis is not on supervised classification itself, establishing a clear foundation in these
concepts is essential for developing the appropriate intuition and ensuring consistency in
notation.

Supervised classification is a core problem in machine learning, where the objective is
to learn a function that maps input features to predefined labels using a dataset containing
labeled examples. This involves training a model on a set of input-output pairs, allowing it
to predict the labels of new, unseen data. For the purposes of this work, we formalize this
setting as follows:

Let X = H?Zl A&, denote a Cartesian product of d € Z. one-dimensional sets. Each set
A& typically represents a finite set of values or a subset of R. Additionally, let }V denote a
set of possible values, typically a finite set, representing the labels.

To introduce some nomenclature, each point z € X is called an instance (or individual
when referring to a person), and the i-th component of z is referred to as its ¢-th feature.
This is also sometimes used for X as a whole, i.e. “the i-th feature” to refer to the i-th
dimension of X' (namely, X;). We also refer to the entire space X as the feature space and
Y as the label space.

We assume that there exists an unknown function f: X — ), which represents
a real-world process that assigns labels from ) to instances in X. A machine learn-
ing practitioner is provided with a finite set of labeled instances, known as a dataset:
D = {(z1,y1),---,(xN,yn)}, where y; = f(x;). The task is to find a function h: X — )
that approximates the unknown function f as accurately as possible.

Example 2.1. Consider a problem where the objective is to predict whether a loan applicant
will default on their payment based on their income and age. Here, we have two features:
income and age. The feature space can be defined as X = X x X,, where both X; and X,
represent positive integers (assuming age and income are discrete values). The label space is
given by Y = {—1, 1}, where -1 signifies a default and 1 signifies no default.

In this context, the machine learning task involves learning a function based on a dataset
that includes the income and age values of a sample of individuals, along with their actual
default status. The goal is to train a model capable of predicting whether an individual will
default based on these features.
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Key Considerations in Supervised Classification The above formulation captures the ba-
sic structure of supervised classification. Though not directly relevant to the subject of the
current thesis, there are additional key considerations that are central to building effective
models:

e Classification Algorithms: There are various algorithms designed for supervised clas-
sification, each with its own underlying principles and trade-offs. Some common ap-
proaches include logistic regression, decision trees, support vector machines (SVM),
k-nearest neighbors (KNN), and neural networks. Each algorithm offers unique
strengths and limitations, making it essential to choose the most suitable one based
on the problem’s characteristics.

e Model Evaluation Metrics: To evaluate a model’s performance, several metrics are
commonly used, including accuracy, precision, recall, F1-score, and area under the
receiver operating characteristic curve (ROC-AUC). These metrics help assess how
well the model differentiates between classes and its robustness in handling imbal-
anced datasets.

e Overfitting and Underfitting: A key challenge in supervised classification is achieving
a balance between model complexity and generalization. Overfitting occurs when a
model learns irrelevant patterns from the training data, leading to poor performance
on new data. In contrast, underfitting arises when a model is too simplistic to capture
the underlying relationships within the data.

The concepts and considerations presented here provide the foundation for understand-
ing how classification models work and how they will be used and evaluated in the subse-
quent sections of this thesis. By establishing this background, we ensure consistency and
clarity in the discussions that follow.

2.2 Local Counterfactual Explanations

Counterfactual explanations play a crucial role in understanding causal relationships by
answering ‘what if” questions; ‘If X had not occurred, Y would not have occurred’ (Molnar,
2023). For example, ‘If Thadn’t slept in today, I would not have been late to work’. What this
phrase is trying to convey is the causal relationship between X = Tslept in’ and Y = ‘T was
late to work’; X is the direct cause of Y, because if X had not occurred, given everything else
is the same, then Y would not have occurred. Counterfactual thinking involves envisioning
a different reality that contradicts observed facts, making it a powerful tool for human
reasoning and decision-making.

In the context of machine learning, such counterfactual explanations can provide in-
sight into individual predictions, by helping us understand what changes to the input fea-
tures would alter the model’s prediction. Conceptually, this approach treats the model’s
input features as causes and the prediction as the effect. For instance, if a model denies
a loan application, a counterfactual explanation might reveal that an increase in annual
income or a reduction in the number of credit cards could change the decision to approval.

Creating counterfactuals thus involves changing the input features of an instance to see
how the prediction changes. The goal is to identify the smallest modifications that lead to
a significant change in the prediction, such as flipping a classification result or reaching a
specific probability threshold.
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There are, however, serious challenges to be taken into consideration to produce coun-
terfactual explanations. Good counterfactual explanations are characterized by several key
criteria, some more straightforward than others. Firstly, as expected, they should achieve
a relevant change in prediction as closely as possible to the predefined target. Secondly,
the counterfactual should be minimally different from the original instance, both in terms
of the number of changed features and the magnitude of those changes. Additionally, pro-
viding multiple diverse counterfactuals can offer decision-makers various actionable paths
to achieve the desired outcome. Lastly, to be suitable for practical applicability, the coun-
terfactual instances should be realistic and likely within the context of the data’s joint dis-
tribution, and the change from the factual to the counterfactual instance should also be
actionable (e.g. cannot involve changing your year of birth).

As a final note, we shall see in the following sections that there are also counterfactual
explanations which consider many individuals at once (these are the core subjects of study
for this work). To distinguish between the two notions, the counterfactual explanations we
have talked about thus far will also be called local counterfactuals from now on.

2.2.1 Definition

Based on the above discussion, the end goal would be to develop algorithms that find good
counterfactuals. The first step towards that goal is to formally define the thing that we are
looking for, i.e. what is a local counterfactual.

As we said, counterfactuals concern the question: given an instance x, what is the
closest instance one can find for which the model’s prediction changes? Now, depending on
the details of the setting, the exact definitions of “closest instance” and “prediction changes”
vary, and may not be straightforward, as we discussed.

Nonetheless, in the simplest case, e.g. for classification where we want to see when
the result is flipped, it is easy to give a straightforward formal definition. Consider the
following formulation.

Definition 2.1 (Local Counterfactual - Simple). Assume a model h (as described earlier) that
maps instances © € X to labelsy € Y. Given a point xy € X for which h(zy) = yo and a
desired label yp € Y, a counterfactual explanation for x, with respect to h is any solution to
the following optimization problem:

Minimize d(xg,x)
subject to  h(x) = yr (2.1)
redX

This definition conveys the core idea of local counterfactuals: we want the minimal
changes that make the model h give the desired output. As important as the other complica-
tions we have discussed are indeed, we believe it is also important to isolate the central idea
behind the concept of local counterfactuals and formulate it as Definition P.1] does; then we
can add more complexity on top of it.

To do that, there is a plethora of approaches. As an example, the seminal work of
Wachter et al) (2017) posits that the constraint h(z) = yr can be relaxed for regression
problems or for classification where we get the predicted probabilities; it suffices that h(x)
and yr are as close as possible. As such, they formulate the search for local counterfactuals
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as:

Minimize L(zo,z,yr, A) = Mh(x) — y)?* + d(x, x)

. (2.2)
subjectto z € X

(where d is a normalized variation of the /; norm)

To elaborate, they now have 2 objectives (distance of x to original instance and distance
of h(z) to the target), which they incorporate in a single objective function using the -
relatively standard - linearization approach, i.e. the objective function is the weighted sum
of the 2 objectives, with the weight being a tunable hyperparameter (we should mention
that Wachter et al. (2017) also suggests a method to tune \).

As one can perhaps imagine, all sorts of objectives, requirements, or constraints can
be incorporated in the formulation of the problem in a manner similar to .4, Recall all
the additional constraints we discussed briefly in the opening of the section: feasibility,
plausibility, actionability, and diversity. All of these are arguably necessary requirements
for good counterfactuals; perhaps there are even more, depending on who you ask.

In the most general case, what we want to do is a ‘good’ compromise between achiev-
ing the desired label, remaining close to the original point x, and satisfying any other con-
straints that concern the interpretability, actionability, etc. of the explanation. Drawing
inspiration from the respective definition in Dandl et al| (2020), we give the following gen-
eral definition.

Definition 2.2 (Local Counterfactual - Complex). Assume a model h (as described earlier)
that maps instances © € X to labelsy € ). Given a point xq € X for which h(zq) = yo and
a desired label yr € Y, a counterfactual explanation for x, with respect to h is any solution
to the following multi-objective optimization problem:

Minimize (L(yr,y),d(xg,x),c1(x),. .., ci(z))
subjectto x € X (2.3)
h(z) =y

where:

e the function L should quantify the discrepancy between the desired label and the
label of the candidate counterfactual (could be as simple as 1[yr, y]).

e The function d should quantify the distance between the original instance and the
counterfactual (could be as simple as an [,-norm distance).

® Cy,...,cy signify all extra requirements one could think of imposing on the resulting
counterfactual explanations. Note that they don’t need to depend only on z, they
could involve any one of the other parameters of the problem, e.g. the original in-
stance xy. We just omitted this for simplicity. Some examples are:

- lpnorm: ¢(x) = ||zo — x||o (used in Dandl et al| (2020)). For when we consider it
important for the resulting counterfactual not only to have small changes in the
features, but also for the number of features that get changed to be small. Imag-
ine, for example, that a counterfactual for a hiring model/algorithm suggests
that a user change all information on their LinkedIn profile. No matter how
small each individual change is, something like this certainly makes it more
difficult for the user to act on it.
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- ¢(x) = distance of x to the nearest neighbor from a given dataset of points (used
in Dandl et al| (2020)). This can be thought of as a means to make the resulting
counterfactual more likely, according to the distribution of the real data.

In contrast to Problem (which is by no means easy), the above problem is even
more challenging: after all, in Problem P.3 we have actually done nothing more than write
down all demands we would have from a ‘perfect’ counterfactual. The objectives we have
incorporated will be contradicting for most cases (e.g. the lower the cost, the greater we
would expect L to be) and the formulation gives no hint as to resolving this ambiguity. So,
it is expected that the problem (R.3) will not admit a clear solution for most cases.

One immediate challenge is how we are supposed to decide between ‘equally satisfying’
solutions (i.e. pareto optimalf). Do we want to come up with only one counterfactual in
the end? Or would we prefer to give a selection of different but equally ‘effective’ coun-
terfactuals to the user, and thus also satisfy the diversity requirement? After all, these are
concerns that arise for every multi-objective optimization problem.

Additionally, there are inherent challenges associated with the problem of finding ‘op-
timal’ counterfactuals. One key issue is the nature of the assumptions we make about the
model. In this work, as in much of the related literature (e.g., see the method roundup in
the survey by Karimi et al| (2022)), we focus on a model-agnostic setting, where we have no
direct access to the inner workings of the model h. Instead, we only have “oracle access” —
we can query the model with any point z € X (whether from the data or artificially gen-
erated) and receive the corresponding output A(x). This constraint makes heuristic search
through the feature space unavoidable. However, heuristic searches cannot guarantee an
optimal solution to the problem (R.3), particularly when we make no assumptions about the
model’s regularity. Given that machine learning models can be arbitrarily complex, with
highly non-linear and intricate decision boundaries, it becomes clear that finding or even
adequately approximating an optimal solution to the problem is a difficult and computa-
tionally intensive task.

Another significant challenge arises when choosing an appropriate distance function d.
Ideally, this function should not simply capture Euclidean distance but should reflect the
practical difficulty an individual would encounter when changing their feature values from
21 to x9. In other words, it should represent a cost function rather than a simple distance
metric. However, defining such a cost function is far from straightforward, as the com-
plexity involved is significant due to numerous factors. The difficulty of making changes is
highly specific to the dataset and the domain, and can be extremely non-linear or irregular
in many cases. For example, relocating might be significantly easier for a person in their
20s than for someone in their 80s. Similarly, a change in age could be entirely infeasible in
certain contexts (e.g., qualifying for a one-time scholarship), or feasible only within certain
constraints (e.g., a scholarship limited to a specific age range). These examples highlight
how constructing a meaningful cost function that aligns with real-world scenarios is such
a complex task that it could easily form an entire research focus on its own.

Finally, from a slightly higher point of view, even the somewhat general form of the
problem P.4 may fail to model the problem of finding good local counterfactuals for some
cases. To include everything as an extra objective function may not be enough for practi-
tioners of certain applications, who would prefer to include some extra constraints instead.

We still believe it serves as a satisfactory general definition of local counterfactuals.
What we want to illustrate here is the difficulty of formulating local counterfactuals, and

! the notion of pareto optimality is well-known in the multiobjective optimization literature, see for exam-
ple Branke (2008); Emmerich and DeutZ (2018)
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that this is not so much due to technical reasons as due to the complexity of the require-
ments needed to be satisfied by a good counterfactual.

2.2.2 Overview of Approaches

In recent years, a wealth of methods, frameworks, and algorithms have emerged for gen-
erating local counterfactuals (e.g. Wachter et al|, 2017; Mothilal et al., 2019; Poyiadzi et al.,
2020; Lucic et al), 2021; Laugel et al), 2017), each differing in approach and focus.

A common strategy for generating local counterfactuals is to frame the task as a single-
objective optimization problem, aiming to minimize the distance between a query point and
its counterfactual. This approach was notably advanced by Wachter et al| (2017), a seminal
work that set a foundation for the field. Specifically, they propose minimizing the following
loss function:

L(Jfo, T, Yr, >\) = )\(h(flf) - yT)2 + d(']:(]? QJ) (24)

where yr is the target label for the counterfactual in a regression setting, and d(xz, x)
represents the distance between the query point z; and the counterfactual x. To define d,
they use the Manhattan distance, weighted by the inverse median absolute deviation (MAD)
of each feature:

x 7 %
(o, @ Z 'AOMD (2:5)

The MAD value serves as a robust metric similar to standard deviation but based on the
median and absolute deviations, making it less sensitive to outliers. For further details on
MAD, refer to (Molnar, 2023, Section 9.3).

In Wachter et al. (2017), an additional parameter, ), balances the conflicting goals of
minimizing both the error relative to the target label and the distance between the factual
and counterfactual instances. These two objectives can conflict, as minimizing the label
error often requires greater changes in feature values, thereby increasing the distance from
the original instance. The A value, which reflects the relative importance of each objective,
can be specified by the user or tuned through an outer loop that iteratively adjusts A. Instead
of fixing ), this loop allows the user to specify a tolerance for the predicted label’s proximity
to the true label, and reruns the optimization across multiple A values until this tolerance
is met. While this approach adds flexibility, it also increases computational demands due to
repeated optimization runs and still requires the user to determine an appropriate tolerance
level.

The authors effectively address the ambiguity inherent in multi-objective problems like
([£.3) by converting the two conflicting goals into a single objective via a weighted sum,
a standard approach in multi-objective optimization (Emmerich and Deutz, 2018; Branke,
2008). This formulation allows the optimization to prioritize one objective over the other
through )\, balancing actionability with recourse efficacy.

2.2.3 DiCE

We focus particularly on the DiCE method (Mothilal et al,, 2019), as it is our chosen tool
for generating local counterfactual explanations. DiCE emphasizes two essential proper-
ties for effective counterfactual explanations: feasibility and diversity. Feasibility ensures
that counterfactuals are actionable and contextually plausible for individuals, while diver-
sity provides multiple distinct options for achieving the desired outcome, giving users a
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range of choices to consider. To formalize these properties, DiCE constructs an optimiza-
tion framework that not only minimizes the distance to the counterfactual (feasibility) but
also maximizes diversity among the generated examples.

The primary contribution of Mothilal et al. (2019) lies in an algorithm that leverages
determinantal point processes (DPPs) to generate diverse counterfactuals efficiently. The
use of DPPs allows DiCE to produce sets of counterfactuals that are highly distinct from
one another, avoiding the common pitfall where generated examples cluster too closely in
the feature space, thereby limiting their practical usefulness.

In our work, we leverage DiCE’s random generation method, which operates by explor-
ing the counterfactual action space through a process of targeted random sampling. This
approach systematically minimizes the distance between the original instance and each
counterfactual while ensuring a diverse set of counterfactuals. Unlike a purely stochastic
search, DiCE’s random approach incorporates specific constraints that prioritize proximity
to the original instance, balancing the need for both feasibility and minimal feature change.

The random method within DiCE, while simpler than other options such as those based
on determinantal point processes (DPPs), is effective for applications where interpretability
is central, and the computational cost of generating counterfactuals must remain manage-
able. This balance makes it a suitable choice for our implementation, where the focus is
on providing actionable, locally optimal counterfactuals while maintaining computational
efficiency.

2.2.4 Other Methods

Although we have focused on DiCE for our work, we also provide a brief overview of some
other prominent approaches, for completeness.

FACE The FACE method (Poyiadzi et all, 2020) addresses limitations in typical counter-
factual explanations, especially regarding feasibility and data coherence. FACE argues that
traditional methods often yield counterfactuals that may not be achievable or realistic, as
they may propose changes that are either contextually inappropriate or difficult for indi-
viduals to act upon (e.g., suggesting an applicant double their salary without increasing
skills). FACE seeks to ensure that counterfactuals not only belong to dense regions of the
data distribution (indicating plausible outcomes) but also provide feasible paths of change.
It accomplishes this by utilizing a density-weighted distance metric, which allows counter-
factuals to be both feasible and representative of achievable transformations.

FOCUS FOCUS (Lucic et all, 2021) introduces an approach for generating counterfac-
tual explanations that extends to non-differentiable models, particularly tree-based ensem-
bles. Several counterfactual methods assume model differentiability, but FOCUS overcomes
this by approximating tree models using smooth probabilistic functions, enabling gradient-
based optimization for generating counterfactuals. This method is particularly advanta-
geous for scenarios where non-differentiable models are prevalent, as it allows FOCUS to
generate counterfactuals closer to the original instance than existing heuristic methods,
while supporting a broader range of model types and maintaining actionability.

Growing Spheres Growing Spheres (Laugel et all, 2017) offers a unique approach to coun-
terfactual generation, particularly suited to settings where no prior knowledge of the model
or data is available. Growing Spheres is a data- and model-agnostic method that locates the
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decision boundary by incrementally expanding a “sphere” around a given instance until it
reaches an area classified differently. This approach minimizes the perturbations required
to achieve the desired classification change, ensuring that the counterfactual lies as close as
possible to the original instance. Growing Spheres is thus effective for generating action-
able counterfactuals even when the model and data are completely opaque to the user.

2.3 Global Counterfactuals

A more recent direction of research focuses on “global counterfactuals”, which extend the
concept of traditional counterfactual explanations to cover multiple instances simultane-
ously. Instead of explaining a single instance, global counterfactuals aim to provide expla-
nations that apply to entire groups of instances, specific subregions of the feature space, or
even the whole population, offering broader insights into the model’s behavior.

For example, in the case of an automatic loan approval system, local counterfactual gen-
erators can suggest to a single applicant what change they could perform to get approved.
A global counterfactual would be, ‘If one has worked for less than 10 years, raising their
salary by 50000 will get them approved, otherwise raising their salary by 30000 will get
them approved’. This provides both actionable recourse and an insight into how the model
makes its decisions.

2.3.1 Preliminaries

We begin with the definition of some fundamental concepts, not only to our work but al-
ready in the existing literature on global counterfactual explanations for binary classification
problems (e.g. Rawal and Lakkaraju, 2020; Ley et al/, 2023; Kanamori et al|, 2022)ﬁ.

We consider again a standard binary classifier b : X — {—1, 1}, where the positive
outcome is the favorable one. For any given h, and always assuming a dataset D, we focus
on Dysr = {x; : (z;,y;) € Dand h(z;) = —1}, ie. the adversely affected individuals;
those who receive the unfavorable outcome.

We denote as A the set of all possible actions, where an action a € A is a set of changes
to feature values, e.g., a = {country — US, education-num — +2}, which, when applied to
an instance z, results in a counterfactual instance 2’ = a(x). For the previous example, if
x = (Canada,7), then a(x) = (US,9).

Every action a has a cost, denoted as cost(a, x), and is effective for an instance x if
h(a(z)) = h(z') = 1. The recourse cost rc(A, z) of an instance x is the minimum cost
incurred from an effective action in A C A:

re(A, z) = min{cost(a, x)|a € A : h(a(z)) = 1}

Let X = {z € Dyss|h(a(z)) = 1,a € A} be the set of instances that flip their predic-
tion by using one of the actions in A, then the effectiveness of the actions for the affected
instances is defined as:

| X
eff(A, Daff) = |D ff|,

? The concepts defined in prior works may have different names or slightly different technicalities in their
definitions, but the core logic and intuition is the same.
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and their cost as:
> re(A, )
rxeX
ave(A, Dagy) = GT

Finally, we use size(A) to refer to the cardinality of a set A.

2.3.2 AReS

One of the earliest works on global counterfactuals and seminal in the field was the work
of Rawal and Lakkaraju (2020). Their proposed approach for finding interpretable global
counterfactual explanations, namely the Actionable Recourse Summaries (AReS) frame-
work, was to formulate an optimization problem based on the requirements they want their
counterfactuals to satisfy, and then use known algorithms to solve this problem.

A key innovation in AReS is its objective function, which balances three critical aspects:
the accuracy of recourse, interpretability of explanations, and minimizing recourse costs
for the population. The framework optimizes these elements by learning a small set of
interpretable rule sets that define recourse actions for specific subgroups, allowing decision-
makers to answer important questions such as how recourse differs across demographic
groups.

Problem Formulation In slightly more concrete terms, Rawal and Lakkaraju (2020) seeks
to identify a set of actionable rules of the form “if f; é v and f § vy, then change f;
to v] and f, to v}, where fi, fy are features, and vy, vy, v}, v are feature values. The spe-
cific problem addressed is to find a set of such rules that maximizes the following objective
function:

)\1 - Cov + )\2 - Eff — )\3 . COSt1 — )\4 : COStQ,

where Cov and Eff represent the coverage of the rule set (i.e., the proportion of individu-
als for whom there is a rule) and the effectiveness of those rules in providing successful
recourse, respectively. The terms Cost; and Costy quantify different aspects of the costs
associated with applying the rules for an individual, or group thereof (exact details are out
of scope for our work, but the interested reader can of course find out more in Rawal and
Lakkaraju (2020)).

The optimization problem is also subject to certain constraints that limit the maximum
width of individual rules (i.e., the number of conditions within a rule) and the total number
of rules in the set. This set of constraints aims to capture the explainability requirements,
since having a very large rule set as output would not be interpretable by a human being.

The formulation uses a linear combination of these factors due to the inherent trade-
offs between coverage, effectiveness, and cost, which makes maximizing these quantities
simultaneously infeasible. The weights A1, Ay, A3, A4 in the objective function, as well as
the constraints on the maximum width of each rule and the total number of rules, are user-
provided parameters. It should also be noted that the appropriate values for these quantities
are very likely to vary based on the dataset and domain in question.

In Figure R.1] we can see an example of the method’s output. The metrics (effectiveness,
cost) are not displayed, but we can understand the general form of the output and why
the authors claim that it is interpretable. Indeed, the way the population has been split
into groups based on values of the features and for each cohort a straightforward change
is suggested could most probably be understood by anyone.
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!f|F0reign_Worker = True: }—{ Subgroup descriptor

Recourse If Years_At_Current_Home <= 1 and Num_Loans_Other_Bank > 0,
rule 1 then Years_At_Current_Home >= 3 and Num_Loans_Other_Bank =0
Recourse If Job_Class_Skilled = False and Years_At_Current_Job < 1,
rule 2 then Job Class_Skilled = False and Years At Current_Job >= 4

If[Foreign_Worker = False:|——{ Subgroup descriptor

Recourse { If Missed_Payments = True and Critical_Loans_Elsewhere = True,
rule 3

then Missed_Payments = True and Critical_Loans_Elsewhere = False

Figure 2.1: Example output of the AReS framework. Taken from Rawal and Lakkaraju

Algorithms Datasets
COMPAS Credit Bail
Recourse Acc Mean FCost | Recourse Acc Mean FCost | Recourse Acc ~ Mean FCost
AR-LIME 99.40 % 342 10.26 % 5.08 92.23 % 2.90
DNN AR-KMeans 57.76 % 6.39 48.72 % 2.50 87.98 % 7.50
FACE 73.71% 4.48 50.32% 2.48 91.37% 8.43
AReS 99.37% 2.83 78.23% 2.23 96.81% 2.45
AR-LIME 65.88 % 6.34 26.33 % 3.32 90.46 % 2.87
RE AR-KMeans 60.48 % 531 16.00 % 4.02 92.03 % 7.02
FACE 62.38% 4.48 31.32% 1.35 92.37% 9.31
AReS 72.43% 2.52 39.87% 109 97.11% 1.78
AR 100% 541 100% 1.69 100% 8.07
LR FACE 98.22% 6.12 95.31% 2.08 94.37% 7.35
AReS 99.53% 4.02 99.61% 1.28 100% 6.45

Figure 2.2: Results of AReS on the COMPAS, Credit and Bail datasets. Taken from Rawal
and Lakkaraju (2020). Effectiveness (called recourse correctness or accuracy
in Rawal and Lakkaraju (2020)) and mean feature cost are shown. AR-LIME,
AR-KMeans and FACE are local counterfactual methods with which Rawal and
Lakkaraju (2020) compared itself due to lack of more relevant research at that
time. They are out of scope for our work.

Additionally, in Figure .4 we show one part of the results presented in Rawal and
Lakkaraju (2020). The cost is calculated in a different way than in the works of Kavouras
et al. (2023) and Kavouras et al. (2024), so conclusions are difficult to draw from these values.
Nonetheless, from the effectiveness values we can make some comments. The results are
very satisfactory in 6 out of the 9 cases, with AReS demonstrating an effectiveness of 96%
and above. However,in the other three cases it achieves only 72.43%, 78.23%, and 39.87%.
As we shall see later in this work, these are substantially low values compared to the more
recent methods such as Ley et al| (2023) and Kavouras et al| (2024).

Incidentally, we should mention that Rawal and Lakkaraju (2020) did not have publicly
available source code for their experiments. For this reason, we built our own implemen-
tation from scratch. At around the same time, Ley et al| (2022), having developed a faster
version of the AReS framework named Fast AReS, also made their implementation publicly
available at https://github.com/danwley/GLOBE-CE/. We used both implementations
for the evaluation of the framework.

Overall, the AReS method demonstrates several notable strengths. It is grounded in
solid theoretical principles that justify its approach, particularly in terms of balancing effec-
tiveness, cost, and interpretability. The rules it generates are highly interpretable, which is
crucial for transparency in decision-making processes. Additionally, the method produces
results that are generally effective, making it a useful tool in actionable recourse.

However, there are also some notable limitations. First, the optimization procedure de-
scribed in Rawal and Lakkaraju (2020) tends to be quite slow. This was evident both in our
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https://github.com/danwley/GLOBE-CE/

Fixed Direction, & ] Fixed Direction, §

Fixed Magnitude, k _ Variable Magnitude, kj
100% coverage
Strong trade-off : with lower average
between coverage cost than single
and average cost 2 i fixed translation

Figure 2.3: Illustration of actions on the same direction but with different magnitudes;
taken from Ley et al. (2023).

own implementation and in the one provided by Ley et al| (2022). The slow runtime can
pose significant challenges, especially when dealing with larger datasets or more complex
models. Furthermore, the results displayed considerable variability, as we can see from Fig-
ure 2.7, While the effectiveness is very high—sometimes near 100%—in many cases, it drops
to much lower levels in others. Given that effectiveness is a crucial measure for counter-
factuals, this inconsistency can undermine their meaningfulness if a reasonably high level
of success is not achieved.

Finally, another important limitation is the lack itself of publicly available source code
for the experiments conducted in Rawal and Lakkaraju (2020). This absence made it more
difficult to accurately reproduce their results, hindering efforts to thoroughly study, extend,
or improve upon their work.

2.3.3 GLOBE-CE

Another significant contribution comes from Ley et al| (2023), who introduced GLOBE-
CE, a novel framework to generate reliable and scalable global counterfactual explanations
(GCEs). GLOBE-CE provides global directions along which groups of input data can be
perturbed to alter their predictions. Unlike prior methods, GLOBE-CE relaxes the tradi-
tional approach by allowing counterfactual translations to have fixed directions but vary-
ing magnitudes across different inputs. This flexibility helps balance the trade-off between
effectiveness (the percentage of inputs that can be altered) and cost (the difficulty of imple-
menting the changes), a significant limitation in prior global counterfactual methods. An
illustration of this concept is shown in Figure .3.

One of the key innovations of GLOBE-CE is its ability to handle categorical features
by mathematically formulating translations for one-hot encoded data using interpretable
If/Then rules. This ensures that GLOBE-CE can work effectively across datasets with both
continuous and categorical features, providing interpretable and actionable counterfactuals.
Additionally, GLOBE-CE is computationally efficient, outperforming existing methods in
terms of speed, while also achieving better effectiveness and lower recourse costs.

Problem Formulation Ley et al| (2023) does not explicitly define a formal optimization
problem, but the framework aims to achieve a balance between maximizing effectiveness
(referred to as coverage in Ley et al) (2023)) and minimizing the average cost of recourse for
individuals. Based on the description in the original work, the core task can be understood
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Models  Algorithms Datasets

COMPAS German Credit Default Credit HELOC
Cov.  Cost Time Cov. Cost Time Cov. Cost  Time  Cov. Cost  Time
AReS 51% 231 10ls | 73% 1.6 2712s | 7.22% 1.0 7984s | 5.4% 1.0 9999s

Fast AReS 64% 145 320s | 2% 1.43 128s | 99.8% 4.2 373s | 52% 55 109.1s
GLOBE-CE 66% 153 7.08s | 85% 1.2 2.28s | 98.5% 1.3 3.6s 93% 4.3 4.66s
dGLOBE-CE  70% 146 9.15s | 90% 1.1 2.63s | 100% 1.1 7.86s | 95% 38 5.46s

DNN

AReS 45% 1.9 205s | 61% 1.5 2092s | 11% 1.0 9999s | 1.7% 1.0 9999s
XGB Fast AReS 83% 19 47.6s | 65% 175 34.33s | 93% 23 29.97s | 28% 2.1 93.58s
GLOBE-CE 78% 1.8 9.61s | 95% 1.02 5.04s | 96% 1.1 2.94s | 58% 2.4 4.7s
dGLOBE-CE 91% 14 124s | 83% 1.03 5955 | 100% 0.7 6.35s | 80% 2.4 5.6s
AReS 79% 1.5 506s | 85% 1.3 3566s | 31% 12 9999s | 4.8% 1.0 9999s
Fast AReS 82% 1.7 43.0s | 85% 1.3 9.3s 99% 2.1 17.82s | 92% 1.6 127.3s

LR GLOBE-CE  83% 120 843s | 82% 12 339 | 100% 10 3425 | 100% 05  3.11s

dGLOBE-CE 84% 118 11.7s | 91% 13 3.87s | 100% 1.0 721s | 100% 0.5 3.85s

Figure 2.4: Results of GLOBE-CE on the COMPAS, German Credit, Default Credit and HE-
LOC datasets. Taken from Ley et al. (2023). Effectiveness (called coverage in
Ley et al! (2023)) and mean cost are shown. Fast AReS is an improved imple-
mentation of AReS by Ley et al. (2022) (out of scope for our work). Highlighted
in red are cases with effectiveness less than 10% or more than 3 hours runtime.
Best metrics are shown in bold.

as identifying a single direction in the feature space that not only provides recourse for the
largest possible number of individuals but also minimizes the average cost associated with
moving them along this direction. What distinguishes GLOBE-CE from other approaches
is that it relaxes the constraint of having a fixed action for all individuals by allowing each
person to be assigned a different magnitude along the identified direction.

This approach offers computational efficiency and typically achieves high effectiveness
at relatively low costs. However, the flexibility in magnitudes can pose challenges in terms
of interpretability. In cases where the number of distinct magnitudes assigned to individ-
uals becomes too large, the resulting global counterfactual explanations may resemble a
collection of local counterfactuals rather than presenting a unified global action applicable
across the population.

Some indicative results from Ley et al| (2023) are shown in Figure 2.4. GLOBE-CE com-
pares itself to AReS. In this comparison, GLOBE-CE is clearly superior, since it always
achieves greater effectiveness (coverage) and lower cost; with a single exception in the
COMPAS dataset and DNN model, where the cost is slightly higher than AReS, but the
effectiveness is also higher.

Other than this comparison, it can be observed that GLOBE-CE in general has quite sat-
isfactory performance. The interpretation of costs, of course, depends highly on the choice
of cost function, so no immediate conclusions can be drawn from that other than compar-
isons (especially since the cost function used by Ley et al! (2023) is a weighted version of
the /; norm with weights depending on the features’ ranges). Effectiveness, however, is
more a more objective measure. As we can see, GLOBE-CE achieves relatively high values,
ranging from 58% to 100%, with many cases having a perfect effectiveness of 100%.

On the other hand, GLOBE-CE also has some drawbacks. Most notably, the fact that
only the direction is fixed but not the magnitude has some implications for the globality
and / or interpretability of the method. In many cases, as described in Kavouras et al| (2024),
the number of discrete actions needed by GLOBE-CE can even be several hundreds. These
action sets are not suitable for inspection and interpretation by humans. Interestingly, one
could also argue that in such cases the actions GLOBE-CE discovers have a slight resem-
blance to local counterfactuals, since each instance may be assigned a slightly different
action; albeit in the same direction.

Other minor drawbacks include the necessity to perform one-hot encoding for categor-
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ical features, which sometimes requires a lot of memory, and the lack of a comprehensive
interpretable output. There exist, of course, the If/Then rules we mentioned, but these refer
only to categorical features.

234 CET

Counterfactual Explanation Tree (CET), proposed by Kanamori et al. (2022), uses decision
trees to assign consistent and transparent counterfactual actions to groups of individuals.
CET claims two core advantages: (1) Transparency — it provides an interpretable tree struc-
ture to summarize the reasons behind assigned actions, and (2) Consistency — it ensures
that similar instances receive consistent actions without conflicts. This framework is es-
pecially useful in organizational settings where decisions (such as promotions or salary
adjustments) affect multiple individuals, and consistent, understandable justifications are
necessary to avoid perceptions of unfair treatment.

Problem Formulation In Kanamori et al (2022), the goal is to maximize effectiveness
while minimizing costs, all while maintaining interpretability — essentially the same ob-
jective pursued by other methods like AReS and GLOBE-CE. The formulation here is con-
ceptually similar to AReS in that it defines an objective function that combines these three
competing goals — effectiveness, cost, and interpretability — into a single weighted sum.
The details of how these quantities are defined differ slightly from AReS; the reader is re-
ferred to Kanamori et all (2022) for specifics. The central entity in this framework is the
Counterfactual Explanation Tree (CET), which operates similarly to rule sets in AReS but
differs in that it employs a decision tree structure. The tree partitions the feature space into
groups (represented by its leaves), and each group is assigned an action to achieve recourse.

The problem formulation in CET can then be expressed as minimizing the following
objective function:

Cost — YEff + A(#Leaves),

where:
e Cost: Represents the mean recourse cost for the individuals.

o Eff: Stands for effectiveness, i.e. the proportion of individuals who achieve recourse
by following their assigned actions.

e # Leaves: Denotes the number of leaves in the tree, which reflects the complexity of
the model and is used as a proxy for interpretability.

By combining these components, the framework tries to balance the competing objectives
of cost, effectiveness, and interpretability within a single optimization problem. The coef-
ficients v and )\ are basically user-defined, allowing but also requiring the practitioner to
prioritize these aspects differently and appropriately depending on the specific application
and dataset. Although Kanamori et al! (2022) provides some theoretical insights linking
these coeflicients to the maximum number of leaves, they are generally chosen by the user
based on the domain requirements.

Method The algorithm CET framework learns the actions and the structure of the tree in
two steps: (i) it identifies a single effective action for multiple instances, balancing the trade-
offs between cost and the success rate of flipping predictions, and (ii) it constructs a decision
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Figure 2.5: Example output from the CET framework. Taken from Kanamori et al| (2022).
The dataset used is the IBM HR Analytics Employee Attrition dataset (Kaggle,
2017). The constructed tree assigns to each instance on of three different actions,
based on the features ‘OverTime’ and ‘BuisinessTravel’.

Dataset Method Train Test
Cost Loss Invalidity Cost Loss Invalidity
Clustering  0.055+0.04  0.951 £ 0.03 1.0£0.01 0.047£0.05 0.958 £0.06 1.01+0.02
Attrition AReS 0.436 £0.06 0.435+£0.07 0.871+£0.04 0.454+0.08 0.298£0.09 0.748 £0.09
CET 0.349 £0.1 0.4+0.11 0.749£0.05 0.383+£0.12 0.318£0.19 0.701 £0.12

Clustering  0.034 £0.02 0.915+0.05 0.949+0.04 0.039+£0.02 0.917+0.05 0.956 +0.04
German AReS 0.452+0.09 0.2324+0.05 0.6834+0.11 0.4674+0.12 0.2654+0.08 0.7324+0.14
CET 0.103£0.01 0.301 £0.07 0.404£0.07 0.107£0.02 0.276£0.11 0.384 0.1

(a) LightGBM classifier
Dataset Method Train Test
Cost Loss Invalidity Cost Loss Invalidity

Clustering  0.509 & 0.16  0.487 £ 0.24 0.996 £ 0.23  0.515 4+ 0.16 0.513 £ 0.23  1.03 £ 0.23
Attrition AReS 0.161 = 0.1 0.235 £ 0.1 0.396 £ 0.1 0.164 £ 0.1  0.281 = 0.16 0.445 £ 0.18

CET 0.312 +£ 0.12 0.198 £ 0.14 0.51 £ 0.19  0.296 £+ 0.13 0.258 + 0.21  0.554 + 0.23
Clustering  0.01 +0.01  0.981 +0.02 0.99 + 0.01 0.009 £ 0.01  0.99 &+ 0.01 0.999 £ 0.01
German AReS 0.18 £ 0.08  0.405 + 0.14  0.585 & 0.2  0.188 £ 0.09 0.427 £+ 0.17 0.614 + 0.22
CET 0.121 £ 0.08 0.242 £0.21 0.362 £0.19 0.12 £ 0.08 0.234 £ 0.21 0.355 + 0.19
(b) TabNet classifier

Figure 2.6: Quantitative results of CET on the Attrition and German datasets. Taken from
Kanamori et al| (2022). For each experiment, Cost, Loss and Invalidity are
shown. ‘Cost’ is the cost of the actions found, Loss’ is essentially 1— effective-
ness, and ‘Invalidity’ is a weighted sum of the two which CET uses as objective
function. Clustering is a simple method developed in-house by CET due to
lack of other competitors except AReS at the time.

tree to partition the input space and assign actions in an interpretable and efficient way.
As we discussed, the decision tree structure allows CET to maintain interpretability while
ensuring each instance is assigned a unique action. This contrasts with other CE methods
that lack transparency when applied to large groups, leading to potentially conflicting or
unclear explanations.

An example of the output produced by CET is shown in Figure P.5. One can observe that
the actions, as well as the splitting of the feature space based on feature values, are simple,
small and understandable. They achieve satisfactory effectiveness, while the cost is again
based on a different definition, so immediate conclusions cannot be drawn. Nonetheless,
the output could be described, we believe, as straightforward and seemingly effective.

A portion of the results presented in Kanamori et al| (2022) is shown in Figure .6, We are
mainly interested in Loss, since the costs are defined again in a different way in Kanamori
et al} (2022) and invalidity is simply a combination of the two. CET performs reasonably
well, with a maximum loss of 0.4, i.e. minimum effectiveness 60%. This value for effective-
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Classifier Dataset Clustering AReS CET

Attrition 24.023 £ 3.77 1268.14 £+ 107.41  8021.79 % 2600.78
German 19.865 + 1.32 18767.0 £+ 538.51  5782.37 £ 901.46

Attrition  2036.75 4 595.11  4118.18 + 375.96  27009.4 + 5891.93
German  4258.59 £ 1012.93  36242.8 + 2844.69 9969.62 £+ 2463.63

Average 1584.81 15099.0 12695.8

LightGBM

TabNet

Figure 2.7: Average computational time of CET on the Attrition and German datasets.
Taken from Kanamori et al! (2022).

ness is fairly low, compared for example with GLOBE-CE which we saw earlier, but it may
still be acceptable in certain scenarios.

On the other hand, the CET framework also has several drawbacks. Firstly, it is very
computationally demanding. Even in the runtimes reported by CET itself, and shown ver-
batim in Figure .7, the computations take several thousand seconds, i.e. several hours.
Additional experiments we conducted exhibited somewhat longer runtimes. Not by orders
of magnitude for the specific cases of the ‘Attrition” and ‘German’ datasets, which are rela-
tively small, so one could argue that this may be attributable to differences in hardware.

However, when applied to larger datasets, CET’s computational demands became more
apparent. Notably, when running CET on the ‘Adult’ dataset — which contains around
30,000 instances and 100 dimensions after one-hot encoding, compared to the ‘German’
dataset’s 1,000 instances and 71 dimensions — it initially failed to produce a solution within
the timeout limits of the MIP solver we were using (GUROBI). While GUROBI is a well-
known, efficient solver comparable to CPLEX (which the authors originally used but we
did not have access to), raising the timeout limit still resulted in CET not terminating even
after approximately 20 hours. This issue stems from the inherent complexity of the opti-
mization problem Kanamori et al| (2022) tries to solve, which requires solving an integer
programming subproblem at each step.

Additionally, it should be noted that, as the authors mention themselves, the method
and its implementation do take advantage of model internals for specific cases (e.g. linear
classifiers). There are specific types of models for which the authors have formulated a
suitable mixed integer programming problem for the discovery of counterfactuals at each
node of the tree. The procedure does fall back to LIME approximation when the model
is not recognized to be one of the known ones, so all cases of models can be handled by
the framework. Nonetheless, it is worth noting that the method may perform better with
models it can directly optimize, and we believe it would be valuable to conduct further
experiments using black-box models to better assess CET’s performance in these cases.

2.3.5 Problem Formulation

To approach the problem of global counterfactuals in a principled way, Kavouras et al. (2024)
begins by specifying the requirements one would expect from a global counterfactual.

First of all, a global counterfactual explanation should be interpretable. For example, it
is clear we cannot be allowed to simply provide a local counterfactual for each point and
call it a day. We want the number of actions we propose to be relatively small.

Additionally, no action which does not flip any individual would have any merit. As
such, we want the actions we choose to flip as many individuals as possible.

Finally, actions that are too large are implausible, so we want them to be as small as
possible.
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The above requirements are quantified by Kavouras et al! (2024) with the following
definition, which is the one we also adopt for the current work.

Definition 2.3 (Global Counterfactuals). A global counterfactual forD,s¢ isasetS C A, S #
() that represents a solution to the following multi-objective optimization problem:

minimize size(5)
SCA
minimize ave(S, Dasr) (2.6)

imize eff(S, D
maximize e (S, Duyy)

In summary, to choose a set of actions as a global counterfactual explanation, we want
it to have low cost, high effectiveness and be as small as possible.

It can be seen that these three objectives are somewhat contradicting. For example, the
zero action (which changes nothing) has the minimum possible cost of 0, but also terrible
effectiveness, also 0. Intuitively (albeit a bit over simplified), we would expect the cost to
rise as the effectiveness rises, and vice versa. As for the number of actions, we already
mentioned that one can choose a set of actions comprising only of local counterfactuals,
and this will minimize the cost and maximize the effectiveness; however, the number of
actions will too large, extinguishing explainability altogether.

In addressing Problem P.3, we employ an agglomerative approach (one of those pro-
posed in our team’s work Kavouras et all (2024)). The main idea is to start by forming
multiple small clusters of individuals and determine representative actions for each cluster.
These initial clusters will be merged using the proposed procedure until the desired num-
ber of clusters is reached. Ultimately, a single optimal action will be extracted from each
cluster, applicable across all instances. The underlying principle is that “similar individuals
are expected to achieve recourse with similar counterfactual actions”, utilizing the concept of
proximity in both the original feature space and the action space.

Chapter B is devoted to the exposition of this approach and the analysis of correspond-
ing experimental results.

2.4 Fairness of Recourse: A Critical Application of
Counterfactual Explanations

As we have discussed throughout this chapter, counterfactual explanations provide insights
into how individuals can modify their attributes to achieve favorable outcomes, such as loan
approvals or job promotions. These explanations offer transparency and a practical way for
individuals to understand and alter the decisions made by machine learning models. How-
ever, beyond explainability and transparency, counterfactuals may also play a crucial role
in ensuring fairness of recourse — an increasingly important area in fairness and machine
learning.

2.4.1 Fairness in Machine Learning: A Broader Context

Traditionally, fairness in machine learning has focused on fairness of prediction, aiming to
ensure that model outcomes do not disproportionately disadvantage individuals or groups
based on protected attributes such as race, gender, or age. These fairness definitions —
such as statistical parity, equal opportunity, and disparate impact (Mehrabi et al., 2022) —
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evaluate bias in terms of model predictions. For example, statistical parity requires that
all subpopulations defined by a protected attribute have equal probabilities of receiving a
favorable prediction. These notions of fairness are well-studied and have led to various
pre-processing, in-processing, and post-processing methods designed to detect or mitigate
prediction bias (Mehrabi et al., 2022).

However, this focus on fairness of prediction captures only one dimension of bias: the
explicit bias present in model outcomes. It does not address a more implicit form of bias —
namely, the burden (Sharma et al;, 2020; Kuratomi et all, 2023) or difficulty an individual (or
group thereof) faces in achieving recourse.

2.4.2 Fairness of Recourse: Beyond Predictions

Recourse refers to an individual or group performing the necessary actions to change their
features so as to obtain the favorable outcome (Gupta et all, 2019; Ustun et al., 2019). This
provides explainability (in the form of counterfactual explanations, as discussed earlier) and
actionability to an affected individual. This concept is particularly important in sensitive
domains such as finance (Boer et al), 2019), healthcare (Kyrimi et al), 2020), and employment
(Bogen and Rieke, 2018; Cohen et al., 2019), where individuals must be able to take action to
improve their standing. In certain domains, offering explanations for adverse decisions is
not just a good practice but a legal obligation. For instance, the Equal Credit Opportunity
Act gives individuals the right to demand the reasons for a loan denial.

Fairness of recourse extends the concept of fairness to the realm of recourse and counter-
factual explanations. It seeks to ensure that individuals from different protected subgroups
(e.g., based on race or gender) bear an equal burden when seeking recourse (Gupta et all,
2019; Karimi et al., 2022; von Kiigelgen et all, 2022; Kuratomi et al., 2023). In other words,
fairness of recourse captures the notion that individuals from different subgroups ought to
have equal opportunities to change their attributes and obtain a favorable outcome.

In this context, fairness of recourse measures whether the burden of achieving recourse
is distributed equally across protected groups. Recourse is typically evaluated based on the
cost of the actions needed to cross the decision boundary. For example, in a credit scoring
model, recourse might involve increasing income or paying off debts to improve one’s credit
score. If members of one protected subgroup consistently face higher costs than members
of another group to achieve the same favorable outcome, the system is considered unfair
with respect to recourse.

2.4.3 Connecting Recourse to Statistical Fairness

The intuition behind fairness of recourse shares similarities with statistical fairness con-
cepts like statistical parity. When we aim to ensure that recourse is equally achievable
by different subgroups, we are essentially requiring a form of parity — not of predictions,
but of the ability to achieve recourse. This can be thought of as “parity of recourse”, where
the goal is to provide protected subgroups with the same opportunities to change their
outcomes through actions. Just as statistical parity requires equal access to favorable pre-
dictions, fairness of recourse requires equal access to effective actions for changing those
predictions.

However, fairness of recourse goes further, as it not only concerns the outcome but
also the path an individual must take to alter the outcome. This adds a more nuanced
layer to fairness, as the distribution of costs and the availability of actionable changes across
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subgroups need to be considered.

2.4.4 Measuring Fairness of Recourse: The Role of Counterfactual
Explanations

To measure fairness of recourse, we rely on counterfactual explanations, which provide a
set of actions an individual or group of individuals can take to flip a model’s decision. For ex-
ample, in a loan application setting, a counterfactual explanation might suggest increasing
income or reducing debt to move from a denial to an approval. These actions incur a cost
for the individual or individuals, which typically measures the effort required to change
certain features, such as moving income from one level to another.
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Figure 2.8: (a) An example of affected individuals, the decision boundary, actions, and a
subpopulation (in the shaded region), depicted in the feature space; (b) Cumu-
lative distribution of cost of recourse for the individuals in (a); (c) Comparison
of two actions to achieve recourse for two individuals.

negative \positive
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To illustrate these concepts, consider a company using an Al system to support promo-
tion decisions by classifying employees as good candidates for promotion (the favorable
positive class) or bad candidates for promotion (the negative class) based on various per-
formance metrics; for illustration purposes, let’s assume these are just their cycle time
efficiency (CTE) and the annual contract value (ACV) of the projects they lead. In Figure
P.8d, we can see a two-dimensional plot where the x-axis represents ACV and the y-axis
represents CTE. The classifier’s decision boundary — the line that separates the favorable
and unfavorable classes — is shown as a curved sold line. Each point on the plot represents
an employee classified by the model as not ready for promotion (the negative class). The
protected attribute in this example is race, with two subgroups visually distinguished by
the shape of the points: circles represent employees from one racial group, and triangles
represent employees from another.

For each employee, we have identified an action — represented as an arrow — that
indicates the shortest path from the employee’s current position to the decision boundary.
This action reflects the smallest change that the employee must make in either CTE or
ACV to become a strong candidate for promotion. The cost of an action is calculated as the
length of the arrow, which measures the distance from the employee’s current position to
the decision boundary (Gupta et all, 2019).

For example, in the case of employee x1, the easiest way to become a strong candidate is
to increase their ACV. On the other hand, for employee x, the easiest path involves increas-
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ing CTE. Each arrow is therefore a visual representation of a counterfactual explanation,
providing clear and actionable guidance for each employee.

We are now interested in assessing whether there is bias in the cost of achieving re-
course between the two racial subgroups. To do this, the measure called burden is typically
used. Burden is defined as the average cost required for all individuals within a subgroup to
achieve recourse (Sharma et al), 2020). In our example, one can calculate that the mean cost
for employees with race 0 (represented by circles) is 2, while the mean cost for employees
with race 1 (represented by triangles) is 2.2. This suggests that employees with race 1 face
a higher burden to achieve recourse compared to those with race 0. Notice that despite this
disparity in recourse costs, the model might still satisfy traditional fairness metrics like sta-
tistical parity, which focuses solely on the rate of positive outcomes and does not consider
the difficulty of achieving those outcomes.

2.45 Beyond Mean Cost: The Effectiveness - Cost Distribution

The concept of using a single average cost (or burden) to measure fairness has limitations.
It may fail to capture the distribution of costs within a subgroup and can potentially mask,
introduce or even invert important differences within subgroups. In our example, observing
again Figure .84, the mean cost for race 1 is higher primarily because one employee in that
subgroup has a particularly high cost of 6, while the rest face costs of at most 2.

Figure illustrates this through the cumulative distribution curves of the cost for
each subgroup, which is called the effectiveness-cost distribution (ecd) by Kavouras et al.
(2023) (see also Chapter [ for more details). The ecds provide a more comprehensive picture
of the costs faced by individuals within each subgroup and allow the fairness auditor to
better understand the trade-offs between recourse cost and effectiveness.

For example, if recourse with a cost higher than 2 is deemed unrealistic in a given
context (e.g. due to time or feasibility constraints), fairness of recourse could be assessed
by examining the proportion of individuals from each subgroup that can achieve recourse
within this budget — this leads to a definition termed equal effectiveness within budget by
Kavouras et al| (2023) (see also Section .1.1). In this case, only 60% of subgroup 0 can
achieve recourse within the budget, compared to 80% of subgroup 1, indicating unfairness
against subgroup 0 under this specific budget constraint.

2.4.6 A Macro View: Collective Actions and Systemic Bias

The authors of Kavouras et al! (2023) argue that the individual-level (or micro viewpoint as
they call it) evaluation of actions and burden employed in earlier literature (Gupta et al.,
2019; Sharma et all, 2020; von Kiigelgen et all, 2022; Kuratomi et al., 2023) might not be
meaningful for many real-world systems. For this reason, they introduce a micro viewpoint
from which fairness of recourse can also be assessed. This perspective involves considering
subgroups as a collective and assessing the impact of a single action on the entire subgroup,
as opposed to individual-level actions. An action from the macro viewpoint represents a
more systemic intervention, such as a training program to improve productivity or a policy
to reduce tax or loan interest rates.

In this perspective, the cost of recourse does not burden the individuals directly but
is borne by an external entity, such as society or an organization. This viewpoint offers a
more intuitive way to audit a system for fairness of recourse, as it aims to uncover systemic
biases that affect large groups of individuals collectively.

65



For example, in Figure P.8d, consider the shaded region that encompasses a specific
group of employees. From a micro viewpoint, each employee seeks recourse individually,
and their actions are assessed independently. However, when we consider a macro action
— depicted as a; on the boundary of the shaded region — we discover that this action leads
to favorable outcomes for two-thirds of race 1 employees but none of race 0. This high-
lights a systemic bias in this population group (shaded region) where race 0 employees are
disproportionately affected by the intervention, even though the cost of achieving recourse
is balanced on an individual level.

2.4.7 Moving Beyond Cost: Cost-Oblivious Fairness of Recourse

A final challenge in fairness of recourse lies in defining the cost function itself. Current
notions of fairness of recourse rely on a cost function that reflects an individual’s ability
to modify their attributes. Defining such a function can be complex and might involve a
learning process, as seen in Rawal and Lakkaraju (2020), or require practitioners to adapt
standard cost functions, as suggested in Ustun et al| (2019). Moreover, determining which
attributes are actionable is not straightforward. For instance, certain attributes cannot be
changed (e.g. age), while others may raise ethical concerns if suggested as actionable (e.g.
changing marital status from married to divorced) (Venkatasubramanian and Alfang, 2020).

At the same time, the definition of cost can significantly impact the assessment of fair-
ness. Suppose we have two actions, a; and as, available to employees z; and x5, as illus-
trated in Figure 2.8d. It’s challenging to determine which action is less costly because we
must compare changes both within and across very different attributes. For example, if
the cost function indicates that action a, is cheaper, both z; and x5 achieve recourse with
the same cost. However, if action as is considered cheaper, only x5 achieves recourse. The
question of whether the classifier is fair hinges on how we define and compare the costs of
these actions.

To overcome this limitation, the authors in Kavouras et al! (2023) propose fairness def-
initions that are independent of the cost function, or in other words, cost-oblivious. These
evaluate fairness based on the availability of effective actions for each protected subgroup,
regardless of their cost. For instance, in Figure R.8d, since employee x5 has two available ac-
tions to achieve recourse (both a; and as), while employee z; has only one (al), we might
consider the classifier unfair against z;. This leads to a fairness notion which Kavouras
et al) (2023) calls equal choice for recourse, where fairness is evaluated based on the number
of available options rather than their associated costs (further explained in Section j.1.1)).

2.4.8 Conclusion: Fairness of Recourse as a Key Application of
Counterfactuals

In conclusion, fairness of recourse is a crucial application of counterfactual explanations in
machine learning. While fairness of prediction addresses explicit bias in model outcomes,
fairness of recourse ensures that protected subgroups are not disproportionately burdened
when seeking to change those outcomes. Through the careful analysis of recourse costs,
distributions, and collective actions, fairness of recourse provides a deeper understanding
of systemic biases and offers pathways for more equitable machine learning systems.
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Chapter 3

Clustering Approach for Global Counterfactual
Generation

3.1 Algorithm Description

The algorithm developed for solving the global counterfactual problem .3 is called Aug-
mented Space, and its pseudocode is presented in Algorithm [I. Below, we offer a textual
description.

From a high-level perspective, Augmented Space is a clustering-based algorithm that
leverages an embedding from the feature space into a higher dimensional space. This embed-
ding allows the algorithm to consider both instances and actions simultaneously, ensuring
that both are factored into the decision-making process.

The algorithm operates in three main phases. First, it creates multiple small clusters of
instances and generates diverse actions for each cluster. The instances from each cluster
are then paired with the most suitable action from the corresponding cluster’s generated
actions. These pairs are combined in a new augmented space, where each instance is rep-
resented by both its original feature values and the associated action. This allows us to
exploit the notion of proximity in both the original feature space and the action space. We
do this in the third step, where a second clustering step is performed in this augmented
space. Finally, a single action is extracted from each of these final clusters, although with
universal applicability across all instances.

Phase 1: Generation of Initial Clusters and Actions. The feature space is partitioned
into k clusters, by a clustering algorithm (e.g., k-means, line 3, Algorithm [). We compute
the centroid of each cluster and generate m diverse counterfactual actions for each centroid
(line 4, Algorithm [), employing any local counterfactual generation method (in the case
of our experimental evaluation, this was Dice (Mothilal et al), 2019)). This yields a total of
km actions. We aim to efficiently and effectively explore the action space by generating
actions from widely dispersed points within the feature space and guiding them in diverse
directions that cross the decision boundary.

Phase 2: Creation of Augmented Space. For each instance in a cluster, the algorithm
selects the action from its cluster that converts its label to positive with the smallest possible
costf| (lines 6-7, Algorithm [). This action is then combined with the instance’s feature
vector to create a new augmented space, where the original instance is now represented by
both its feature values and the best cost-effective action (line 8, Algorithm fi).

! The action’s feature vector contains d entries, where each entry indicates the change required for the
corresponding feature. For example, (0, +1,0) means increasing the second feature by one unit. If no action
in the cluster changes the instance’s label, the action’s feature vector will consist of zeros.
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Phase 3: Reclustering in the Augmented Space. In the final phase, the algorithm clusters
the augmented instances, producing ¢ new clusters in the augmented space (line 9, Algo-
rithm [). From each cluster, it extracts the most effective action that applies to the entire
cluster (line 10). This ensures that the final set of actions is representative of the clusters
and cost-effective.

This procedure creates final clusters that account for both the instances and their cor-
responding most cost-efficient actions. The reclustering ensures that the final set of ¢ ac-
tions achieves a good balance between effectiveness and cost when applied to the affected
population. Without this reclustering step, finding the best subset of ¢ actions from the
initially generated actions would require an exhaustive search, which is computationally
prohibitive, as it would involve evaluating (‘“Z“) possible action subsets.

It is important to note that the Augmented Space algorithm inherently prioritizes mini-
mizing average cost slightly. Each original instance is associated with the lowest-cost action
from its initial cluster, which results in a more cost-efficient subset of [ < km actions being
selected. The final action for each cluster is chosen from this filtered subset of lower-cost
actions.

Algorithm 1 Augmented Space

1: Input: D, ¢, number of local counterfactuals m, number of initial clusters k, number of final
clusters ¢
Output: ¢ global counterfactuals
Cluster D, s into k clusters.
For each cluster, generate m counterfactuals from the cluster centroid.
For each instance x;:
Find the set A; of cluster actions that flip its prediction.
Find minimum cost action a; from A,.
Concatenate x; and a;.
Cluster the augmented data into ¢ clusters.
Return the single optimal action from each of the ¢ clusters.

-
e

Approach strengths The Augmented Space algorithm supports various clustering meth-
ods, cost metrics, and action generation techniques, making it adaptable to different appli-
cations. Additionally, it demonstrates speed, robustness, and near-optimal solution quality
across datasets, as shown in the experimental evaluation section 3.3,

3.1.1 Example Output

Figure B.1| presents a counterfactual summary consisting of three global actions derived
by GLANCE for a Logistic Regression classifier trained on the HELOC dataset. Table B.1
quantitatively compares the action sets derived by GLANCE with those from local coun-
terfactual explainability (Local CE) and GLOBE-CE. Note that Local CE provides an action
for each instance, achieving perfect effectiveness and good cost. GLOBE-CE reduces the
cost slightly, with a small drop in effectiveness, but still produces a lengthy and less inter-
pretable set of actions. In contrast, GLANCE offers a concise, interpretable action set of
three actions (Figure B.1)) that achieves optimal effectiveness with a negligible increase in
cost.
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ACTIONS :

(1) NumlInqLast6éMexcl7days + 9.1

(2) NumlInqLast6Mexcl7days + 13.87 & NumSatisfactoryTrades - 0.75
(3) NumlInqLast6éMexcl7days + 10.27

Figure 3.1: Suggested actions (Algorithm [I] ) for HELOC dataset-LR model.

Table 3.1: Cardinality, cost, and effectiveness of the action sets generated by different meth-
ods for the HELOC dataset. “LOCAL CE” refers to local counterfactuals gener-
ated from DiCE (Mothilal et al., 2019).

METHOD ActiONs Cost EFFECTIVENESS
ALGORITHM 3 1.38 100.00%
GLoBE-CE 588 0.41 99.90%
LocaL CE 1045 1.16 100.00 %

3.2 Experimental Setting

Building on the theoretical foundations discussed above, Emiris et al! (2024) proceeds to
validate the effectiveness of Algorithm [ll in generating satisfactory global counterfactuals
through a series of experiments on well-known datasets. We do the same for our work,
albeit following the updated methodology of Kavouras et al| (2024). The remaining of this
chapter is dedicated to presenting these results and making further commentary.

To begin with, in this section, we outline the experimental setup in detail. The section
is formatted as follows.

1. In we discuss the Datasets used in our experimental evaluation and the Prepro-
cessing performed in each of them.

2. In we discuss the Models used in our experimental evaluation.

3. In we discuss all the Hyperparameters used in our experimental evaluation, both
for the state-of-the-art global counterfactual methods we aim to evaluate as well as
for some algorithms utilized ubiquitously in those works.

For the presentation and analysis of the results obtained for the global counterfactual
explainability problem P.3 via the Augmented Space algorithm (and the other methods), the
interested reader can skip directly to Section B.3.

3.2.1 Datasets & Preprocessing

We use four publicly available and well-known benchmark datasets; the same ones that
Kavouras et al| (2024) uses. Their choice is based on the datasets’ established use in pre-
vious works. A short description follows. Table B.4 summarizes the datasets’ information,
including the number of instances, the number of categorical and continuous features, the
input dimensions (i.e., the number of continuous features plus the number of categorical
after a preprocessing step using one-hot-encoding), and the number of instances used for
train and test after the 80:20 split.

69




Incidentally, we should mention that the preprocessing of the datasets, the models, and
their hyperparameters are all taken from Ley et al; (2023) and Kavouras et al| (2024) (which
replicates Ley et al/ (2023)). Nonetheless, we provide here a brief description of each dataset,
for completeness.

COMPAS The COMPAS dataset (Correctional Offender Management Profiling for Alter-
native Sanctions) (Angwin et al, 2016) is available at https://github. com/propublica/
compas-analysis/blob/master/compas-scores-two-years.csv. Detailed descrip-
tion and information on the dataset can be found at https://www.propublica.org/
article/how-we-analyzed-the-compas-recidivism-algorithm. It categorizes re-
cidivism risk based on several factors, including race.

For the preprocessing of this dataset, we drop the “days_b_screening_arrest” feature,
as it contains missing values. We also turn jail-in and jail-out dates to durations and turn
negative durations to 0. Some additional filters are taken from the COMPAS analysis by
ProPublica. Finally, the target variable’s values are transformed into the canonical 0 for the
negative class and 1 for the positive class.

Adult The Adult dataset, also known as the “Census Income” dataset, is used for pre-
dicting whether an individual’s income exceeds $50K per year based on various demo-
graphic and employment attributes. The dataset and additional details are available at
https://archive.ics.uci.edu/dataset/2/adult.

For preprocessing, we begin by dropping the “education-num” feature, as it is redun-
dant with the “education” feature (represented as string categories). We then remove rows
with missing values and map the class labels ‘<50K’ and ‘>50K’ to 0 and 1, respectively.
Minor additional transformations, mainly concerning data types, are performed and are
documented in our source code.

German Credit The German Credit dataset (Dua and Graff, 2019) classifies people as good
or bad credit risks, based on a set of attributes. A detailed description and the dataset can be
found in https://archive.ics.uci.edu/ml/datasets/statlog+(german+credit+
data).

The only preprocessing step we performed for this dataset was the transformation of
the target variable’s values into 0 - 1.

Default Credit The Default Credit dataset (Yeh and Lien, 2009) is designed to classify the
risk of default on customer payments based, aiming to support the development and assess-
ment of models for predicting creditworthiness and the likelihood of loan default. It can be
obtainedathttps://archive.ics.uci.edu/ml/datasets/default+of+credit+card+
clients.

To properly work with this dataset, we needed to drop the “ID” feature, since it holds
no useful information, and transform the target labels into the canonical 0 - 1 values.

HELOC The HELOC (Home Equity Line of Credit) dataset (Brown et all, 2018) con-
tains anonymized information about home equity line of credit applications made by real
homeowners, classifying credit risk. It is available at https://community.fico.com/s/
explainable-machine-learning-challenge. All the features on this dataset are nu-
meric.
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A substantial percentage of these features’ values are missing, so the main preprocess-
ing step we performed here was to remove any rows where all values are missing, and then
replace all remaining missing values with the median of the respective feature. Other than
that, we only needed to transform target labels to 0-1.

Table 3.2: Summary of the datasets used in our experiments. Specifically, we list the num-
ber of instances, input dimensions (i.e., the number of continuous features plus
the number of categorical after a preprocessing step using one-hot-encoding),
the number of categorical and continuous features, and the number of instances
used for train and test after the 80:20 split.

DATASET No. INsTtanciEs INpuT DiMm. CATEGORICAL CONTINUOUS TRAIN TEST

COMPAS 6172 15 4 2 4937 1235

GERMAN CREDIT 1000 71 17 3 800 200

DEerauLT CREDIT 30000 91 9 14 24000 6000

HELOC 9871 23 0 23 7896 1975
3.2.2 Models

We use three distinct types of models: gradient boosted decision trees from XGBoost (XGB),
Logistic Regression (LR), and Deep Neural Networks (DNNs). We train these models with
the same 80:20 train-test split as done by both Ley et al| (2023) and Kavouras et al! (2024);
the hyperparameters for each model were also obtained from these two works, facilitating
a standardized basis for the comparative analysis of the results.

XGBoost (XGB) Implementation from the common xgboostf library. Hyperparameter
values for each dataset and the model’s accuracy on the test set are shown in 3.3,

Table 3.3: XGBoost Hyperparameter Configurations.

DATASET DepTH ESTIMATORS 7,a, A TEST ACCURACY
Compas 4 100 1,0,1 68%
GERMAN CREDIT 6 500 0,0,1 74%
DEerFaULT CREDIT 10 200 2,4,1 83%
HeLroc 6 100 441 74%

Logistic Regression (LR) Implementation from the common scikit-learnflibrary. Hy-
perparameter values for each dataset and the model’s accuracy on the test set are shown in

“https://xgboost.readthedocs.io/en/stable/
*https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.
LogisticRegression.html
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Table 3.4: Logistic Regression Hyperparameter Configurations.

DATASET Max ITER. Crass WEIGHTS(0:1) TEST ACCURACY
ComprAs 1000 1:1 65%
GERMAN CREDIT 1000 1:1 76%
DEerFAULT CREDIT 2000 0.65:0.35 83%
HEeroc 2000 1:1 75%

Deep Neural Network (DNN) Implemented using thepytorchf library. Hyperparameter
values for each dataset and the model’s accuracy on the test set are shown in B.5.

Table 3.5: Deep Neural Network Hyperparameter Configurations.

DATASET Wiptd DeprH DropouTt TEST ACCURACY
Compras 30 5 0.4 65%
GERMAN CREDIT 50 10 0.3 78%
DEerauLT CREDIT 80 5 0.3 81%
Heroc 50 5 0.3 74%

3.2.3 Hyperparameters & Implementation Details

In this section, we discuss the hyperparameters for the most prominent algorithms devel-
oped or used by Kavouras et al| (2024), Ley et al| (2023), and Kanamori et al| (2022). We
explain the purpose of each parameter and present the values used in our experiments.
We begin by describing the parameters for the developed algorithms — Augmented Space,
GLOBE-CE, and CET — followed by the algorithms used predominantly in Kavouras et al.
(2024), such as k-means and DiCE. We close with a brief explanation of the cost function
that we use, which is the same as in Kavouras et al! (2024) and Ley et al| (2023).

Augmented Space

The Augmented Space algorithm starts by clustering individuals in the feature space and
generating representative counterfactuals for each cluster. These counterfactuals are then
translated into actions and applied to all individuals within the cluster. The first two impor-
tant parameters are N_INITIAL_CLUSTERS, which defines the number of initial clusters, and
N_CLUSTER_SAMPLES, which specifies how many counterfactual explanations to generate
per cluster. Counterfactuals can be generated using two sampling methods — sampling or
centroid — which is controlled by the SAMPLING_ METHOD parameter.

In the second phase, the algorithm concatenates each instance with its most cost-effective
action, followed by re-clustering these augmented instances. The N_FINAL_CLUSTERS pa-
rameter defines the number of final clusters. The algorithm’s output includes these clusters,
along with the most effective action for each cluster, reported alongside its effectiveness

*https://pytorch.org/docs/stable/index.html
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and cost. Additionally, the pDI1sST_FUNC parameter defines the cost function for measuring
the distance between instances. To ensure reproducibility, we use the RANDOM_STATE pa-
rameter.

In our experiments, we set N_INITIAL_CLUSTERS to 100 and N_CLUSTER_SAMPLES to 10
for most datasets, except for the German Credit dataset, where N_INITIAL_CLUSTERS was
set to 20 and N_CLUSTER_SAMPLES to 50, maintaining a constant total number of generated
counterfactuals. We consistently used the "centroid” option for SAMPLING_METHOD and set
N_FINAL_CLUSTERS to 3 across all experiments. The DIST_FUNC parameter was defined as
the cost function detailed below, in Section , and RANDOM_STATE was set to 13.

GLOBE-CE

The state-of-the-art GLOBE-CE algorithm (Ley et al., 2023) requires several key parame-
ters, including N_sAMPLE, which defines the number of directions sampled, and MAGNITUDE,
which specifies the magnitude of these direction vectors. The N_FEATURES parameter de-
termines how many features are altered by the generated actions.

A critical parameter is N_b1v, which sets the number of best directions selected from
the initial sample. For standard GLOBE-CE, this is set to 1, meaning only the direction
with the highest effectiveness is chosen. For dGLOBE-CE, multiple (d > 1) directions are
selected. After selecting the directions, the algorithm explores each by scaling them with
different scalar values, the number of which is controlled by the N_scALARs parameter.

In our experimental setup, we standardized N_sAMPLE and N_SCALARs to 1000. We also
experimented with varying values for sPARSITY_POWER (1 and 5), MAGNITUDE (1 and 2),
and N_FEATURES (5 and 2), consistent with parameter choices from GLOBE-CE’s source
code. These values were chosen to achieve the best cost-effectiveness trade-off across our
experiments. For dGLOBE-CE, N_D1v was set to 3.

GroupCF

The GroupCF method, introduced by Warren et al| (2023), was implemented using cus-
tom code. While we initially attempted to use the original GitHub repository (https:
//github.com/e-delaney/group_cfe), certain ambiguities in the setup and implemen-
tation details made it challenging to reproduce the results as described in the paper. There-
fore, we developed a custom implementation based on our interpretation of the algorithm
to ensure consistency with our experimental setup.

In terms of hyperparameters, GroupCF relies heavily on parameters governing the sim-
ilarity and distance metrics, as these directly influence the formation of instance groups
and the recourse actions they receive. Additionally, we set the maximum group size and
recourse coverage threshold based on validation performance, adjusting these to balance
interpretability (via fewer groups) with coverage (ensuring a high percentage of individuals
receive actionable recourse).

CET

The tree-based CET algorithm (Kanamori et al, 2022) requires parameters such as
MAX_ITERATION, which limits the number of iterations of the iterative local search
algorithm, MAX_LEAF_size, which controls the maximum size of tree leaves, and
MAX_CHANGE_NUM, which defines the maximum number of features that can be altered.

73


https://github.com/danwley/GLOBE-CE/
https://github.com/danwley/GLOBE-CE/
https://github.com/e-delaney/group_cfe
https://github.com/e-delaney/group_cfe

Additionally, two scalar parameters, GAMMA and LAMBDA, are used in the objective func-
tion of the optimization problem that CET solves at each tree node. We should mention
that tweaking these parameters appears to be essential for achieving satisfactory results.

In our experiments, we set MAX_ITERATION to 100, MAX_CHANGE_NUM to 4, GAMMA to
1, and LAMBDA to 0.02. We ran each experiment twice: once with MAX_LEAF_SIZE set to 4
and once with it set to 8.

AReS

The AReS method, first introduced by Rawal and Lakkaraju (2020), was implemented using
the enhanced Fast AReS version provided by Ley et al| (2022). We utilized the implemen-
tation from the same GitHub repository as GLOBE-CE (https://github.com/danwley/
GLOBE-CE).

AReS relies on several hyperparameters that directly impact the trade-offs between cov-
erage, cost, and interpretability of the generated rule sets. These parameters include the
weights assigned to coverage and cost in the optimization function, as well as constraints
on the maximum number of rules and rule width. The selection of these parameters was
guided by some initial tests, where we aimed to maintain interpretability by limiting the
rule complexity while ensuring sufficient coverage across affected subgroups.

k-means

As part of the Augmented Space algorithm, we used the k-means clustering algorithm
(MacQueen et all, 1967). The k-means algorithm requires three parameters: N_CLUSTERS,
which defines the number of clusters or centroids to form; N _INIT, which sets the num-
ber of initializations with different centroid seeds; and RANDOM_SEED, ensuring repro-
ducibility. We used the scikit-learn implementation of k-means, for which details
can be found in https://scikit-learn.org/stable/modules/generated/sklearn.
cluster.KMeans.html, setting N_CLUSTERS according to the final cluster counts in the
Augmented Space algorithm. We set N_INIT to 10 and RANDOM_SEED to 13.

DiCE

Finally, we employed the DiCE algorithm (Mothilal et al), 2019) for generating local coun-
terfactuals as part of the Augmented Space method. DiCE requires several key parameters,
such as DATASET (the dataset being used), MODEL (the trained ML model), and coNTINU-
OUS_FEATURES (a list of continuous features in the dataset). The target variable is defined
via the ouTCOME_NAME parameter, and the model backend is specified using the BACKEND
parameter. Lastly, the METHOD parameter defines the approach for generating counterfac-
tuals.

We used the dice-ml Python library, available at https://interpret.ml/DiCE/. In
our experiments, BACKEND was set to “sklearn” to match our use of scikit-learn models.
We used the “random” setting for METHOD to enable Randomized Sampling. The DATASET
and MODEL were specified according to the dataset and model for each run, and coNTINU-
OUS_FEATURES and oUTCOME_NAME were defined on a per-dataset basis.

Action Costs

For the computation of an action’s cost, we follow the paradigm outlined in Ley et al| (2023)
and again in Kavouras et al| (2024), by binning continuous features into 10 equal intervals
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post-training and scaling the cost of each change proportionally to the bin length. We also
set the cost of moving from one category to another for the categorical features to be 1. To
ensure the reproducibility of our results, a consistent random seed of 13 is applied across
all models and algorithms.

3.3 Experimental Evaluation

Following the discussion of the experimental setup in Section B.4, we now present and
analyze the results obtained by the Augmented Space algorithm and compare them with
state-of-the-art methods for global counterfactual explainability (GLOBE-CE and its vari-
ants, CET, etc.). The experiments described in this section were conducted on all the com-
binations of the datasets and models we discussed previously, allowing us to assess the
performance of these algorithms in real-world scenarios.

We focus on evaluating the results based on the key criteria of effectiveness, cost, num-
ber of actions, and runtime, providing a comprehensive comparison with GLOBE-CE and
its variants. We summarize our findings across the various dataset-model combinations
and highlight important observations drawn from these results.

3.3.1 Results Overview

For the global counterfactual explainability problem .3, we assess, just like Kavouras et al
(2024) does, Algorithm [l (Augmented Space) against multiple configurations state-of-the-
art methods in Global Counterfactual Explanations:

e AReS, using the Fast-AReS implementation of Ley et al! (2022)
e CET (Kanamori et all, 2022)

e GroupCF (Warren et all, 2023)

e GLOBE-CE and its variant dGLOBE-CE (Ley et al,, 2023)

All algorithms are constrained with a predefined maximum action set size.

Table B.6 summarizes the results of all competing methods. We evaluate the Augmented
Space algorithm against five alternative approaches across five datasets and three mod-
els, yielding 75 head-to-head comparisons in total. However, due to CET’s inability to
solve the underlying optimization problem for the Adult dataset across all models, the final
count includes 72 comparisons. All results pertain to Problem P.§ with a constrained size
of size(,S) = 4 to ensure a fairer comparison across methods.

Pareto Dominance We assess method performance by evaluating whether one solution
dominates another in terms of effectiveness, cost, and size. Specifically, a solution S to
Problem [2.4 Pareto dominates another solution S’ if it matches or exceeds S' in effectiveness
and cost, has an equal or smaller size, and is strictly superior in at least one of these objectiveslj
Table B.7 indicates that Augmented Space dominates other methods in 34 out of 72 cases
(47%), and is dominated only once by GroupCF (in COMPAS-LR, see Table B.6) and once
by dGLOBE-CE (in HELOC-DNN). Notably, in these two instances, the effectiveness of
Augmented Space is very close to that of the dominating methods.

® Pareto dominance is a well-established concept in multiobjective optimization. For further detail, see
Branke (2008).
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Table 3.6: Comparison of effectiveness and cost of the Augmented Space algorithm with
Fast AReS, CET, Group-CF, GLOBE-CE, and dGLOBE-CE for solving problem
R.g under the constraint size(S) = 4. Solutions with effectiveness below the 80%
applicability threshold are marked in purple. Non-robust GCEs — those with
either an effectiveness standard deviation (std) over 5% across folds or a cost std
greater than half the mean cost — are marked in red.

MODELS  ALGORITHMS DATASETS
ApULT COMPAS DerauLT CREDIT GERMAN CREDIT HELOC
eff cost eff cost eff cost eff cost eff cost
DNN Fast ARES 12.39 + 1.06 1.0 £0.0 55.0 £ 0.86 1.21 £0.09 18.88 + 2.16 1.0 £0.0 52.39 £ 1.63 1.0 £0.0 12.19 £ 0.58 1.03 + 0.05
CET NaN NaN 63.62 £10.35  0.96 + 0.24 98.87 £ 0.62 6.32 + 2.28 97.3 + 2.46 1.58 £ 0.54 | 86.78 + 10.62 8.67 +3.25
GrouprCF 100.0 + 0.0 10.08 + 0.03 100.0 + 0.0 4.48 + 253 79.6 £ 20.79 1.53 £ 0.62 97.8 + 4.4 1.85+0.13 | 80.4 +10.17 3.09 +0.91
GLOBE-CE 99.92 £ 0.0 4.24 £ 0.42 100.0 £ 0.0 4.54 £ 331 | 76.94 £37.55 5.14+0.35 93.31 £ 3.48 2.0 £1.55 | 42.72 £+ 46.97 11.77 £ 15.87
DGLOBE-CE 99.92 + 0.0 10.89 + 1.37 100.0 + 0.0 7.96 £391 | 87.38+18.69 596 +4.14 97.36 £0.82 249 £0.27 | 99.96 + 0.05 11.07 £ 8.6
AUGMENTED SPACE  100.0 + 0.0  5.92 + 0.66 100.0 £+ 0.0  424+1.83 | 99.62+0.29 136033 | 98.11+1.68 1.05+0.04 | 99.36 £0.86 11.96 +2.44
LR Fast ARES 11.74 + 2.4 1.0 £0.0 62.5 £ 1.82 1.24 +£0.14 10.85 £ 5.45 1.07 £ 0.13 75.27 £ 2.96 1.0 £ 0.0 9.23 £ 1.24 112+ 0.1
CET NaN NaN 73.18 £ 4.34 1.24 £ 0.15 100.0 + 0.0 3.79 £1.31 96.5 + 2.85 2.42 £ 0.24 100.0 + 0.0 3.57 £ 1.48
GrouprCF 100.0 £ 0.0 1.71 £ 0.39 100.0 £ 0.0 3.97 £2.38 954 +9.2 194+ 1.2 97.6 + 2.94 9.34 £ 3.85 90.6 £ 3.93 2.4+ 138
GLOBE-CE 99.92 +£ 0.0 2.68 +£0.17 95.74 £ 8.52 5.14 £3.77 99.94 £ 0.07 3.42 £1.99 | 57.09 +£20.03 0.75+ 1.04 99.9 + 0.0 0.6 + 0.54
pGLOBE-CE 99.92 + 0.0 5.91+0.93 100.0 + 0.0 6.71 £ 0.23 99.94 £0.07 1038 £7.76 | 69.89 + 15.35 2.47 £0.23 99.9 + 0.0 1.63 + 0.35
AUGMENTED SPACE 100.0 £ 0.0 1.47 £ 0.44 100.0 + 0.0 5.49 £ 0.92 100.0 + 0.0 1.22 £ 0.26 99.55£0.91 1.64 £0.32 100.0 + 0.0 2.37 £ 1.03
XGB Fast ARES 6.13 £ 0.42 1.0 £0.0 59.83 £ 3.12 1.1 £0.05 31.86 +£5.12 1.05 £ 0.04 51.27 £ 1.57 1.0 £ 0.0 8.49 +1.32 1.16 £ 0.13
CET NaN NaN 58.4+93 1.06 + 0.24 86.29 £ 9.94 4.5+ 2.64 100.0 £ 0.0 2.73 £0.49 86.78 £ 6.7 12,51+ 2.75
GrouprCF 96.8 + 1.72 1.41 + 0.54 100.0 £ 0.0 4.06 + 2.1 952+ 1.6 1.41 +£ 0.64 100.0 £ 0.0 578 £4.11 78.4 £5.82 5.63 £ 1.93
GLOBE-CE 82.87 £12.14 30.1+10.39 | 87.13 £ 11.14 9.75+7.2 82.7 £7.26 20.82+1.73 | 77.05+11.26 1.14+1.24 | 27.66 +5.06 12.52 + 32.48
pGLOBE-CE 93.76 £1.98  64.76 +1.29 | 99.84 +0.31 12.46 +3.42 | 97.47+0.82 4258 £3.57 | 86.96 £9.79  2.66 +0.77 | 77.64 + 11.51 128.0 £ 0.0

AUGMENTED SPACE ~ 99.78 £ 0.14  6.15 + 3.05 98.77 £ 1.17 3.54 + 1.04 95.33 £ 1.44 2.52+0.55 99.43 £1.14 1.06 £0.08 | 98.33 + 1.42 23.94 £ 1.66

Table 3.7: Evaluation of Pareto dominance among solutions for Problem .6 with the con-
straint size(S) = 4. The table shows the frequency (number of instances over
possible comparisons) at which the Augmented Space algorithm dominates com-
petitors (listed in the DOMINATES column) and the frequency at which it is dom-
inated by competitors (listed in the 1s DOMINATED column).

AUGMENTED SPACE

DoMINATES  1s DOMINATED

FasT ARES 0/15 0/15
CET 6/12 0/12
GrouprCF 8/15 1/15
GLOBE-CE 9/15 0/15
DGLOBE-CE 11/15 1/15
COMPETITORS 34/72 2/72

Solution Practicality In the Pareto dominance evaluation (Table B.7), we compare solu-
tions with optimal or near-optimal effectiveness to many with notably lower effectiveness.
These lower-performing solutions are impractical for the role of global counterfactual ex-
planations, as the aim is to provide recourse to a substantial portion of the population.
Solutions with low effectiveness fall short of this objective, diminishing their relevance for
real-world applications. If a solution leaves a large segment of individuals without viable
options for recourse, it fails the fundamental purpose of GCEs, as highlighted also by Ley
et al) (2023). Additionally, achieving low recourse costs is more feasible for smaller sub-
groups, especially those closer to the decision boundary. We classify a solution as practical
if it achieves at least 80% effectiveness. In Table B.6, impractical solutions are marked in
purple. Notably, Augmented Space never returns impractical solutions, while all solutions
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Table 3.8: Evaluation of Pareto dominance among solutions for Problem P.§ with con-
strained size(S) = 4, applying the eff > 80% threshold. The table shows the
frequency (number of instances across comparisons) at which Augmented Space
dominates other methods (in the DOMINATES column) and the frequency at which
Augmented Space is outperformed by competitors (in the 1S DOMINATED column).

AUGMENTED SPACE

DOMINATES 1S DOMINATED

Fast ARES 0/0 0/0
CET 6/9 0/9
GrourCF 7/13 1/13
GLOBE-CE 7/10 0/10
DGLOBE-CE 9/13 1/13
COMPETITORS 29/45 2/45

generated by Fast AReS are classified as impractical. The other methods produce between
2-5 impractical solutions each. Table B.§ presents head-to-head comparisons limited only
to practical solutions. Augmented Space dominates other methods in a significantly higher
proportion — 29 out of 45 cases, or over 64%. It remains dominated in the same two cases,
keeping the rate of dominated instances at a low 4%.

Robustness. Robustness is essential for GCE methods, as they should consistently pro-
duce highly effective, low-cost solutions across various data splits, ensuring reliability for
real-world deployment. A lack of robustness can result in significant variations in recourse
actions, reducing trust and potentially leading to unfair outcomes, especially in critical
fields like healthcare and finance. To assess practical applicability, it is important to evalu-
ate the stability of effectiveness and cost metrics across different folds. Standard deviation
serves as a measure of this stability: an effectiveness deviation above 5% signals inconsis-
tency in providing reliable recourse, while a cost deviation greater than half of the average
cost suggests impractical, unpredictable actions. Such variability renders a solution unreli-

able, and we have highlighted these cases in red in Table .6

3.3.2 Other Key Insights and Comparisons
Performance on Smaller Datasets

On smaller datasets like COMPAS and German Credit, where fewer actions are required for
recourse, the Augmented Space algorithm performs comparably or better in terms of cost
and effectiveness in comparison to the other methodsfl. We go back to the results of Table
B.6 to see this in more detail.

On the German Credit dataset, Augmented Space always achieves nearly 100% effec-
tiveness, while the rest of the methods, except for GroupCF, all perform below practicality
levels in at least one model. GroupCF is the only method that always achieves comparable
effectiveness, but at a significantly greater cost.

In the COMPAS dataset both AReS and CET always achieve a much lower effectiveness

¢ sole exception is the COMPAS-LR combination where GroupCF has slightly better cost (3.97, versus 5.49
of Augmented Space). However, this low cost comes with a high standard deviation (2.38), so Augmented
Space’s solution is superior in terms of robustness, and we believe this makes it a better solution, even if only
qualitatively.
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(below 75%). As for the others, their costs are always significantly higher, except only for
GroupCF on the LR model, where, however, the cost’s standard deviation is significantly
high, which means the solution loses in terms of robustness.

Performance on Larger Datasets

On larger datasets such as Default Credit and HELOC, the scalability of the Augmented
Space algorithm becomes more evident (although with slightly longer runtimes). Referring
again to Table B.¢, in the Default Credit dataset, Augmented Space is considerably better in
either effectiveness or cost in almost all cases.

In the HELOC dataset, there is a case where Augmented Space is dominated by dGLOBE-
CE (DNN model) and one case where dGLOBE-CE has only slightly lower effectiveness but
considerably lower cost (LR model). However, apart from these two cases, Augmented
Space is better by far on all other comparisons. Additionally, in the DNN case, the dom-
inance is borderline. Augmented Space is extremely close in both effectiveness and cost,
and additionally it has a much smaller standard deviation than dGLOBE-CE in the cost. Es-
sentially, only in the LR model it is clear that the solution of dGLOBE-CE is better than the
one of Augmented Space, albeit only slightly.

For the Adult dataset, similar patterns emerge. In one instance, GLOBE-CE demon-
strates slightly lower effectiveness with a slightly smaller cost (in the DNN model). The rel-
ative cost difference is modest, suggesting that this may simply represent two reasonable
trade-off points between effectiveness and cost. Another case which we should perhaps
comment onf] arises with the XGB model, where the GroupCF method produces a solution
with 96.8% effectiveness and a cost of 1.41, compared to the Augmented Space solution’s
99.78% effectiveness at a higher cost of 6.15. While neither solution dominates the other,
one might argue that the cost increase could be considered excessive for a modest 3% gain
in effectiveness. Nevertheless, we believe this scenario highlights GLANCE’s intended fo-
cus: emphasizing that in cases without clear dominance, selecting between solutions may
require balancing nuanced trade-offs, and clear selection may even be impossible.

It is important to note that, aside from these two cases, the Augmented Space algorithm
decisively outperforms - by far - all other methods on the Adult dataset.

Discussion

The results demonstrate that the Augmented Space algorithm consistently provides a favor-
able balance between cost and effectiveness. This is demonstrated by the numerous cases
in which it outperforms other methods.

However, we believe the most distinctive strength of the Augmented Space algorithm —
and the GLANCE framework overall — lies in its remarkable consistency: it performs well
to excellently across all of our experiments. This level of reliability is unique to Augmented
Space and GLANCE, as other methods exhibited at least 2—3 instances where their solutions
significantly underperformed or failed to meet practical thresholds.

" We do not actually believe so, but a reader may - quite reasonably nonetheless - argue otherwise. Addi-
tionally, we wanted to isolate these two cases in order to be able to claim truthfully that, in all other cases,
not only is AS better, but also by a large margin.
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Chapter 4

Auditing Fairness through Explainability Methods

4.1 Effectiveness-Cost TradeOff

We want to examine how recourse is achieved for the group G through a set of possible
actions A. We define the aggregate effectiveness (aeff) of A for G in two distinct ways.

In the micro viewpoint, the individuals in the group are considered independently, and
each may choose the action that benefits itself the most. Concretely:

Definition 4.1 (Micro Effectiveness). We define the micro-effectiveness of set of actions A
for group G as the proportion of individuals in G that can achieve recourse through some
action in A, i.e.,:

1

aeff, (A, G) = Gl

{z € G|3a € A, eff(a,z) =1}

In contrast, in the macro viewpoint, the group is considered as a whole, and an action is
applied collectively to all individuals in the group. Concretely:

Definition 4.2 (Macro Effectiveness). We define the macro-effectiveness of set of actions
A for group G as the largest proportion of individuals in G that can achieve recourse through
the same action in A, i.e.,:
(4, G) = max = |{z € Gl ef(a, ) = 1}
ae = max —- {7 eff(a,z) = 1}|.
Sk aeA |G ’
Additionally, for a group G, actions A, and a cost budget ¢, we define the in-budget
actions as the set of actions whose cost does not exceed c for any individual in GG, Formally,
this is expressed as

A, ={a € AVz € G, cost(a,z) < c}

Using this definition, we can introduce the effectiveness-cost distribution, which provides
a more detailed view of the actions by evaluating them across varying cost budgets, rather
than just considering the aggregate effectiveness of the whole set. Specifically, it allows us
to assess the effectiveness of actions for every possible cost threshold. Concretely:

Definition 4.3 (Effectiveness-Cost Distribution). We define the effectiveness-cost distribu-
tion (ecd) as the function that for a cost budget c returns the aggregate effectiveness possible

with in-budget actions:
ecd(c; A, G) = aeff(A., G)

We use ecd,,, ecdy to refer to the micro and macro viewpoints of aggregate effectiveness,
respectively.
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If capital -gain=0,education -num=10,hours-per-week=FullTime , race=White:

Protected Subgroup = ‘Male’, 8.40% covered
Make hours-per-week=OverTime with effectiveness 8.92% and counterfactual cost=2.0
Make education -num=11 with effectiveness 8.92% and counterfactual cost=3.0
Make hours-per-week=BrainDrain with effectiveness 16.98% and counterfactual cost=4.0
Make education -num=11,hours-per-week=OverTime with effectiveness 23.16% and counterfactual cost=5.0
Make education -num=12 with effectiveness 23.16% and counterfactual cost=6.0
Make education -num=12,hours -per-week=OverTime with effectiveness 31.56% and counterfactual cost=8.0
Aggregated cost of the above recourses = 0.32

Protected Subgroup = ‘Female’, 8.32% covered
Make hours-per-week=OverTime with effectiveness 1.79% and counterfactual cost=2.0
Make education -num=11 with effectiveness 1.79% and counterfactual cost=3.0
Make hours-per-week=BrainDrain with effectiveness 3.27% and counterfactual cost=4.0
Make education -num=11,hours-per-week=OverTime with effectiveness 4.46% and counterfactual cost=5.0
Make education -num=12 with effectiveness 4.46% and counterfactual cost=6.0
Make education -num=12 ,hours-per-week=OverTime with effectiveness 5.95% and counterfactual cost=8.0
Aggregated cost of the above recourses = 0.06

Bias against ‘Female’ due to Equal Effectiveness. Unfairness score = 0.26

Figure 4.1: Example for demonstration of the “Equal Effectiveness” definition. Run for the
Adult dataset with sex as the sensitive attribute. Male individuals achieve an
aggregate effectiveness of 31.56% while female individuals only 5.95% with the
same actions.

The value ecd(c; A, G) is the proportion of individuals in G that can achieve recourse
through actions A with cost at most c¢. Therefore, the ecd function has an intuitive proba-
bilistic intepretation. Consider the subspace X,, determined by predicate p, and define the
random variable C' as the cost required by an instance € X, to achieve recourse. The
function ecd(c; A, G,) is the empirical cumulative distribution function of C' using sample
Gp.

The inverse effectiveness-cost distribution function ecd™(¢; A, G) takes as input a
effectiveness level ¢ € [0, 1] and returns the minimum cost required so that ¢|G| individuals
achieve recourse.

4.1.1 Definitions of Subgroup Recourse Fairness

We define recourse fairness of classifier / for a group GG by comparing the ecd functions of
the protected subgroups G, G; in different ways. The first two definitions are cost-oblivious,
and simply compare the protected subgroups based on the aggregate effectiveness of a set
of (common, as always) actions.

Definition 4.4 (Equal Effectiveness). This definition has a micro and a macro interpretation,
and says that the classifier is fair if the same proportion of individuals in the protected sub-
groups can achieve recourse:

aeff(A, Gy) = aeff(A, G1)

To demonstrate, consider the example subpopulation group and actions depicted in Fig-
ure t.1. For the male persons within this group, the actions achieve an effectiveness per-
centage of 31.56%, while for the female persons with the same defining characteristics (the
group’s), the same actions achieve an effectiveness of just 5.95%.

This is why we deem that, in such a case, recourse is much easier for males than for
females, and thus the model in question has potential bias and warrants further inspection.

Definition 4.5 (Equal Choice for Recourse). This definition has only a macro interpretation,
and claims that the classifier is fair if the protected subgroups can choose among the same
number of sufficiently effective actions to achieve recourse, where sufficiently effective means
the actions should work for at least 1000% (for ¢ € [0, 1]) of the subgroup:

[{a € Alefi(a, Go) = ¢} = [{a € Alefi(a, G1) > ¢},
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If capital -gain=0,marital -status=Divorced:

Protected Subgroup = ‘Asian-Pac-Islander’, 12.95% covered
Make capital -gain=15024 ,marital -status=Married -civ-spouse with effectiveness 100.00%.
Make capital -gain=7688 ,marital -status=Married -civ-spouse with effectiveness 75.00
Make capital -gain=7298 ,marital -statu=Married -civ-spouse with effectiveness 75.00%.

Protected Subgroup = ‘Amer-Indian-Eskimo’, 20.37% covered
Make capital -gain=15024 ,marital -status=Married -civ-spouse with effectiveness 100.00%.
Make capital ~gain=7688 ,marital -status=Married-civ-spouse with effectiveness 81.82%
Make capital ~gain=7298 ,marital -status=Married-civ-spouse with effectiveness 72.73%.

Protected Subgroup = ‘Black’, 15.15% covered

Make capital -~gain=15024 ,marital -status=Married-civ-spouse with effectiveness 98.90%.
Protected Subgroup = ‘Other’, 12.97% covered

Make capital -~gain=15024 ,marital -status=Married-civ-spouse with effectiveness 100.00%.

Make capital -gain=7688 ,marital -status=Married -civ-spouse with effectiveness 76.92

Make capital -gain=7298 ,marital -status=Married -civ-spouse with effectiveness 69.23%.
Protected Subgroup = ‘White’, 16.96% covered

Make capital —gain=15024 ,marital -status=Married-civ-spouse with effectiveness 99.41%.

Make capital ~gain=7688 ,marital -status=Married-civ-spouse with effectiveness 73.90

Make capital —gain=7298 ,marital -status=Married-civ-spouse with effectiveness 70.43%.
Bias against 'Black’ due to Equal Choice for Recourse. Unfairness score = 2.

Figure 4.2: Example for demonstration of the “Equal Choice for Recourse” definition. Run
for the Adult dataset with race as the sensitive attribute. All subgroups have a
choice of 3 actions to achieve recourse for at least ¢ = 70% of their individuals;
except for Black individuals, who only have one choice.

If PREDICTOR RAT ARRESTS VIOLENT OFFENSES=1,PREDICTOR RAT NARCOTIC ARRESTS=1,PREDICTOR RAT VICTIM BATTERY OR ASSAULT=1:

Protected Subgroup = ‘Black’, 1.04% covered
No recourses for this subgroup.
Protected Subgroup = ‘White’, 1.00% covered

Make PREDICTOR RAT ARRESTS VIOLENT OFFENSES=0,PREDICTOR RAT NARCOTIC ARRESTS=0,PREDICTOR RAT VICTIM BATTERY OR
ASSAULT=0 with effectiveness 72.73%
Make PREDICTOR RAT ARRESTS VIOLENT OFFENSES=0,PREDICTOR RAT NARCOTIC ARRESTS=1,PREDICTOR RAT VICTIM BATTERY OR
ASSAULT=0 with effectiveness 72.73%
Make PREDICTOR RAT ARRESTS VIOLENT OFFENSES=0,PREDICTOR RAT NARCOTIC ARRESTS=2,PREDICTOR RAT VICTIM BATTERY OR
ASSAULT=0 with effectiveness 72.73%
Bias against ‘Black’ due to Equal Cost of Effectiveness (threshold = 0.7). Unfairness score = inf

Figure 4.3: Example for demonstration of the “Equal Cost of Effectiveness” definition. Run
for the SSL dataset with race as the sensitive attribute. White individuals
achieve an effectiveness of 70% with the 3 shown actions, the minimum cost
of which is 1 according to our heuristic cost definition. On the contrary, Black
individuals cannot, with the same actions, achieve 70% effectiveness at all.

As an example, observe the population group depicted in Figure #.3. With a user-
selected effectiveness threshold of 70%, all protected subgroups have 3 actions to choose
from, except for the ‘Black’ subgroup which has only one. This is why we consider a viola-
tion of this definition as an indication that the model exhibits bias.

The subsequent three definitions assume the cost function is known, and have both a
micro and a macro interpretation.

Definition 4.6 (Equal Cost of Effectiveness). The classifier is fair if the minimum cost to
achieve an aggregate effectiveness of ¢ € [0, 1] in the protected subgroups is equal:

ecd ™' (¢; A, Go) = ecd ™' (¢; A, G1)

As an example, consider the group depicted in Figure t.3. In this example, we have
set the effectiveness threshold at a reasonable level of ¢ = 70%. From the actions that
we have generated, there are 3 that, if applied to White individuals, provide recourse to at
least 70% of them, with a minimum cost of 1 (e.g. for the first action, which changes the
‘PREDICTOR RAT NARCOTIC ARRESTS’ feature from 1 to 0). On the contrary, for Black
individuals there are no actions that achieve this level of effectiveness, so we assign to them
an aggregate cost of 0o, and classify this specific subpopulation group as having ‘infinite’
bias score.
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If juv-other-count=3:

Protected Subgroup = ‘Caucasian’, 1.54% covered
Make juv-other-count=0 with effectiveness 66.67% and counterfactual cost=3.0
Aggregated cost of the above recourses = 0.67

Protected Subgroup = ‘African-American’, 1.16% covered
Make juv-other-count=0 with effectiveness 0.00% and counterfactual cost=3.0
Aggregated cost of the above recourses = 0.00

Figure 4.4: Example for demonstration of the “Equal Effectiveness within Budget” defini-
tion. Run for the COMPAS dataset with race as the sensitive attribute. For a
budget of e.g. ¢ = 4, the ‘Caucasian’ subgroup attains 66.67% effectiveness,
while the ‘African-American’ subgroup 0%.

Definition 4.7 (Equal Effectiveness within Budget). The classifier is fair if the same proportion
of individuals in the protected subgroups can achieve recourse with a cost at most c:

ecd(c; A, Gy) = ecd(c; A, G1)

We provide a corresponding example for this definition in Figure §.4. There, one action
is available for the protected subgroups. Using this action, which has cost 3 for all indi-
viduals in the specific population group, the ‘Caucasian’ subgroup achieves effectiveness
66.67%, while in the ‘African-American’ subgroup nobody achieves recourse! So, we should
consider the specific population group as an indication of unfairness.

The way the definition would be applied in this case is that, for a budget of ¢ = 4, for
example, the individuals in the ‘Caucasian’ subgroup can “pay” the cost of 3 and achieve
66.67% effectiveness. On the contrary, ‘African-American’ individuals are stuck with 0% for
any budget value. So, applying the definition ‘Equal Effectiveness within Budget’ would
yield a negative answer, i.e. the classifier is not deemed to be necessarily fair for this sub-
population group.

Definition 4.8 (Fair Effectiveness-Cost Trade-Off). The classifier is fair if the protected sub-
groups have the same effectiveness-cost distribution, or equivalently for each cost budget c,
their aggregate effectiveness is equal:

max | ecd(c; A, Gy) —ecd(c; A,G1)| =0

Writting the definition in this form, we can see that the left-hand side represents the
two-sample Kolmogorov-Smirnov statistic for the empirical cumulative distributions (ecd)
of the protected subgroups. Based on this and (Knuth, 2014, Section 3.3.1), we formulate a
statistical version of the above definition.

Definition 4.9 (Fair Effectiveness-Cost Trade-Off - Statistical). We say that the classifier is
fair with confidence « if the two-sample Kolmogorov-Smirnov test for the empirical cumula-
tive distributions (ecd) of the protected subgroups does not reject its null hypothesis (that the
distributions are different). Formally, when it holds that:

|Gpol + |Gpal

max |ecd(c; A, Go) —ecd(c; A, Gy)| < \/— In(a/2) 2/G,0||Gp
; »,0 p,1

In Figure §.9 we demonstrate a counterexample for this definition. We show both the
population group and its actions (in rule-set form) and the respective empirical cumulative
distributions, for a better understanding. From the two ecd functions it is clear why we
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If capital -gain=0,capital -loss=0:

Protected Subgroup = ‘Male’, 93.81% covered
Make capital -~gain=3103 with effectiveness
Make capital -gain=4386 with effectiveness
Make capital -~gain=5178 with effectiveness
Make capital -gain=7298 with effectiveness
Make capital ~gain=7688 with effectiveness
Make capital -gain=15024 with effectiveness
Make capital -loss=1887 with effectiveness
Make capital -loss=1902 with effectiveness
Make capital -loss=1977 with effectiveness
Make capital -gain=99999 with effectiveness

Protected Subgroup = ‘Female’, 93.54% covered
Make capital -~gain=3103 with effectiveness
Make capital -gain=4386 with effectiveness
Make capital -gain=5178 with effectiveness
Make capital ~gain=7298 with effectiveness
Make capital -gain=7688 with effectiveness
Make capital -gain=15024 with effectiveness

Make capital -gain=99999 with effectiveness

Bias against 'Female’ due to Fair Effectiveness

25.06% and counterfactual cost=0.03.
33.33% and counterfactual cost=0.04.
38.53% and counterfactual cost=0.05.
49.99% and counterfactual cost=0.07.
52.13% and counterfactual cost=0.08

82.07% and counterfactual cost=0.15.

82.07% and counterfactual cost=0.43.
82.07% and counterfactual cost=0.44.
82.07% and counterfactual cost=0.45.

100.00% and counterfactual cost=1.0.

5.32% and counterfactual cost=0.03.

8.90% and counterfactual cost=0.04.

11.82% and counterfactual cost=0.05.

22.92% and counterfactual cost=0.07.
24.53% and counterfactual cost=0.08.
71.48% and counterfactual cost=0.15.
Make capital -loss=1887 with effectiveness 71.48% and counterfactual cost=0.43.
Make capital -loss=1902 with effectiveness 71.48% and counterfactual cost=0.44.
Make capital -loss=1977 with effectiveness 71.48% and counterfactual cost=0.45.
100.00% and counterfactual cost=1.0.

Cost Trade-off. Unfairness score

13.49.

(a) Comparative Subgroup Counterfactuals (output of the FACTS framework)
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(b) Empirical cumulative cost distributions for the ‘Male’ and ‘Female’ protected

subgroups

Figure 4.5: Example for demonstration of the “Fair Effectiveness-Cost Trade-Off” definition.

Run for the Adult dataset with sex as the sensitive attribute. Between the em-
pirical cumulative distributions of the ‘Male’ and ‘Female’ subgroup, their max-
imum absoulute difference is observed for cost 0.08 and is equal to 27.6%. Mul-

tiplied with the quantity

2|Gp,0l|Gp,1]
|Gp,0l+|Gp,1

| it yields the ‘unfairness score’ of 13.49.
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If ages = 55-64, income = <100K, religion = Unknown:

Protected Subgroup = ‘Male’, 1.02% covered
Make religion=Christianity with effectiveness 0.00%.
Make religion=Other with effectiveness 0.00%.
Protected Subgroup = ‘Female’, 1.08% covered
Make religion=Christianity with effectiveness 9.86%.
Make religion=Other with effectiveness 9.86%.

Figure 4.6: Example for demonstration of the “Equal (Conditional) Mean Recourse” defini-
tion. Run for the Ad Campaign dataset with sex as the sensitive attribute. The
‘Female’ subgroup can achieve effectiveness 9.86% with cost 1, and it has no ac-
tions of different cost, thus the mean recourse cost is 1. In the ‘Male’ subgroup
nobody can achieve recourse, so the mean recourse cost is infinite, in a sense.

would posit that the model exhibits bias against the ‘Female’ subgroup of this population
group. The whole ecd of the ‘Female’ subgroup is lower than that of the ‘Male’ subgroup.
This means that females are less likely to receive recourse when exercising actions with the
same cost as the males. Put another way, for any cost budget, the females will achieve lower
effectiveness.

This is the situation that the above definition tries to capture. The way it would be ap-
plied here is that we would identify the maximum absolute difference between the two dis-
tributions, which is 27.6%. Then, after determining a desired level of confidence «, we would

check whether this maximum difference is less than the quantity \/ —In(a/ 2)%
If not, we would classify this group as receiving unfair treatment from the model, accyordiﬁg
to this definition.

The last definition takes a micro viewpoint and extends the notion of burden (Sharma
et al, 2020) from existing literature, which is the mean recourse cost of an action over all
individuals, to the case where not all individuals may achieve recourse.

Specifically, notice that the straightforward mean recourse cost of a group G,

_ 1
re(A,G) = € Z re(A, x)

zeG

considers individuals that cannot achieve recourse through A and have a recourse cost of
Coo- To exclude them, we denote as G* the set of individuals of GG that can achieve recourse
through an action in A4, i.e., G* = {x € G|Ja € A such that h(a(z)) = 1}. Then, we say
that the conditional mean recourse cost is the mean recourse cost among those that can
achieve recourse:

. 1
e’ (4, G) = e Z rc(4, ).

zeG*
If G = G*, the definitions coincide with burden.

Definition 4.10 (Equal (Conditional) Mean Recourse). The classifier is fair if the (conditional)
mean recourse cost for the protected subgroups is the same:

@*CA,C%;/D :ZE*CA,CH)

An example showcasing this definition is shown in Figure [4.6. In this specific population
group, in contrast to previous examples, the model is indicated to exhibit bias against the
‘Male’ subgroup. The two actions discovered by our framework result in an effectiveness of
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If hours-per-week=FullTime , marital -status=Married -civ-spouse , occupation=Adm-clerical:
Protected Subgroup = ‘Male’, 1.87% covered
Make hours-per-week=Overtime ,occupation=Exec-managerial with effectiveness 72.00%
Protected Subgroup = ‘Female’, 1.80% covered
No recourses for this subgroup.

Figure 4.7: CSC for a highly biased subgroup in terms of Equal Cost of Effectiveness with
»=0.17.

9.86% for the females, while for males 0%, i.e. nobody receives recourse. This is something
detected by the equal mean recourse definition, as the mean recourse cost for females is 1
(we assign a cost of 1 to a change in a categorical feature), while for the males, who do not
achieve recourse, is, in a sense, infinite.

As a final note, when the group G is the entire dataset of affected individuals, and all
individuals can achieve recourse through A, i.e. G = G* this fairness notion coincides with
fairness of burden (Ustun et al), 2019; Sharma et all, 2020).

4.2 Fairness of Recourse Auditing via Group
Counterfactuals: FACTS

This section presents FACTS (Fairness-aware Counterfactuals for Subgroups) (Kavouras
et al,, 2023), a framework whose goal is the detection of population groups that are likely
to elicit unfair treatment from the unknown predictive model in terms of difficulty of the
group’s subgroups to achieve recourse. To assess and compare groups, and to essentially
quantify this “unfairness of recourse’, the framework implements both the micro and the
macro viewpoint discussed earlier, and all respective fairness definitions provided in Sec-
tion t.1.1. The output of FACTS comprises population groups that are assigned (a) an unfair-
ness score that captures the disparity between protected subgroups according to different
fairness definitions and allows us to rank groups and (b) a user-intuitive, easily explainable
counterfactual summary, which is termed Comparative Subgroup Counterfactuals (CSC).

Figure 1.7 presents an example result of FACTS derived from the adult dataset (Bache
and Lichman, 2013). The “if clause” represents the subgroup G,, which contains all
the affected individuals that satisfy the predicate p = (hours-per-week = FullTime) A
(marital-status = Married-civ-spouse) N\ (occupation = Adm-clerical). The information be-
low the predicate refers to the protected subgroups G, and G, ; which are the female
and male individuals of G, respectively. With blue color, we highlight the percentage
cov(Gpi) = |Gyp.il/|D;| which serves as an indicator of the size of the protected subgroup.
The most important part of the representation is the actions applied that appear below each
protected subgroup and are evaluated in terms of fairness metrics. In this example, the met-
ric is the Equal Cost of Effectiveness with effectiveness threshold ¢ = 0.7. For G, o there is
no action surpassing the threshold ¢ = 0.7, therefore we display a message accordingly. On
the contrary, the action a = { hours-per-week — Overtime, occupation — Exec-managerial}
has effectiveness 0.72 > ¢ for G, , thus allowing a respective 72% of the male individuals
of G to achieve recourse. The unfairness score is thus “inf”, since no recourse is achieved
for the female subgroup.

Method overview Deploying FACTS comprises three main steps: (a) Subgroup and ac-
tion space generation, where frequent subgroups defined as frequent sets of feature-operator-
value combinations in the affected population are derived and, respectively, frequent ac-
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tions are collected in similar way from the unaffected population; (b) Counterfactual sum-
maries generation, where proper matching of subgroups and actions is performed to produce
valid counterfactual summaries for each subgroup and (c) CSC construction and fairness
ranking, where each counterfactual summary is scored according to each definition from
Section [.1.1, producing a respective number of CSCs for each subgroup and allowing to
produce separate subgroup rankings per definition. Next, we describe these steps in detail.

(a) Subgroup and action space generation Subgroups are generated by executing the
fp-growth (Han et al., 2000) frequent itemset mining algorithm on D, and on D; resulting
in the sets of subgroups Gy and G; and then by computing the intersection G = Gy [ Gi.
In our setting, an item is a feature-level predicate of the form “feature-operator-value” and,
consequently, an itemset is a predicate p defining a subgroup G,,. This step guarantees that
the evaluation in terms of fairness will be performed between the common subgroups G of
the protected populations. The set of all actions A is generated by executing fp-growth on
the unaffected population to increase the chance of more effective actions and to reduce
the computational complexity. The above process is parameterizable w.r.t. the selection
of the protected attribute(s) and the minimum frequency threshold for obtaining candidate
subgroups.

(b) Counterfactual summaries generation For each subgroup G, € G, the following
steps are performed: (i) Find valid actions, i.e., the actions in A that contain a subset of the
features appearing in p and at least one different value in these features; (ii) For each valid
action a compute eff(a, G,) and eff(a, G, 1).

The aforementioned process extracts, for each subgroup G, a subset V), of the actions
A, with each action having exactly the same cost for all individuals of G,,. Therefore, indi-
viduals of GG, o and G, ; are evaluated in terms of subgroup-level actions, with a fixed cost
for all individuals of the subgroup, in contrast to methods that rely on aggregating the cost
of individual counterfactuals. This approach provides a key advantage to FACTS in cases
where the definition of the exact costs for actions is either difficult or ambiguous: a mis-
guided or even completely erroneous attribution of a cost to an action will equally affect
all individuals of the subgroup and only to the extent that the respective fairness definition
allows it. In the setting of individual counterfactual cost aggregation, changes in the same
sets of features could lead to highly varying action costs for different individuals within the
same subgroup.

(c) CSC construction and fairness ranking At this stage, FACTS evaluates all definitions
of Section on all subgroups, producing an unfairness score per definition, per subgroup.
In particular, each definition of Section quantifies a different aspect of the difficulty for
a protected subgroup to achieve recourse. This quantification directly translates to difficulty
scores for the protected subgroups G,y and G, of each subgroup (), which are then
compared accordingly (computing the absolute difference between them) to arrive at the
unfairness score of each G}, based on the particular fairness metric.

The outcome of this process is the generation, for each fairness definition, of a ranked
list of CSC representations, in decreasing order of their unfairness score. Apart from unfair-
ness ranking, the CSC representations will allow users to intuitively understand unfairness
by directly comparing differences in actions between the protected populations within a
subgroup.
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4.3 Experimental Setting

In this section, we describe the experimental setup used in the subsequent experiments.
Readers interested solely in the experimental results may skip ahead to Section }.4.

The experimental setup follows the methodology outlined by Kavouras et al| (2023). We
organize the presentation as follows:

o The datasets we used are presented in Subsection }.3.1]
e The models are presented in Subsection }.3.3

e Other settings for the experiments, such as train-test splits, cost functions used etc.
are presented in Subsection [4.3.3.

4.3.1 Datasets Description

In line with the original work of Kavouras et al| (2023), we use four datasets in our experi-
mental evaluation. For each dataset, we detail the preprocessing steps, specify the types of
features used, and provide the cost feature weights applied during the experiments.

Adult

We generated CSCs for the Adult datasetf] using two different features as protected at-
tributes, i.e., ‘sex’, and ‘race’. The assessment of bias for each protected attribute is done
separately. The results for ‘sex’ as the protected attribute are presented in the main pa-
per. Before we present our results for race as the protected attribute, we briefly discuss the
preprocessing procedures and feature weights used for the adult dataset.

We generated Comparative Subgroup Counterfactuals (CSCs) for the Adult datasetf| us-
ing two different protected attributes: ‘sex’ and ‘race’. The bias assessment for each pro-
tected attribute was conducted separately. Before presenting our findings, we briefly out-
line the preprocessing steps and feature weights applied for the Adult dataset.

Preprocessing We removed the ‘fnlwgt’ and ‘education’ features, along with any rows
containing unknown values. The ‘hours-per-week’ and ‘age’ features were discretized into
five bins each.

Features All features were treated as categorical, except for 1capital-gain’ and ‘capital-
loss’, which were treated as numeric, and ‘education-num’ and ‘hours-per-week’, which
were treated as ordinal. The feature weights used in the cost function are shown in Table .1,
These weights are intended as indicative assignments for the purpose of experimentation.
They aim to reflect the feasibility or actionability of making changes to specific features.

COMPAS

We generated Comparative Subgroup Counterfactuals (CSCs) for the COMPAS datasetf],
using ‘race’ as the protected attribute. Before presenting the results, we provide a brief
overview of the preprocessing steps and the cost feature weights used for this dataset.

! https://raw.githubusercontent.com/columbia/fairtest/master/data/adult/adult.csv
? https://raw.githubusercontent.com/columbia/fairtest/master/data/adult/adult.csv
* https://aif360.readthedocs.io/en/latest/modules/generated/aif360.sklearn.datasets.fetch_compas.html
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Table 4.1: Cost Feature Weights for Adult

feature name  weight value feature name weight value
native-country 4 Workclass 2
marital-status 5 hours-per-week 2
relationship 5 capital-gain 1
age 10 capital-loss 1
occupation 4 education-num 3

Preprocessing The features ‘age’ and ‘c_charge_desc’ were discarded. The ‘priors_count’
feature was discretized into five bins: [-0.1, 1), [1, 5), [5, 10), [10, 15), and [15, 38), aiming to
keep the frequency of each bin approximately equal. Due to the highly asymmetric distri-
bution of values, this was not fully achievable using direct methods such as pandas . gcutf.

Features The features ‘juv_fel count’, juv_misd_count’, and ‘juv_other_count’ were
treated as numerical, while the rest were considered categorical. The feature weights ap-
plied in the cost function are shown in Table .2,

Table 4.2: Cost Feature Weights for COMPAS

feature name weight value

age_cat 10
juv_fel_count
juv_fel_count
juv_other_count
priors_count
c_charge_degree

S U I G Wy

SSL

We generated Comparative Subgroup Counterfactuals (CSCs) for the SSL datasetf], using
‘race’ as the protected attribute. Before presenting the results, we briefly describe the pre-
processing steps and feature weights applied, following the same procedures outlined in
the original FACTS paper (Kavouras et all, 2023).

Preprocessing We removed all rows containing missing values (‘U’ or ‘X’). Additionally,
the feature ‘PREDICTOR RAT TREND IN CRIMINAL ACTIVITY  was discretized into six
bins. Since the target labels range between 0 and 500, we followed the approach used in
Black et al/ (2020), binarizing the labels by treating values above 344 as positively impacted
and values below 345 as negatively impacted.

Features All features, except for the protected attribute ‘race’, were treated as numerical.
The feature weights used for the cost function are presented in Table .3,

*https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.qcut.html
*https://raw.githubusercontent.com/samuel-yeom/fliptest/master/exact-ot/
chicago-ssl-clean.csv
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Table 4.3: Cost Feature Weights for SSL

feature name weight value

PREDICTOR RAT AGE AT LATEST ARREST 10
PREDICTOR RAT VICTIM SHOOTING INCIDENTS
PREDICTOR RAT VICTIM BATTERY OR ASSAULT
PREDICTOR RAT ARRESTS VIOLENT OFFENSES
PREDICTOR RAT GANG AFFILIATION
PREDICTOR RAT NARCOTIC ARRESTS
PREDICTOR RAT TREND IN CRIMINAL ACTIVITY
PREDICTOR RAT UUW ARRESTS

U | | G GG

Ad Campaign
We also generated CSCs for the Ad Campaign datasetf|, using ‘gender’ as the protected

attribute.

Preprocessing Unlike the other datasets, we opted not to remove missing values, as they
represent the majority for several features. However, we restricted actions in the CSCs to
avoid any that lead to missing values in the final representation.

Features In this dataset, all features, except the protected attribute, were treated as cate-
gorical. The feature weights used in the cost function are detailed in Table .4,

Table 4.4: Cost Feature Weights for Ad Campaign

feature name weight value
religion 5
politics 2
parents 3

age 10
income 3

area 2
college_educated 3
homeowner 1

4.3.2 Models

For our experiments, we used a Logistic Regression model, and specifically the standard
implementation provided by the Python package scikit-learnf. This model serves as
the black-box classifier that is audited for fairness of recourse in our framework, similar to
the approach used in Kavouras et al! (2023).

¢ https://developer.ibm.com/exchanges/data/all/bias-in-advertising/
"https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.
LogisticRegression.html
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4.3.3 Additional Experimental Specifications

Train-Test Split All datasets were split into training and test sets, with 70% of the data
used for training and 30% for testing. The split process included both shuffling and stratifica-
tion based on the labels to ensure balanced class distribution across the splits. The random
seed value used for reproducibility was set to 131313, and the data splitting was done us-
ing the train_test_splitf function from scikit-learn. Following the methodology of
Kavouras et al. (2023), all audits were performed on the test set.

Frequent Itemset Mining Subgroups and actions were generated using the fp-growth
algorithmlf| for frequent itemset mining, specifically the implementation provided by the
Python package mlxtendl]. We set the support threshold to 1%, meaning that we required
subgroups and actions to appear in at least 1% of the respective populations. Subgroups
were derived from the affected populations Dy and D;, while actions were derived from
the unaffected population, following the same approach as in Kavouras et al| (2023).

Effectiveness and Budgets As outlined in Section }.1.1, some of the fairness metrics —
Equal Choice for Recourse and Equal Cost of Effectiveness — require the specification of a
target effectiveness level, denoted as ¢. Additionally, the Equal Effectiveness within Bud-
get metric necessitates the definition of a target cost level (or budget) c. We replicate the
approach of Kavouras et al! (2023) for both cases.

Regarding effectiveness-based metrics, we set two effectiveness levels: a relatively low
effectiveness level of ¢ = 30% and a relatively high effectiveness level of ¢ = 70%.

For the budget-based metrics, we used the more detailed procedure outlined in Kavouras
et all (2023) to determine cost levels:

1. First, we compute the Equal Cost of Effectiveness (micro definition) with a target ef-
fectiveness of ¢ = 50% to calculate the minimum cost required to flip at least 50% of
both protected subgroups Gy and G, for all population groups G.

2. We gather the minimum costs for all groups into an array.

3. Finally, we selected budget values corresponding to the 30%, 60%, and 90% percentiles
of this array.

Cost Functions Our implementation allows users to define custom cost functions based
on domain knowledge and specific requirements. For the purposes of evaluation and demon-
stration, we defined the cost of changing a feature value v to a new value v’ as follows:

, where norm is a normalization function

1. Numerical features: |norm(v)—norm(v’)
that maps values to the range [0, 1].

2. Categorical features: a cost of 1 if v # v/, and 0 otherwise.

3. Ordinal features: |pos(v) — pos(v')|, where pos is a function that assigns the order

to the values.

8https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.train_
test_split.html
*https://rasbt.github.io/mlxtend/user_guide/frequent_patterns/fpgrowth/
" https://github.com/rasbt/mlxtend
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In addition to these basic costs, users of FACTS can specify feature-specific weights to rep-
resent the difficulty of changing a particular feature. For each dataset, the total cost of an
action is determined by specifying the feature types (numerical, categorical, or ordinal) and
the associated weights.

Feasibility To ensure realistic and feasible actions, we incorporated certain constraints in
our cost model. For example:

e The age and education features cannot be reduced, ensuring that actions do not sug-
gest unrealistic changes.

e Actions that result in unknown or missing values are disallowed.

These constraints help maintain the validity of the suggested actions.

Compute resources The experiments were run on commodity hardware featuring an
AMD Ryzen 5 5600H processor and 8GB of RAM. All computations were performed within
an isolated conda environment using Python 3.9.16.

4.4 Experimental Evaluation

This section presents key experimental results from Kavouras et al! (2023), as well as results
from additional experimentation we conducted for the purposes of this thesis. We present
and discuss Comparative Subgroup Counterfactuals for subgroups ranked as the most un-
fair according to the various definitions of Section |.1.1. For this section we have selected
specific datasets and models as illustrative examples. For a more exhaustive collection of
experimental results, we defer the interested reader to Appendix [Al.

Table 4.5: Unfair subgroups identified in the Adult dataset.

Group 1 Group 2 Group 3
rank Dbias against unfairness score rank bias against unfairness score rank bias against unfairness score
Equal Effectiveness 2950 Male 0.11 10063 Female 0.0004 275 Female 0.32
Equal Choice for Recourse (¢ = 0.3) Fair - 0 12 Female 2 Fair - 0
Equal Choice for Recourse (¢ = 0.7) 6 Male 1 1 Female 6 Fair - 0
Equal Effectiveness within Budget (c = 5)  Fair - 0 2806 Female 0.056 70 Female 0.3
Equal Effectiveness within Budget (¢ = 10) 2350 Male 0.11 8518 Female 0.0004 226 Female 0.3
Equal Effectiveness within Budget (c = 18) 2675 Male 0.11 9222 Female 0.0004 272 Female 0.3
Equal Cost of Effectiveness (¢ = 0.3) Fair - 0 Fair - 0 1 Female inf
Equal Cost of Effectiveness (¢ = 0.7) 1 Male inf 12 Female 2 Fair - 0
Fair Effectiveness-Cost Trade-Off 4065 Male 0.11 3579 Female 0.13 306 Female 0.32
Equal (Conditional) Mean Recourse Fair - 0 3145 Female 0.35 Fair - 0

Unfair subgroups Table [t.5 presents three subpopulation groups that were ranked first
according to three different fairness definitions: Equal Cost of Effectiveness (¢ = 0.7), Equal
Choice for Recourse (¢ = 0.7) and Equal Cost of Effectiveness (¢ = 0.3). These groups are iden-
tified as having the highest levels of unfairness based on the respective definitions. For
each group, the table provides its rank, the subgroup it is biased against, and its unfairness
score across all the fairness definitions listed in the leftmost column. When the unfairness
score is 0, we label the subgroup as “Fair” in the rank column. Note that groups with iden-
tical scores for a particular definition receive the same rank. The Comparative Subgroup
Counterfactual (CSC) representations for the fairness definitions that ranked these three
subgroups at the top are displayed in Figure .8,
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Subgroup 1 ranks highest in unfairness based on the Equal Cost of Effectiveness with
¢ = 0.7, yet is ranked much lower or even considered “fair” under most of the other def-
initions (as seen in the “rank” column for Subgroup 1). This pattern is similarly observed
for Subgroup 2, which ranks first under Equal Choice for Recourse with ¢ = 0.7, and Sub-
group 3, which tops the ranking for Equal Cost of Effectiveness with ¢ = 0.3, but both rank
much lower under other definitions. These findings highlight the utility of applying dif-
ferent fairness definitions, as each captures distinct aspects of the difficulty in achieving
recourse [].

The relevance of these different aspects is further motivated by their real-world appli-
cability in auditing contexts. For instance, the Equal Cost of Effectiveness with ¢ = 0.7
might be appropriate when a broad intervention to support a subpopulation is needed, but
the number of actions that can be taken is limited. In this case, the macro-level perspec-
tive provided by Subgroup 1’s CSC (the top result in Figure t.§) is particularly useful, as it
helps identify group-level actions that can achieve recourse for a significant portion of the
disadvantaged subpopulation.

Conversely, Equal Choice for Recourse with ¢ = 0.3, which ignores cost and ranks
groups based solely on the difference in the number of effective actions between protected
subgroups, may be more suitable in scenarios where assigning costs to actions is prob-
lematic or potentially unethical. This definition measures bias based on the availability of
effective actions rather than their cost, as shown in Subgroup 2’s CSC (middle result in
Figure {.8).

Another noteworthy observation comes from Subgroup 1, where bias is detected against
the Male subgroup. This finding contrasts with prior work employing more statistical-
oriented approaches (e.g. Tramer et al,, 2017), which primarily reported bias against the
Female subgroup. This finding is significant, as it highlights the phenomenon of gerryman-
dering (Kearns et al!, 2018), where subgroup partitions are manipulated to mask bias. The
FACTS framework demonstrates robustness to this issue by enabling the examination of
sufficiently small subgroups through the minimum frequency threshold, as discussed in
Section 4.4 This allows the detection of biases that might otherwise remain hidden.

! Further examples and statistics supporting this observation, based on a larger sample, are provided in

Appendix [A
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Subgroup 1
If age=(41.0, 50.0],marital -status=Never-married ,race=White, relationship=Not-in-family :

Protected Subgroup = ‘Male’, 1.34% covered
No recourses for this subgroup.
Protected Subgroup = ‘Female’, 1.47% covered
Make marital -status=Married -civ-spouse ,relationship=Married with effectiveness 70.49%
Bias against ‘Male’ due to Equal Cost of Effectiveness (threshold = 0.7). Unfairness score = inf.
Subgroup 2
If worklass=Private ,hours-per-week=FullTime , marital -status=Married -civ -spouse , occupation=Adm-clerical , race=White:
Protected Subgroup = ‘Male’, 1.04% covered

Make hours-per-week=OverTime ,occupation=Exec-managerial with effectiveness 70.00%

Make hours-per-week=OverTime ,occupation=Prof-specialty with effectiveness 70.00%

Make hours-per-week=BrainDrain,occupation=Exec-managerial with effectiveness 70.00%

Make hours-per-week=BrainDrain,occupation=Prof-specialty with effectiveness 70.00%

Make Workclass=Self —emp-in,occupation=Exec-managerial with effectiveness 70.00%

Make Workclass=Self -emp-in ,hours-per-week=OverTime ,occupation=Exec-managerial with effectiveness 80.00%

Make Workclass=Self -emp-in ,hours-per-week=OverTime ,occupation=Sales with effectiveness 70.00%

Make Workclass=Self —emp-in ,hours-per-week=BrainDrain ,occupation=Exec-managerial with effectiveness 70.00%
Protected Subgroup = ‘Female’, 3.51% covered

Make Workclass=Self -emp-in ,hours-per-week=OverTime ,occupation=Exec-managerial with effectiveness 74.51%

Make Workclass=Self —emp-in ,hours-per-week=BrainDrain,occupation=Exec-managerial with effectiveness 74.51%
Bias against ‘Female’ due to Equal Choice for Recourse (threshold = 0.7). Unfairness score = 6

Subgroup 3
If age=(41.0, 50.0],occupation=Sales:

Protected Subgroup ‘Male’, 1.18% covered
Make occupation Craft-repair with effectiveness 0.00%
Make occupation=Adm-clerical with effectiveness 0.00%
Make occupation=Tech-support with effectiveness 19.23%
Make occupation=Prof-specialty with effectiveness 28.21%
Make occupation=Exec-managerial with effectiveness 39.74%

Protected Subgroup ‘Female’, 1.56% covered
Make occupation=Craft-repair with effectiveness 0.00%
Make occupation=Adm-clerical with effectiveness 0.00%
Make occupation=Tech-support with effectiveness 0.00%
Make occupation=Exec-managerial with effectiveness 6.94%
Make occupation=Prof-specialty with effectiveness 6.94%
Make age=(50.0,90.0] with effectiveness 6.94%
Make age=(50.0,90.0] ,occupation=Prof-specialty with effectiveness 6.94%
Make age=(50.0,90.0] ,0occupation=Craft-repair with effectiveness 6.94%
Make age=(50.0,90.0] ,0occupation=Adm-clerical with effectiveness 6.94%
Make age=(50.0,90.0] ,0occupation=Exec-managerial with effectiveness 6.94%

Bias against ‘Female’ due to Equal Cost of Effectiveness (threshold = 0.3). Unfairness score = inf.

Figure 4.8: Comparative Subgroup Counterfactuals for the subgroups of Table [£.5.







Chapter 5

Conclusions

In this thesis we have studied both the challenge of efficiently calculating effective and in-
terpretable global counterfactual explanations (GCE) and the nuances of using global coun-
terfactual explanations to assess the recourse fairness of black-box systems.

On one hand, we presented the GLANCE framework, which offers an innovative
approach to calculating GCEs, balancing effectiveness, interpretability, and practicality.
Through careful clustering and strategic action generation, GLANCE enables users to in-
terpret a model’s decision boundaries and understand potential pathways to favorable out-
comes. Evaluations against benchmark methods demonstrated GLANCE’s capacity to gen-
erate high-quality, reliable explanations across different models and datasets, with compet-
itive Pareto dominance rates that underscore its effectiveness and efficiency.

On the other hand, we used the FACTS framework to further investigate recourse fair-
ness in GCEs, addressing how accessible and equitable recourse options are for individuals
in distinct demographic groups. By employing FACTS, we achieved a deeper understanding
of recourse fairness within black-box systems, examining how well different counterfactual
approaches uphold fairness metrics. Through these efforts, we highlighted limitations in
current fairness metrics and underscored the importance of evaluating counterfactual meth-
ods not only by their cost and effectiveness but also by their practical fairness impact across
protected groups.

Future Directions

Several directions remain open for advancing both frontiers of explainability and fairness
based on global counterfactual explanations:

e Enhanced Action Selection at AS’s Third Stage: The third stage of the Augmented
Space algorithm, which finalizes the set of actions, currently follows a straightfor-
ward selection process. Future work could refine this selection through more sophis-
ticated optimization techniques, potentially improving both the practicality and the
cost-efficiency of actions suggested by AS.

o Interpretable Clustering Techniques: The clustering stage in AS is critical for iden-
tifying groups with similar recourse needs. Incorporating interpretable clustering
methods could enhance the transparency of AS, allowing end-users and auditors to
better understand the basis for clustering, thus supporting more trust in the model’s
decision-making process.

e Extending Fairness of Recourse Definitions in FACTS: The FACTS framework laid
out foundational definitions for fairness in recourse. These definitions definitely war-
rant further development. A deeper focus on ECD differences across demographic
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subgroups could ensure that fairness metrics more accurately reflect the fairness im-
pacts on those requiring recourse.

Exploring Alternatives to Frequent Itemset Mining: While frequent itemset mining
has been effective for generating actions for FACTS, alternative methods may offer
more tailored or context-sensitive actions. Investigating these alternatives could lead
to more granular, contextually relevant actions that further support user recourse.

Incorporating Systematic Feasibility Constraints: Ensuring that counterfactual ac-
tions are feasible is essential for real-world applicability. Future versions of both
GLANCE and FACTS could integrate systematic feasibility criteria, informed by causal
constraints or domain-specific rules, to ensure that the recommended actions are
practical for users to implement.

In summary;, this thesis provides a comprehensive study of GLANCE as a scalable and in-

terpretable GCE generation method and an analysis of FACTS to evaluate recourse fairness
in complex, black-box models. Together, these frameworks offer valuable insights into the
practical challenges of providing fair, actionable, and interpretable recourse in automated
decision-making. By further refining these frameworks, future research can enhance the
fairness, reliability, and transparency of Al-driven systems in high-stakes applications.
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Appendix A

FACTS: Additional Experiments

In this appendix, following the methodology of Kavouras et al| (2023), we repeat the ex-
periment described in Section k.4, which involved the Adult dataset with ‘gender’ as the
protected attribute, and apply it for three additional cases.

Specifically, we present three subgroups that were ranked first in terms of unfairness
according to one of the fairness metrics, explain why these subgroups were identified as un-
fair by the FACTS framework, and summarize their unfairness scores across the remaining
metrics.

A.1 Results for the Adult Dataset with Race as the
Protected Attribute

We showcase three prevalent subgroups for which the rankings assigned by different fair-
ness definitions truly yield different kinds of information. This is showcased in Table [A.1].
We once again note that the results presented here are for ‘race’ as a protected attribute,
while the corresponding results for ‘gender’ are presented in Section 4 of the main paper.

Here we showcase three prominent groups from the Adult dataset, using ‘race’ as the
protected attribute. The rankings provided by different fairness definitions reveal different
types of information about subgroup unfairness, as illustrated in Table [A.1. For compar-
ison, we remind that the corresponding results for ‘gender’ as the protected attribute are
discussed in Section }.4.

Table A.1: Example of three unfair groups in Adult (protected attribute race)

Group 1 Group 2 Group 3
rank bias against unfairness score rank bias against unfairness score rank bias against unfairness score
Equal Effectiveness Fair Fair 0.0 3047.0 Non-White 0.115 1682.0 Non-White 0.162
Equal Choice for Recourse (¢ = 0.3) 1 Non-White 10.0 10.0  Non-White 1.0 Fair Fair 0.0
Equal Choice for Recourse (¢ = 0.7) Fair Fair 0.0 Fair Fair 0.0 Fair Fair 0.0
Equal Effectiveness within Budget (c = 1.15)  Fair Fair 0.0 Fair Fair 0.0 Fair Fair 0.0
Equal Effectiveness within Budget (c = 10.0) 303.0  Non-White 0.242 2201.0 Non-White 0.115 4035.0 Non-White 0.071
Equal Effectiveness within Budget (c = 21.0) ~ Fair Fair 0.0 2978.0 Non-White 0.115 1663.0 Non-White 0.162
Equal Cost of Effectiveness (¢ = 0.3) 18.0  Non-White 0.15 1 Non-White inf Fair Fair 0.0
Equal Cost of Effectiveness (¢ = 0.7) Fair Fair 0.0 Fair Fair 0.0 Fair Fair 0.0
Fair Effectiveness-Cost Trade-Off 909.0 Non-White 0.242 4597.0 Non-White 0.115 2644.0 Non-White 0.162
Equal (Conditional) Mean Recourse 5897.0 White 0.021 5309.0 White 0.047 1 Non-White inf

In Figure [A.1 we present the Comparative Subgroup Counterfactual representation for
the subgroups of Table [A.1| that corresponds to the fairness metric for which each subgroup
presents the minimum rank.

In Figure [A.1, we present the Comparative Subgroup Counterfactuals (CSC) representa-
tion for the groups in Table [A.1. Each group is represented according to the fairness metric
for which it was ranked highest (i.e., most unfair).
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These results align with the findings from Section §.4 on the same dataset (Adult) but
with a different protected attribute (race instead of gender). Groups ranked first (most
unfair) for one fairness definition are often ranked lower or considered fair by other defi-
nitions. This underscores the utility of using different fairness definitions, which is further
supported by the diversity of the CSC representations corresponding to Table [A.1. For
instance, Subgroup 1, ranked first by Equal Choice for Recourse (¢ = 0.3), demonstrates
unfairness by showing a significantly larger number of actions available for the “White”
subgroup compared to the “Non-White” subgroup. In contrast, Subgroup 2, ranked first by
Equal Cost of Effectiveness (¢ = 0.3), illustrates a situation where no recourses are found for
the required percentage of the “Non-White” protected subgroup, while sufficient recourses
exist for the “White” subgroup.

Subgroup 1
If workclass=Private , age=(34.0, 41.0], capital -gain=0, capital -loss=0, marital -status=Never-married, native -country=
United -States , relationship=Not-in-family:
Protected Subgroup = ‘Non-White’, 1.09% covered
Make Workclas=Federal -gov, age=(41.0, 50.0], marital -status=Married-civ-spouse, relationship=Married with
effectiveness 36.84%.
Make capital -gain=15024, marital -status=Married-civ-spouse, relationship=Married with effectiveness 100.00%.
Make age=(41.0, 50.0], capital ~gain=15024, marital -status=Married-civ-spouse, relationship=Married with
effectiveness 100.00%.
Protected Subgroup = ‘White’, 1.94% covered
Make age=(41.0, 50.0], marital -status=Married-civ-spouse, relationship=Married with effectiveness 45.14%.
Make marital -status=Married -civ-spouse, relationship=Married with effectiveness 40.00%.
Make age=(50.0, 90.0], marital -status= Married-civ-spouse, relationship=Married with effectiveness 42.86%.
Make Workclass=Local -gov, age=(41.0, 50.0], marital -status=Married-civ-spouse, relationship=Married with
effectiveness 44.00%.
Make Workclass=Local -gov, age=(41.0, 50.0], marital -status=Married-civ-spouse, relationship=Married with
effectiveness 44.00%.
Make Workclas=Self —emp-inc, age=(41.0, 50.0], marital -status=Married-civ-spouse, relationship=Married with
effectiveness 52.57%.
Make Workclass=Self -emp-inc, age=(50.0, 90.0], marital -status=Married-civ-spouse, relationship=Married with
effectiveness 49.71%.
Make Workclass=Local -gov, marital -status=Married -civ-spouse, relationship=Married with effectiveness 36.00%.
Make Workclass=Self ~emp-inc, marital -status=Married-civ-spouse, relationship=Married with effectiveness 45.1
Make Workclass= Federal -gov, age=(41.0, 50.0], marital -status=Married -civ-spouse, relationship=Married with
effectiveness 62.29%.
Make Workclass=State -gov, age=(41.0, 50.0], marital -status=Married-civ-spouse, relationship=Married with
effectiveness 40.57%.
Make capital -gain=15024, marital -status=Married -civ-spouse, relationship=Married with effectiveness 99.43%.
Make Workclass=Local -gov, age=(50.0, 90.0], marital -status=Married-civ-spouse, relationship=Married with
effectiveness 40.00%.
Make age=(41.0, 50.0], capital ~gain=15024, marital -status=Married-civ-spouse, relationship=Married with
effectiveness 100.00%.

Bias against ‘Non-White’ due to Equal Choice for Recourse (threshold = 0.3). Unfairness score = 10
Subgroup 2
If hours-per-week = FullTime, native-country = United-States, occupation = Adm-clerical , relationship = Married:
Protected Subgroup = ‘Non-White’, 1.66% covered
No recourses for this subgroup.
Protected Subgroup = ‘White’, 1.66% covered
Make hours-per-week = BrainDrain, occupation = Exec-managerial with effectiveness 70.00%.
Bias against 'Non-White’ due to Equal Cost of Effectiveness (threshold 0.3). Unfairness score inf.
Subgroup 3
If hours-per-week = PartTime, marital -status = Divorced, native-country = United-States:
Protected Subgroup = ‘Non-White’, 1.15% covered

Make marital -status=Married -civ -spouse with effectiveness 0.00%.

Make hours-per-week=MidTime, marital -statu=Married-civ-spouse with effectiveness 0.00%.

Make hours-per-week=FullTime, marital -status=Married-civ-spouse with effectiveness 0.00%.

Make hours-per-wee verTime, marital -status=Married-civ-spouse with effectiveness 0.00%.

Make hours-per-week=OverTime, marital -status=Never-married with effectiveness 0.00%.

Make hours-per-week=BrainDrain, marital -status=Married -civ-spouse with effectiveness 0.00%.
Protected Subgroup = ‘White’, 1.66% covered

Make marital -status=Married -civ-spouse with effectiveness 1.01%.

Make hours-per-week=MidTime, marital -statu=Married-civ-spouse with effectiveness 1.01%.

Make hours-per-week=FullTime, marital -status=Married-civ-spouse with effectiveness 7.07%.

Make hours-per-week=OverTime, marital -status=Married-civ-spouse with effectiveness 7.07%.

Make hours-per-week=OverTime, marital -status=Never-married with effectiveness 15.15%.

Make hours-per-week=BrainDrain, marital -status=Married -civ-spouse with effectiveness 16.16%.
Bias against ’'Non-White’ due to Equal Conditional Mean Recourse. Unfairness score inf

Figure A.1: Example of three Comparative Subgroup Counterfactuals in Adult (protected
attribute race); ref. Table [A.1]
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A.2 Results for the COMPAS Dataset

In Table [A.4, we present ranking statistics for three notable subgroups identified using
the COMPAS dataset with ‘race’ as the protected attribute. As with the Adult dataset, we
observe distinct patterns depending on the fairness metric used, highlighting how each
definition captures different aspects of subgroup unfairness. The Comparative Subgroup
Counterfactuals for these subgroups are displayed in Figure [A.3.

Table A.2: Example of three unfair subgroups in COMPAS

Subgroup 1 Subgroup 2 Subgroup 3
rank bias against unfairness score rank bias against unfairness score rank bias against unfairness score
Equal Effectiveness Fair Fair 0.0 116.0  African-American 0.151 209.0 African-American 0.071
Equal Choice for Recourse (¢ = 0.3) Fair Fair 0.0 3.0  African-American 1.0 Fair Fair 0.0
Equal Choice for Recourse (¢ = 0.7) 1 African-American 3.0 Fair Fair 0.0 Fair Fair 0.0
Equal Effectiveness within Budget (c=1)  66.0 African-American 0.167 79.0  African-American 0.151 185.0  African-American 0.071
Equal Effectiveness within Budget (c = 10) 84.0  African-American 0.167 108.0 African-American 0.151 220.0 African-American 0.071
Equal Cost of Effectiveness (¢ = 0.3) Fair Fair 0.0 1 African-American inf Fair Fair 0.0
Equal Cost of Effectiveness (¢ = 0.7) Fair Fair 0.0 Fair Fair 0.0 Fair Fair 0.0
Fair Effectiveness-Cost Trade-Off 3.0 African-American 0.5 214.0 African-American 0.151 376.0 African-American 0.071
Equal (Conditional) Mean Recourse 59.0 African-American 1.667 Fair Fair 0.0 1 African-American inf
Subgroup 1
If age_cat = 25 - 45, c_charge_degree = M, juv_misd_count = 0, priors_count = (10.0, 15.0]:
Protected Subgroup = ‘Caucasian’, 1.03% covered
Make c_charge_degree=F, priors_count=(-0.1, 1.0] with effectiveness 100.00%.
Make priors_count=(-0.1, 1.0] with effectiveness 100.00%.
Make priors_count=(1.0, 5.0] with effectiveness 100.00%.
Make age_cat=Greater than 45, priors_count=(-0.1, 1.0] with effectiveness 100.00%.
Make age_cat=Greater than 45, c_charge_degree=F, priors_count=(-0.1, 1.0] with effectiveness 100.00%.
Make age_cat=Greater than 45, c_charge_degree=F, priors_count=(1.0, 5.0] with effectiveness 100.00%.
Make age_cat=Greater than 45, priors_count=(1.0, 5.0] with effectiveness 100.00%.
Protected Subgroup = ‘African-American’, 1.16% covered
Make priors_count=(-0.1, 1.0] with effectiveness 83.33%.
Make age_cat=Greater than 45, priors_count=(-0.1, 1.0] with effectiveness 100.00%.
Make age_cat=Greater than 45, c_charge_degree=F, priors_count=(-0.1, 1.0] with effectiveness 100.00%.
Make age_cat=Greater than 45, priors_count=(1.0, 5.0] with effectiveness 83.33%.
Bias against African-American due to Equal Choice for Recourse (threshold 0.7). Unfairness score
Subgroup 2
If c_charge_degree = M, juv_other_count = 1:
Protected Subgroup = ‘Caucasian’, 3.59% covered
Make juv_other_count = 0 with effectiveness 42.86%.
Protected Subgroup = ‘African-American’, 3.48% covered
No recourses for this subgroup.
Bias against African-American due to Equal Cost of Effectiveness (threshold = 0.3). Unfairness score = inf
Subgroup 3
If age_cat = Greater than 45, c_charge_degree = F, juv_fel _count = 0, juv_misd_count = 0, juv_other_count = 0, sex = Male:
Protected Subgroup = ‘Caucasian’, 7.18% covered
Make c_charge_degree=M with effectiveness 7.14%.
Protected Subgroup = ‘African-American’, 6.00% covered
Make c¢_charge_degree=M with effectiveness 0.00%.
Bias against African-American due to Equal Conditional Mean Recourse. Unfairness score inf

Figure A.2: Example of three Comparative Subgroup Counterfactuals in COMPAS; ref. Ta-

ble [A.7

A.3 Results for the SSL Dataset

The results for the SSL dataset, using ‘race’ as the protected attribute, are summarized in
Table [A.3. Ranking statistics for three key subgroups are provided, and their corresponding
Comparative Subgroup Counterfactuals are shown in Figure @ As with previous datasets,
the results demonstrate how different fairness definitions produce varying rankings, cap-
turing distinct biases in the recourse provided to protected subgroups.
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Table A.3: Example of three unfair subgroups in SSL

Subgroup 1 Subgroup 2 Subgroup 3
rank bias against unfairness score rank bias against unfairness score rank bias against unfairness score
Equal Effectiveness 1630.0 Black 0.076 70.0 Black 0.663 979.0 Black 0.151
Equal Choice for Recourse (¢ = 0.3) Fair Fair 0.0 12.0 Black 1.0 12.0 Black 1.0
Equal Choice for Recourse (¢ = 0.7) 13.0 Black 3.0 Fair Fair 0.0 Fair Fair 0.0
Equal Effectiveness within Budget (c = 1) Fair Fair 0.0 195.0 Black 0.663 1692.0 White 0.138
Equal Effectiveness within Budget (c =2)  2427.0 Black 0.111 126.0 Black 0.663 3686.0 White 0.043
Equal Effectiveness within Budget (c = 10) 2557.0 Black 0.076 73.0 Black 0.663 1496.0 Black 0.151
Equal Cost of Effectiveness (¢ = 0.3) Fair Fair 0.0 1 Black inf 1 Black inf
Equal Cost of Effectiveness (¢ = 0.7) 1 Black inf Fair Fair 0.0 Fair Fair 0.0
Fair Effectiveness-Cost Trade-Off 3393.0 Black 0.111 443.0 Black 0.663 2685.0 Black 0.151
Equal (Conditional) Mean Recourse 3486.0 Black 0.053 1 Black inf 1374.0 White 0.95

A.4 Results for the Ad Campaign Dataset

For the Ad Campaign dataset, using ‘gender’ as the protected attribute, we present ranking
results for three subgroups in Table [A.4. The corresponding Comparative Subgroup Coun-
terfactuals are illustrated in Figure [A.4, further supporting the observation that different
fairness metrics highlight different types of unfairness.

Table A.4: Example of three unfair subgroups in Ad Campaign

Subgroup 1 Subgroup 2 Subgroup 3
rank bias against unfairness score rank bias against unfairnessscore rank bias against unfairness score
Equal Effectiveness 319.0 Female 0.286 Fair Fair 0.0 467.0 Male 0.099
Equal Choice for Recourse (¢ = 0.3) 5.0 Female 1.0 2.0 Female 4.0 Fair Fair 0.0
Equal Choice for Recourse (¢ = 0.7) Fair Fair 0.0 1 Female 4.0 Fair Fair 0.0
Equal Effectiveness within Budget (c = 1)  Fair Fair 0.0 Fair Fair 0.0 Fair Fair 0.0
Equal Effectiveness within Budget (c =5)  Fair Fair 0.0 Fair Fair 0.0 345.0 Male 0.099
Equal Cost of Effectiveness (¢ = 0.3) 1 Female inf Fair Fair 0.0 Fair Fair 0.0
Equal Cost of Effectiveness (¢ = 0.7) Fair Fair 0.0 Fair Fair 0.0 Fair Fair 0.0
Fair Effectiveness-Cost Trade-Off 331.0 Female 0.286 Fair Male 0.0 547.0 Male 0.099
Equal (Conditional) Mean Recourse Fair Fair 0.0 Fair Fair 0.0 1 Male inf
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Subgroup 1
If PREDICTOR RAT ARRESTS VIOLENT OFFENSES = 1, PREDICTOR RAT NARCOTIC ARRESTS = 1, PREDICTOR RAT VICTIM BATTERY OR ASSAULT
= 1:

Protected Subgroup = ‘Black’, 1.04% covered
No recourses for this subgroup.
Protected Subgroup = ‘White’, 1.00% covered

Make PREDICTOR RAT ARRESTS VIOLENT OFFENSES = 0, PREDICTOR RAT NARCOTIC ARRESTS = 0, PREDICTOR RAT VICTIM BATTERY OR
ASSAULT = 0 with effectiveness 72.73%
Make PREDICTOR RAT ARRESTS VIOLENT OFFENSES = 0, PREDICTOR RAT NARCOTIC ARRESTS = 1, PREDICTOR RAT VICTIM BATTERY OR
ASSAULT = 0 with effectiveness 72.73%
Make PREDICTOR RAT ARRESTS VIOLENT OFFENSES = 0, PREDICTOR RAT NARCOTIC ARRESTS = 2, PREDICTOR RAT VICTIM BATTERY OR
ASSAULT = 0 with effectiveness 72.73%
Bias against ‘Black’ due to Equal Cost of Effectiveness (threshold = 0.7). Unfairness score = inf.

Subgroup 2
If PREDICTOR RAT NARCOTIC ARRESTS = 0, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-0.2, -0.1], PREDICTOR RAT UUW ARRESTS
= 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0:
Protected Subgroup = ‘Black’, 2.51% covered

Make PREDICTOR RAT NARCOTIC ARRESTS = 0, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-8.200999999999999, -0.3],
PREDICTOR RAT UUW ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 0, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-0.1, 0.1], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 0, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (0.1, 0.3], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 1, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-8.200999999999999, -0.3],
PREDICTOR RAT UUW ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 0, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (0.3, 7.3], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 0, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-0.3, -0.2], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 1, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-0.1, 0.1], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 1, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-0.2, -0.1], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 1, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (0.1, 0.3], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 2, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-8.200999999999999, -0.3],
PREDICTOR RAT UUW ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 1, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (0.3, 7.3], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Protected Subgroup = ‘White’, 2.87% covered

Make PREDICTOR RAT NARCOTIC ARRESTS = 0, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-8.200999999999999, -0.3],
PREDICTOR RAT UUW ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 57.14%

Make PREDICTOR RAT NARCOTIC ARRESTS = 0, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-0.1, 0.1], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 0, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (0.1, 0.3], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 1, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-8.200999999999999, -0.3],
PREDICTOR RAT UUW ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 0, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (0.3, 7.3], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 0, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-0.3, -0.2], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 1, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-0.1, 0.1], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 1, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-0.2, -0.1], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 1, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (0.1, 0.3], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 2, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (-8.200999999999999, -0.3],
PREDICTOR RAT UUW ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Make PREDICTOR RAT NARCOTIC ARRESTS = 1, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY = (0.3, 7.3], PREDICTOR RAT UUW
ARRESTS = 0, PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 0.00%

Bias against ‘Black’ due to Equal(Conditional) Mean Recourse. Unfairness score = inf.

Subgroup 3
If PREDICTOR RAT GANG AFFILIATION = 1, PREDICTOR RAT NARCOTIC ARRESTS = 2, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY =
(-8.200999999999999, -0.3], PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0:

Protected Subgroup = ‘Black’, 1.18% covered
No recourses for this subgroup.
Protected Subgroup = ‘White’, 1.00% covered

Make PREDICTOR RAT GANG AFFILIATION = 0, PREDICTOR RAT NARCOTIC ARRESTS = 0, PREDICTOR RAT TREND IN CRIMINAL ACTIVITY
= (-8.200999999999999, -0.3], PREDICTOR RAT VICTIM SHOOTING INCIDENTS = 0 with effectiveness 31.82%
Bias against ‘Black’ due to Equal Cost of Effectiveness (threshold = 0.3). Unfairness score = inf.

Figure A.3: Example of three Comparative Subgroup Counterfactuals in SSL; ref. Table
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Subgroup 1
If age = 45-54, area = Unknown, parents = 1:
Protected Subgroup = Male’, 1.22% covered
Make age=55-64, area=Rural with effectiveness 30.77%.

Protected Subgroup = ‘Female’, 1.13% covered
No recourses for this subgroup.
Bias against Female due to Equal Cost of Effectiveness (threshold=0.3). Unfairness score = inf.
Subgroup 2
If age = 55-64, area Unknown, homeowner = 1, income = Unknown, parents = 0, politics = Unknown, religion = Unknown:

Protected Subgroup = ‘Male’, 2.53% covered

Make homeowner=0, parents=1 with effectiveness 100.00%.

Make homeowner=0, parents=1, religion=Christianity with effectiveness 100.00%.

Make homeowner=0, parents=1, religion=Other with effectiveness 100.00%.

Make area=Urban, parents=1, religion=Christianity with effectiveness 93.91%.

Make area=Urban, parents=1, religion=Other with effectiveness 93.91%.

Make homeowner=0, income=<100K, parents=1 with effectiveness 100.00% .

Make area=Rural, parents=1, religion=Other with effectiveness 100.00%.

Make area=Rural, parents=1, religion=Christianity with effectiveness 100.00%.

Make homeowner=0, income=<100K, parents=1, religion=Christianity with effectiveness 100.00%.

Make homeowner=0, income=<100K, parents=1, religion=Other with effectiveness 100.00%.
Protected Subgroup = ‘Female’, 2.33% covered

Make homeowner=0, parents=1 with effectiveness 100.00%.

Make homeowner=0, parents=1, religion=Christianity with effectiveness 100.00%.

Make homeowner=0, parents=1, religion=Other with effectiveness 100.00%.

Make homeowner=0, income=<100K, parents=1 with effectiveness 100.00%.

Make homeowner=0, income=<100K, parents=1, religion=Christianity with effectiveness 100.00%.

Make homeowner=0, income=<100K, parents=1, religion=Other with effectiveness 100.00%.

Bias against Female due to Equal Choice for Recourse (threshold=0.7). Unfairness score = 4.
Subgroup 3
If ages = 55-64, income = <100K, religion = Unknown:

Protected Subgroup = ‘Male’, 1.02% covered

Make religion=Christianity with effectiveness 0.00%.
Make religion=Other with effectiveness 0.00%.
Protected Subgroup = ‘Female’, 1.08% covered
Make religion=Christianity with effectiveness 9.86%.
Make religion=Other with effectiveness 9.86%.
Bias against Male due to Equal Conditional Mean Recourse. Unfairness score = inf

Figure A.4: Example of three Comparative Subgroup Counterfactuals in Ad Campaign;

Table A4
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A.5 Comparison of Fairness Metrics

This section seeks to answer the question: “How do the different fairness of recourse met-
rics compare?” To address this, we analyze all subpopulation groups and compare their
unfairness rankings across 12 distinct fairness metrics. The results provide clear evidence
that these metrics capture different aspects of recourse unfairness, as discussed previously
and in Section 4.4,

For each dataset and protected attribute, we provide two tables: (a) the ranking analysis

table, and (b) the aggregated rankings table.

A.5.1 Ranking Analysis Table

The first column of the ranking analysis table shows the number of most unfair subgroups
per metric (i.e., those tied for rank 1). The number of ties varies greatly depending on
the metric used, as different metrics compare protected subgroups using different units
(e.g., cost, effectiveness, or number of actions). For example, metrics based on effectiveness
percentages tend to have fewer ties, while cost-based metrics often result in more ties. The
second and third columns provide statistics on the direction of bias (e.g., bias against males
vs. bias against females) for the top 10% most unfair subgroups.

A.5.2 Aggregated Rankings Table

The aggregated rankings table allows for a comparative analysis of how subpopulation
groups ranked as most unfair by one metric are evaluated by other metrics. Specifically,
it shows the relative ranking of groups that are ranked first in one metric when evaluated
according to the remaining metrics. The values v in each cell 7, j are computed as follows:

1. We collect all groups ranked first (most biased) according to the fairness metric in
row 1.

2. We compute the average rank a of these groups in the fairness metric of column j.

3. We normalize a by dividing it by the total number of ranking tiers for the fairness
metric in column 7, resulting in the value v.

Each non-diagonal value in the table represents the average ranking of the groups,
which are ranked first by the fairness metric in the corresponding row, when evaluated
using the fairness metric in the corresponding column. The closer the value is to 1, it sug-
gests that groups ranked highest by the row metric are ranked significantly lower (i.e., less
unfair) by the column metric. Conversely, a value close to 0 indicates that groups ranked
highest by the row metric remain highly ranked (i.e., still considered unfair) according to
the column metric.

Each diagonal value (i.e., where the metric in the row and the column is the same) is left
empty, as subgroups ranked first by a given metric are, by definition, ranked as the most
unfair by that same metric.

Thus, the non-diagonal values give us insights into how the most unfair subgroups,
according to one metric, fare when evaluated against other fairness metrics. This cross-
comparison helps us understand whether different metrics capture similar types of unfair-
ness or focus on distinct aspects of the problem.
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A.5.3 Comparison on Adult Dataset (Gender as Protected Attribute)

In the test set for the Adult dataset, 10,205 individuals were affected. We split the affected
individuals into two subgroups: affected males (D;) and affected females (D). Running
fp-growth with a support threshold of 1% on D; and Dy, and computing the intersection of
the results, we generated 12,880 subpopulation groups. The fairness metrics then evaluated
and ranked these groups based on the actions applied.

Tables [A.5 and [A.¢ present the ranking analysis and the aggregated rankings, respec-
tively, for the Adult dataset with ‘gender’ as the protected attribute. The following discus-
sion focuses on the key findings from these two tables. Similar patterns are observed in the
tables for the other datasets, so we omit their detailed discussion here.

From Table [A.5, it becomes clear that different fairness definitions can lead to signifi-
cant variations in the number of groups that tie for the same rank. In this case, only rank
1 is shown. The “Top 10%” columns provide particularly interesting insights into which
protected subgroups experience bias. While it might be expected that most bias would
be detected against the “Female” subgroup, we also find instances where bias is identified
against “Male” subgroups. This demonstrates a robustness to gerrymandering, which refers
to the manipulation of subgroup divisions to conceal biases (as previously hinted in Section

)

Table [A.6 offers stronger evidence for the distinct usefulness of each fairness definition
(as discussed in the commentary of Section [t.4). This table reports the average relative
(normalized) rankings of the subgroups that are ranked first by one fairness definition when
evaluated by the other definitions. The normalization maps rankings to a scale between 0
and 1, where a value close to 1 indicates a relatively low average rank (i.e., subgroups ranked
first by one definition are ranked much lower by another), while a value close to 0 indicates
a high average rank (i.e., subgroups ranked first by one definition are still highly ranked by
another).

Values that deviate significantly from 0 show that different fairness definitions capture
distinct aspects of unfairness, revealing the non-trivial and unique characteristics of each
definition. The table’s values support this, as many groups that are ranked first according
to one definition are ranked much lower when evaluated with a different fairness definition.
This pattern underscores the importance of using multiple fairness definitions to obtain a
comprehensive view of recourse unfairness.

Table A.5: Ranking Analysis in Adult (protected attribute gender)

# Most Unfair ~ # Subgroups w. Bias against Males  # Subgroups w. Bias against Females

Subgroups (in Top 10% Unfair Subgroups) (in Top 10% Unfair Subgroups)
(Equal Cost of Effectiveness(Macro), 0.3) 1673 56 206
(Equal Cost of Effectiveness(Macro), 0.7) 301 26 37
(Equal Choice for Recourse, 0.3) 2 54 286
(Equal Choice for Recourse, 0.7) 6 31 50
Equal Effectiveness 1 39 1040
(Equal Effectiveness within Budget, 5.0 1 41 616
(Equal Effectiveness within Budget, 10.0) 1 6 904
(Equal Effectiveness within Budget, 18.0) 1 22 964
(Equal Cost of Effectiveness(Micro), 0.3) 1523 10 226
(Equal Cost of Effectiveness(Micro), 0.7) 290 38 27
Equal(Conditional Mean Recourse) 764 540 565
(Fair Effectiveness-Cost Trade-Off, value) 1 61 1156
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Table A.6: Aggregated Rankings in Adult (protected attribute gender)

(Equal Cost (Equal Cost  (Equal Choice  (Equal Choice Equal (Equal (Equal (Equal (Equal Cost (Equal Cost  Equal(Conditional (Fair
of Effectiveness  of Effectiveness for Recourse, 0.3)  for Recourse, 0.7)  Ef of of Mean Recourse) Effectiveness-Cost
(Macro). 0.3)  (Macro), 0.7) within within within (Micro),03)  (Micro), 0.7) ‘Trade-Off, value)

Budget, 50)  Budget, 10.0) Budget, 18.0)

(Equal Cost of Effectiveness(Macro), 0.3) - 1.0 0.836 1.0 0.214 0.509 0342 0.285 03 1.0 0.441 0.237
(Equal Cost of Effectiveness(Macro), 0.7) 0.634 - 0.864 0.686 0358 0.602 0.464 0.407 0738 0.293 0.481 0.307
(Equal Choice for Recourse, 0.3) 0.018 1.0 - 1.0 0.001 0.006 0.001 0.001 0.017 1.0 0.105 0.001
(Equal Choice for Recourse, 0.7) 1.0 0364 0.857 - 0.814 0528 0.813 0.81 1.0 0.882 0.451 034
Equal Effectiveness 0.018 1.0 0.214 1.0 - 0.003 0.0 0.0 0.017 10 0.058 0.0
(Equal Effectiveness within Budget, 5.0 0.018 1.0 0.857 1.0 0.006 - 0.004 0.006 0.017 1.0 1.0 0.006
(Equal Effectiveness within Budget, 10.0) 0.018 1.0 0.214 1.0 0.0 0.002 - 0.0 0.017 1.0 0.047 0.0
(Equal Effectiveness within Budget, 18.0) 0.018 1.0 0.214 1.0 0.0 0.003 0.0 - 0.017 1.0 0.058 0.0
(Equal Cost of Effectiveness(Micro), 0.3) 0.238 10 0.857 1.0 0.136 0.452 0.263 0.215 - 1.0 0.462 0.155
(Equal Cost of Effectiveness(Micro), 0.7) 0.611 0.279 0.864 0.771 0336 0.621 0.449 0.402 0.7 - 0.465 0.295
Equal(Conditional) Mean Recourse 0.996 1.0 1.0 1.0 0723 0.946 0.875 0.777 0.997 1.0 - 0.83
(Fair Effectiveness-Cost Trade-Off, value) 0.018 1.0 0.214 1.0 0.0 0.002 0.0 0.0 0.017 1.0 0.047 -

A.5.4 Comparison on Adult Dataset (Race as Protected Attribute)

For the Adult dataset with ‘race’ as the protected attribute, the test set contained 10,205
affected individuals. These individuals were split into affected whites (D;) and affected
non-whites (Dy). Applying the fp-growth algorithm with a 1% support threshold on D,
and on Dj and computing the intersection of the results produced 16,621 subpopulation
groups. The fairness metrics were then used to evaluate and rank these groups based on
the actions applied.

Table A.7: Ranking Analysis in Adult (protected attribute race)

# Most Unfair  # Subgroups w. Bias against Whites  # Subgroups w. Bias against Non-Whites

Subgroups (in Top 10% Unfair Subgroups) (in Top 10% Unfair Subgroups)
(Equal Cost of Effectiveness(Macro), 0.3) 1731 0 295
(Equal Cost of Effectiveness(Macro), 0.7) 325 7 51
(Equal Choice for Recourse, 0.3) 1 2 391
(Equal Choice for Recourse, 0.7) 2 10 60
Equal Effectiveness 1 6 1433
(Equal Effectiveness within Budget, 1.15 1 50 24
(Equal Effectiveness within Budget, 10.0 1 3 1251
(Equal Effectiveness within Budget, 21.0) 1 0 1423
(Equal Cost of Effectiveness(Micro), 0.3) 1720 0 294
(Equal Cost of Effectiveness(Micro), 0.7) 325 7 51
Equal(Conditional Mean Recourse) 2545 53 1316
(Fair Effectiveness-Cost Trade-Off, value) 2 0 0
Table A.8: Aggregated Rankings in Adult (protected attribute race)
(Equal Cost (Equal Cost (Equal Choice  (Equal Choice Equal (Equal (Equal (Equal (Equal Cost (Equal Cost  Equal(Conditional (Fair
of Effectiveness  of Effectiveness  for Recourse, 0.3)  for Recourse, 0.7) 3 3 of Ef of Ef Mean Recourse) Effectiveness-Cost
(Macro), 0.3) (Macro), 0.7) within within within (Micro), 0.3) (Micro), 0.7) Trade-Off, value)
Budget, 1.15)  Budget, 10.0)  Budget, 21.0)
(Equal Cost of Effectiveness(Macro), 0.3) - 1.0 0.845 1.0 0.162 0.996 0.283 0.177 0.026 1.0 0.448 0.194
(Equal Cost of Effectiveness(Macro), 0.7) 0.7 - 0.9 0.829 0.147 0.973 0.315 0.169 0.698 0.05 0.421 0.12
(Equal Choice for Recourse, 0.3) 0.419 1.0 - 1.0 1.0 1.0 0.03 1.0 0.419 1.0 0.782 0.073
(Equal Choice for Recourse, 0.7) 10 0.095 0.909 - 0.644 1.0 0.003 0.328 1.0 0.1 0.041 0.011
Equal Effectiveness 0.023 1.0 0.909 1.0 - 1.0 0.01 0.0 0.023 1.0 0.0 0.0
(Equal Effectiveness within Budget, 1.15 1.0 0.048 1.0 0.857 0.069 - 0.047 0.07 1.0 0.05 1.0 0.102
(Equal Effectiveness within Budget, 10.0 0.395 0.048 0.818 0.571 0.001 1.0 - 0.001 0.395 0.05 0.611 0.002
(Equal Effectiveness within Budget, 21.0) 0.023 1.0 0.909 1.0 0.0 1.0 0.01 - 0.023 1.0 0.0 0.0
(Equal Cost of Effectiveness(Micro), 0.3) 0.023 1.0 0.845 1.0 0.162 0.996 0.284 0.177 - 1.0 0.449 0.195
(Equal Cost of Effectiveness(Micro), 0.7) 0.7 0.048 0.9 0.829 0.147 0.973 0.315 0.169 0.698 - 0.421 0.12
Equal(Conditional) Mean Recourse 0.979 1.0 1.0 1.0 0.628 1.0 0.778 0.633 0.979 1.0 - 0.721
(Fair Effectiveness-Cost Trade-Off, value) 0.023 1.0 0.818 1.0 0.001 1.0 0.012 0.001 0.023 1.0 0.003 -

A.5.5 Comparison on COMPAS Dataset

In the COMPAS dataset, 745 individuals were affected in the test set. These individuals
were split into affected Caucasians (D;) and affected African-Americans (D), producing
995 subpopulation groups using fp-growth with a 1% support threshold and intersecting
the results. Fairness metrics were applied to evaluate and rank these groups and their
corresponding actions.
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Table A.9: Ranking Analysis in COMPAS

# Most Unfair  # Subgroups w. Bias against Caucasians  # Subgroups w. Bias against African-Americans

Subgroups (in Top 10% Unfair Subgroups) (in Top 10% Unfair Subgroups)
(Equal Cost of Effectiveness(Macro), 0.3) 51 0 11
(Equal Cost of Effectiveness(Macro), 0.7) 46 6
(Equal Choice for Recourse, 0.3) 13 12 8
(Equal Choice for Recourse, 0.7) 15 8 6
Equal Effectiveness 1 14 37
(Equal Effectiveness within Budget, 1.0) 4 16 30
(Equal Effectiveness within Budget, 10.0) 1 20 39
(Equal Cost of Effectiveness(Micro), 0.3) 51 0 11
(Equal Cost of Effectiveness(Micro), 0.7) 46 0 6
Equal(Conditional Mean Recourse) 37 19 24
(Fair Effectiveness-Cost Trade-Off, value) 5 18 62
Table A.10: Aggregated Rankings in COMPAS
(Equal Cost (Equal Cost (Equal Choice (Equal Choice Equal (Equal (Equal (Equal Cost (Equal Cost Equal(Conditional (Fair
of Effectiveness  of Effectiveness ~ for Recourse, 0.3)  for Recourse, 0.7) of i of i Mean Recourse)  Effectiveness-Cost
(Macro), 0.3) (Macro), 0.7) within within (Micro), 0.3) (Micro), 0.7) Trade-Off, value)
Budget, 1.0)  Budget, 10.0)
(Equal Cost of Effectiveness(Macro), 0.3) - 1.0 0.65 1.0 0.169 0.801 0.398 0.2 1.0 0.797 0.226
(Equal Cost of Effectiveness(Macro), 0.7) 0.96 - 0.925 0.625 0.127 0.518 0.236 0.96 0.2 0.52 0.149
(Equal Choice for Recourse, 0.3) 0.32 0.76 - 0.775 0.082 1.0 0.178 0.32 0.76 0.297 0.116
(Equal Choice for Recourse, 0.7) 0.9 0.46 0.8 - 0.424 0.484 0.057 0.9 0.46 0.259 0.045
Equal Effectiveness 0.2 1.0 0.75 1.0 - 1.0 0.003 0.2 1.0 0.003 0.002
(Equal Effectiveness within Budget, 1.0) 0.8 1.0 0.75 0.75 1.0 - 1.0 0.8 1.0 0.413 0.002
(Equal Effectiveness within Budget, 10.0) 0.2 1.0 0.75 1.0 0.003 1.0 - 0.2 1.0 0.003 0.002
(Equal Cost of Effectiveness(Micro), 0.3) 0.2 1.0 0.65 1.0 0.169 0.801 0.398 - 1.0 0.797 0.226
(Equal Cost of Effectiveness(Micro), 0.7) 0.96 0.2 0.925 0.625 0.127 0.518 0.236 0.96 - 0.52 0.149
Equal(Conditional) Mean Recourse 0.98 1.0 1.0 1.0 0.507 0.772 0.512 0.98 1.0 - 0.627
(Fair Effectiveness-Cost Trade-Off, value) 0.68 1.0 0.75 0.8 0.801 0.202 0.801 0.68 1.0 0.331 -

A.5.6 Comparison on SSL Dataset

For the SSL dataset, the test set contained 11,343 affected individuals. These were split into
affected Blacks (D) and affected Whites (D), based on the ‘race’ attribute (named ‘RACE
CODE CD' in the dataset itself). The fp-growth algorithm, with a support threshold of 1%,
and the subsequent intersection generated 6,551 subpopulation groups in total. These were
then evaluated and ranked by the fairness metrics.

Table A.11: Ranking Analysis in SSL

# Most Unfair  # Subgroups w. Bias against Whites  # Subgroups w. Bias against Blacks

Subgroups (in Top 10% Unfair Subgroups) (in Top 10% Unfair Subgroups)
(Equal Cost of Effectiveness(Macro), 0.3) 371 10 107
(Equal Cost of Effectiveness(Macro), 0.7) 627 26 124
(Equal Choice for Recourse, 0.3) 1 108 184
(Equal Choice for Recourse, 0.7) 16 78 229
Equal Effectiveness 1 15 389
(Equal Effectiveness within Budget, 1.0) 18 18 436
(Equal Effectiveness within Budget, 2.0) 2 19 532
(Equal Effectiveness within Budget, 10.0) 1 15 548
(Equal Cost of Effectiveness(Micro), 0.3) 458 5 135
(Equal Cost of Effectiveness(Micro), 0.7) 671 23 130
Equal(Conditional Mean Recourse) 100 41 434
(Fair Effectiveness-Cost Trade-Off, value) 30 76 544

A.5.7 Comparison on Ad Campaign Dataset

The Ad Campaign dataset had 273,773 affected individuals in the test set, which were split
into affected males (D;) and affected females (Dy) based on the ‘gender’ attribute. Running
fp-growth with a 1% support threshold separately on males and females and intersecting
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Table A.12: Aggregated Rankings in SSL

(Equal Cost (Equal Cost (Equal Choice  (Equal Choice Equal (Equal (Equal (Equal (Equal Cost (Equal Cost  Equal(Conditional (Fair
of Effectiveness  of Effectiveness ~for Recourse, 03) ~ for Recourse, 0.7) of of Mean Recourse)  Effectiveness-Cost
(Macro). 0.3)  (Macro), 0.7) within within within (Micro), 0.3) (Micro), 0.7) Trade-Off, value)

Budget, 1.0)  Budget, 2.0)  Budget, 10.0)

(Equal Cost of Effectiveness(Macro), 0.3) - 0.883 0.854 0.988 0.216 0.401 0.285 0.238 0.3 0.843 0.678 0.338
(Equal Cost of Effectiveness(Macro), 0.7) 0.929 - 0.877 0.725 0.239 0.421 0.332 0.264 0.871 0.314 0.829 0.342
(Equal Choice for Recourse, 0.3) 0.143 1.0 - 1.0 0.328 0.704 0.464 0.368 0.143 1.0 0.727 0.601
(Equal Choice for Recourse, 0.7) 10 0.167 0.769 - 0.083 0.177 0.127 0.086 1.0 0.143 0.926 0.135
Equal Effectiveness 0.143 0.167 0.923 0.938 - 0.002 0.0 0.0 0.143 0.143 0.0 0.003
(Equal Effectiveness within Budget, 1.0) 0.857 0.833 0.854 0.881 0.89 - 0.923 0.876 0.857 0.857 0.327 0.0
(Equal Effectiveness within Budget, 2.0) 0.286 0.333 0.923 0.938 0.5 0.002 - 0.5 0.286 0.286 0.0 0.003
(Equal Effectiveness within Budget, 10.0) 0.143 0.167 0.923 0.938 0.0 0.002 0.0 - 0.143 0.143 0.0 0.003
(Equal Cost of Effectiveness(Micro), 0.3) 0.443 0.833 0.877 0.969 0.143 0.312 0.198 0.154 - 0.843 0.729 0.268
(Equal Cost of Effectiveness(Micro), 0.7) 0.9 0.383 0.892 0.788 0.203 0.406 0.299 0.225 0.886 - 0.816 0.327
Equal(Conditional) Mean Recourse 0.6 0.733 0.946 0.969 0.244 0.464 0.395 0.378 0.514 0.729 - 0.396
(Fair Effectiveness-Cost Trade-Off, value) 0.971 0.967 0.838 0.869 0.967 0.774 0.977 0.96 0.971 0.971 0.837 -

the results, we generated 1,432 subpopulation groups, which were then evaluated using the
fairness metrics.

Table A.13: Ranking Analysis in Ad Campaign

# Most Unfair ~ # Subgroups w. Bias against Males  # Subgroups w. Bias against Females

Subgroups (in Top 10% Unfair Subgroups) (in Top 10% Unfair Subgroups)
(Equal Cost of Effectiveness(Macro), 0.3) 427 0 44
(Equal Cost of Effectiveness(Macro), 0.7) 264 0 26
(Equal Choice for Recourse, 0.3) 2 10 66
(Equal Choice for Recourse, 0.7) 384 0 39
Equal Effectiveness 15 0 123
(Equal Effectiveness within Budget, 1.0) 1 0 42
(Equal Effectiveness within Budget, 5.0) 10 0 114
(Equal Cost of Effectiveness(Micro), 0.3) 427 0 44
(Equal Cost of Effectiveness(Micro), 0.7) 264 0 26
Equal(Conditional Mean Recourse) 108 9 74
(Fair Effectiveness-Cost Trade-Off, value) 15 0 128

Table A.14: Aggregated Rankings in Ad Campaign

(Equal Cost (Equal Cost (Equal Choice (Equal Choice Equal (Equal (Equal (Equal Cost (Equal Cost Equal(Conditional (Fair
of Effectiveness  of Effectiveness for Recourse, 0.3)  for Recourse, 0.7) i of of Mean Recourse)  Effectiveness-Cost
(Macro), 0.3) (Macro), 0.7) within within (Micro), 0.3) (Micro), 0.7) Trade-Off, value)

Budget, 1.0)  Budget, 5.0)

(Equal Cost of Effectiveness(Macro), 0.3) - 0.7 0.483 0.6 0.167 1.0 0.276 0.25 0.7 0.487 0.154
(Equal Cost of Effectiveness(Macro), 0.7) 0.25 - 0.35 0.333 0.082 1.0 0.21 0.25 0.5 0.506 0.079
(Equal Choice for Recourse, 0.3) 0.25 1.0 - 1.0 0.73 1.0 1.0 0.25 1.0 0.037 0.338
(Equal Choice for Recourse, 0.7) 0.5 0.65 0.333 - 0.296 0.851 0.385 0.5 0.65 0.566 0.273
Equal Effectiveness 0.25 0.5 0.333 0.333 - 1.0 0.205 0.25 0.5 0.002 0.001
(Equal Effectiveness within Budget, 1.0) 1.0 1.0 1.0 1.0 0.714 - 0.671 1.0 1.0 0.305 0.395
(Equal Effectiveness within Budget, 5.0) 0.25 0.5 0.333 0.333 0.001 1.0 - 0.25 0.5 0.002 0.001
(Equal Cost of Effectiveness(Micro), 0.3) 0.25 0.7 0.483 0.6 0.167 1.0 0.276 - 0.7 0.487 0.154
(Equal Cost of Effectiveness(Micro), 0.7) 0.25 0.5 0.35 0.333 0.082 1.0 0.21 0.25 - 0.506 0.079
Equal(Conditional) Mean Recourse 0.525 0.75 0.65 0.7 0.25 1.0 0.408 0.525 0.75 - 0.267
(Fair Effectiveness-Cost Trade-Off, value) 0.25 0.5 0.333 0.333 0.001 1.0 0.205 0.25 0.5 0.002 -
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