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2TOXAZTIKEZ AIAAIKAZIEZ & BEATIZTONOIHZH 2TH MHXANIKH MAGHZH
Avaykarotnta Me0odwv eXplainable Artificial Intellignece (XAl) (1/2)
https://link.springer.com/book/10.1007/978-3-030-68640-6

BLAGK -BOX WHITE -BOX
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[ERO KNOWLEDGE UL KNOWLEDCE
H akpifela (accuracy) dev eival apketn yia tnv enthoyn povieAouv Machine Learning (ML)

AvoTioTia XpnNoTwy - oXESLOOTWY - AVAAUTWY - PUOULOTWVY TIOALTIKAC OE KN EPUNVEVUCLUA
(uninterpretable) cuotpata anopacewv TUTMou black-box

Avaykalotnta pebodwv eXplainable Artificial Intelligence (XAl) w¢ tpog Ta KpLtpla
ANYPnc anodpaocswv & puOULONG LOVTEAOU TIPOC OXESLOOTEG - XPNOTEC CUOTNHATWY ML

AwkaloAoynon anoddoewv cuoTNUATWY ML o€ EPWTACELS XPNOTWV - TIEAATWYV YL
MPOOoWTILKA {nTApata rtou touc adopouv (local interpretations)

Avaykn yia cuykpttikn aétoAoynon features kat SikaloAoynon oxedLaoTikwy entAoywyv
LOVTEAOU, TIAPAUETPWV/UTIEPTIAPAUETPWV KATTL.

Avamtuén epyaleiwv amotunwong ocnuaotiag (importance) ko cuoxetioswv (correlations)
xopaktnplotikwy (features) oe ypadiko neptPariov, PpLALKO MPOC TOUG XPHOTEC


https://link.springer.com/book/10.1007/978-3-030-68640-6

2TOXAZTIKEZ AIAAIKAZIEZ & BEATIZTONOIHZH 2TH MHXANIKH MAOHZH
Avaykarotnta Me0odwv eXplainable Artificial Intellignece (XAl) (2/2)
https://link.springer.com/book/10.1007/978-3-030-68640-6

Problem

ML Pipeline

Decision or Why did the Al do that?
recommendation Why not something eise?
> When can | trust the Al?

User

ML Pipeline + XAl Prodiem

Decision or l
, recommendation Understanding Why
Trameng Data - > Undarstanding Why Not
Ask and receive Know when 10 trust Al
axplanations

User

Human in the XAl Loop
XAl


https://link.springer.com/book/10.1007/978-3-030-68640-6

2TOXAZTIKEZ AIAAIKAZIEZ & BEATIZTOMNOIHZH ZTH MHXANIKH MAOHZH
Oplopoi Epunvevopdtnrag - Interpretability & Emeénynowdtnrac - Explainability
https://link.springer.com/book/10.1007/978-3-030-68640-6
* Interpretability: Possibility of understanding the mechanics of an ML model,
but not necessarily knowing why
« Explainability: Understanding why

Question Interpretability  Explainability

Which are the most important features that are adopted to
generate the prediction or classification?

How much the output depends on small changes in the input?

Is the model relying on a good range of data to select the most = o
important features? ‘EXplalnablllty >
What are the criteria adopted to come across the decision? Inte rp retabil |ty

- — : (but not the opposite)
How would the output change if we put different values in a @
feature not present in the data?

What would happen to the output if some feature or data had
not occurred?

* Model describing the process of boiling water
« Task: Predict temperature given time

Temperature

Pt Napddewypo Aradopdc:
Movtélo Bpaopol Nepou

* Interpretable: YES
e Explainable: NO

Time

Temperature can be predicted, but the physics
of the boiling point cannot be directly explained


https://link.springer.com/book/10.1007/978-3-030-68640-6

2TOXAZTIKEZ AIAAIKAZIEZ & BEATIZTONOIHZH 2TH MHXANIKH MAGHZH
Ta§wvounon Texvikwv eXplainable Al (Taxonomy of XAl Techniques)

https://link.springer.com/book/10.1007/978-3-030-68640-6
- Intrinsic vs. Post-Hoc Models

* Intrinsic: Eyyevwg eppnvevolpa povtéa (.. Bapn oe Linear Regression, Gini Index yla
Stapopdwon Decision Trees, enibpaon features og tagvopnon Baon K-Nearest Neighbors)

e Post-hoc: H eme€nynon €netal tng pabnong - puOuLoNg mapapETpwy Kat adopd oto deiypa test
- Model Agnostic vs. Model Specific Post-Hoc Models

* Model Agnostic: Eneénynoeic aveéaptnta ano tn dour) povteAou anodpacewv (black-box) pe

aélohoynon €€66ou puBLOUEVOU CUOTAMATOC

* Model Specific: EmeénynoeLg yla GUYKEKPLUEVES TTOPAUETPOUC YVWOTOU HLOVTEAOU amodACEWV
- Global vs. Local Explainability

* Global: Epunveieg (interpretations) yia to oUvolo tou deiypatog

* Local: Epunveieg (interpretations) yla cuykekplpEVa SELYUATIKA OTOLXELQ



https://link.springer.com/book/10.1007/978-3-030-68640-6

2TOXAZTIKEZ AIAAIKAZIEZ & BEATIZTONOIHZH 2TH MHXANIKH MAGHZH
Ta§wvounon Texvikwv eXplainable Al (Taxonomy of XAl Techniques)
https://link.springer.com/book/10.1007/978-3-030-68640-6

- Intrinsic vs. Post-hoc Models
* Intrinsic: Eyyevwg eppnvevolpa povtéa (.. Bapn oe Linear Regression, Gini Index yla

Stapopdwon Decision Trees, enibpaon features og tagvopnon Baon K-Nearest Neighbors)

* Post-hoc: H eme€rynon €netal tng pabnong - pubuong moapapeTpwy Kat adopd oto deiypa test
- Model Agnostic vs. Model Specific Post-hoc Models
* Model Agnostic: Emeénynoeic aveéaptnta ano tn dourn poviéhou anodpaocswv (black-box) pe

aélohoynon €€66ou puBLOUEVOU CUOTAMATOC

* Model Specific: EmeénynoeLg yla GUYKEKPLUEVES TTOPAUETPOUC YVWOTOU HLOVTEAOU amodACEWV
- Global vs. Local Explainability

* Global: Epunveieg (interpretations) yia to oUvolo tou deiypatog

* Local: Epunveieg (interpretations) yla cuykekplpuEVa SELYUATIKA OTOLXELQ

Napadsiypa Intrinsic XAl Model: MpoPAcPelc NwAnoswv Smartphones / HAwkioo Ayopaotwyv

Number of Purchases

Fig. 2.6 A linear monotonic function gives simple, ready-to-go explanations with one global char-
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Fig. 2.7 With nonlinear non-monotonic function, we lose a global easily explainable model in
favor of an accuracy improvement


https://link.springer.com/book/10.1007/978-3-030-68640-6

ITOXAZITIKEZ AIAAIKAZIEZ & BEATIZTOMNOIHZH 2TH MHXANIKH MAGHZH
Model-Agnostic Mé0odou XAl
https://link.springer.com/book/10.1007/978-3-030-68640-6

* Pl (Permutation Importance)

* SHAP (Shapley Additive exPlanations)

* LIME (Local Interpretable Model agnostic Explanation)


https://link.springer.com/book/10.1007/978-3-030-68640-6

2TOXAZTIKEZ AIAAIKAZIEZ & BEATIZTONOIHZH 2TH MHXANIKH MAGHZH
Permutation Importance - Pl
https://link.springer.com/book/10.1007/978-3-030-68640-6

EmlotpEdEL KOTA OELPA TA TILO CNUAVTLKA XOPAKTNPLOTIKA (features) Tou delypatoc yla
npoPAEYeLc (predictions) Tou cuoTatog ML pe SLOOXLKEC OAVOKATATAEELG
(Permutations) Twv features delypaTIKWY OTOLXELWV LGOS0V

MéBodoc katataénc twv features (Permutation Importance - Pl) yia Post-Hoc, Global
Explainability oto &eiypa Testing (0L oto deiypa pabnong — Training Dataset)

Juykpivel tnv €€odo Tou cuotRpatog pe avakataén (reshuffling) tng oelpdg elcodou
EVOC YapaktnpLlotikoU (feature) delypatikol otolxeiov testing. Av mopatnpeital
onuavtikn dltadopd TO CUYKEKPLUEVO XAPAKTNPLOTLKO BEwpELTal ONUAVTIKO

Aev OUYKPLVEL TIHEC TWV features, amAd TIC TOEVOUEL KOTA OELPA avAAoya LE TNV
enibpaon otnv £€0do (prediction) tou cuoTANATOC

Aev amokaAUmtel cuo)etioelc (correlations) twv features

H emippon evog xapaktnplotikoU (feature) mou KOTATAXTNKE GOV CNUAVTLKO OTNV
avalntnon npoBAePnc punopet va amnetkoviletal pEow Partial Dependence Plot — PDP

H ypriyopn katatoén twv features KAl oto Training Dataset pmopet va emtoYUVEL TN padnon
aAyopiBuwv ML kot va pewwoel Kvduvoucg overfitting pe tnv dtoypadr pn onNUOVTLKWY
XOPOKTNPLOTLKWY (A KOl e TLUEC OPVNTLKEC) KaTta TNV puBULON (regularization) Twv datasets



https://link.springer.com/book/10.1007/978-3-030-68640-6

ITOXAZITIKEZ AIAAIKAZIEZ & BEATIZTOMNOIHZH 2TH MHXANIKH MAGHZH
Shapley Additive exPlanations — SHAP (1/3)
https://link.springer.com/book/10.1007/978-3-030-68640-6

H neBodoloyia SHAP adopd og ek TwV UOTEPWV (post-hoc) epunveia TG EMIPPONRGS XAPAKTNPLOTIKWY
(features) delypatikwyv otolxeiwv eLoodou (input sample points) otnv ééodo evog cuotrpatoc ML

AvadEpeTal o€ CUYKPLUEVO SELYHATIKO otolxeio eloddou (local prediction) peta tn Stadikaoia
Hadnonc (post-hoc), pe Baon ta dedopeva eloodou - e€660ou Kat OxL T SoUr) TOU LOVTEAOU TIOU €XEL
non pubulotei (model agnostic)

Baoiletal otic TLpEC Shapley mou eloriyaye to 1953 o Lloyd S. Shapley
https://en.wikipedia.org/wiki/Lloyd Shapley yio avalvon tng ouvelodopdc M MOLKTWV OE CUVEPYATLKA
OTOXQOTIKA Ttallyvia (stochastic cooperative games)

Avaloyia malktwv pe M features otn dtadikaoia amotipnong tng opLoknG ocuvelopopag TOUC OE
prediction otnv £€€060 cuotiuatog ML, pe Baon tig e€6doug y = fx(S) oe eloddoug X € X yia features
Tou neplopifovral oto untocUvolo S. Ta fy (S) ekTLWVTOL LECW TIPOCOUOLWHEVNG Sladikaciog
HaBnong yla delypatikd umoouvolo X (background set) oto puBuLopévo cuotnua ML (post-hoc)

Av @; elval n ouvelodopad tou feature i (Shapley Value) n cuvoAwkn cuvelopopd OAwv gival to
abpolopa Zﬁ‘io @; (6mou @, = constant) to omoio npéneL va enpeplobel ota M features avahoya e
1§ Shapley Values (BewpoUpe mwg oL @; eival aBpOoLOTIKEG Ko LETABAANOVTAL LOVOTOVLKA WG TIPOG TO
HEyebo¢ tnG ocuvelodopd Tou)
YrioAoylopog twv Shapley Values yia cuvelopopd tou feature i og Selypatikd onueio tou test dataset:
(M — [S] = D)!]S]! .
o=y S [ (S U () — f(S)]
SEN({i} M!
To aBpolopa unohoyiletat yla 0Aa ta utooUVoAa S Twv features ou dev mephapPBavouy tnv i, fx(S)
glval n €€060¢ e €icodo to untocuvolo S, evw To fy (S U {i}) — fx(S) eivat n cuvelodopd tng feature i
(M—|S|-D)!IS]!
|

O ouVTEAEOTNAG avVTaVvoKkAd Tov aplOpo cuvduaouwy UTTOoUVOAWYV Twv features


https://link.springer.com/book/10.1007/978-3-030-68640-6
https://en.wikipedia.org/wiki/Lloyd_Shapley

ITOXAZITIKEZ AIAAIKAZIEZ & BEATIZTOMNOIHZH 2TH MHXANIKH MAGHZH
Shapley Additive exPlanations — SHAP (2/3)
https://link.springer.com/book/10.1007/978-3-030-68640-6

SHAP Force Plot: NpoBAsdn Opnadac KaAvtepou Naiktn Aywva Uruguay — Russia

H npoPAedn pe cuotnua ML (Random Forest) adopd otov post-hoc mpoodLloplopo TG
mBavotntag o KAAUTEPOC akTng va avAkeL otnv opada tng Uruguay (local XAl)

Alepeuvaral n enidpaon (impact) otn mpoPAePn Twv xapaktnpLlotkwy (feature) et.codou TU.X.
«aplIuoc twv tepuatwy tnc Uruguay» ouykeKPLUEVOU Selypatikol otolxeiou (local XAl)

Me kOokkivo xpwpo opiotavtol ta features pe BTk cuvelopopa, T.X. «APLIUOC TWV TEPUATWV
™¢ Uruguay = 3»

Me xpwpuo prtAs ta features Pe apvnTikn cuvelopopd

To péyeboc TN BETIKAG 1 apvNTIKAG cuVELoPOPAC Elvall aAVAAOYO LLE TO UKOG TOU OXETLKOU
TUAUOTOC 0TO SLaypappa

H tun 0.52 yia tnv €€060 (miBavotnta o KaAUTEPOC aktng va avikeL otnv Uruguay)

OVTLOTOLXEL PUE TO ABPOLoUA TWV KOKKLVWV TUNUATWY peiov To aBpolopa twv UimAe. Eival Alyo
peyoAutepn amno to péco 6po 0.50 tnc andAvutng aoplotiac!

0.52

))'--—__I

Fig. 4.7 SHAP diagram that shows how the features impact on the match Uruguay-Russia. A
force diagram representing how much the features change the final value. For example we see that
“Goal Scored = 3” has the most impact for it pushes the final value to the right with the biggest
interval (Becker 2020)


https://link.springer.com/book/10.1007/978-3-030-68640-6

ZTOXAZTIKEZ AIAAIKAZIEZ & BEATIZTOMNOIHZH ZTH MHXANIKH MAOHZH

Shapley Additive exPlanations — SHAP (3/3)
https://link.springer.com/book/10.1007/978-3-030-68640-6

SHAP Summary Plot: MpoBAsdn Ouadac KaAvtepou Naiktn Aywva Uruguay — Russia

SUMMARY PLOT

* Alepeuvartatl n cuvelodopa
(impact) features
TIOAAQTTIAWYV SELYLATLKWY
oTolyelwv elcodovu (o€
puOuLopévo cuotnua ML)
HEoW emavaAnmtikwy local
UTTOAOYLOUWV TwV SHAP
Values (npog global
explainability), ue puéon
SHAP Value 0.0

MARBo¢ Selypatikwy
otolxelwv (umtoouvolo tou
test dataset): AplOUOC
KouKidwv oto dlaypoappa

Me KOKKLVO XpwuHa
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oTolyela pe peyaAa feature
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Fig. 4.8 SHAP diagram that shows the features’ ranking and the related impact on the match

prediction (Becker 2020)
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2TOXAZTIKEZ AIAAIKAZIEZ & BEATIZTOMNOIHZH 2TH MHXANIKH MAOHZH
Local Interpretable Model agnostic Explanation - LIME
https://link.springer.com/book/10.1007/978-3-030-68640-6

— Tpomnomnoinon tou deiypatog npog surrogate (avamAnpwUATIKA) SELYUATIKA oToLXEla (TT.X. HE
npooBnkn BopuBou Gauss) yia model agnostic avtiotoixion povtéAwv black-box pe poviéla
white-box Tou va SLleUKOAUVOUV TNV EpUNVELR EVOC VEOU SelypaTIKOU OTOLXELOU

— 2TOX0C N Lelwon dtaotdoswv (aplBUo features) Aoyw amaAoldnC TWV N CNUAVTIKWY
XOPOKTNPLOTLKWY KAl N UAOTIOINGN YPOUULKWY cuoTnUAatwy tpoPAEPewv (m.x. linear regression)

nou erubéxovral intrinsic interpretations

— Toa tpomorotn usva surrogate Gstyuauka oTolxeia amoktouv véa Bapn mou euvoouv
OUYKEVTPWOELG YUPW OTIO TO OTOLYXELDO TTPOC EpUNVELQ (Iocal interpretability), evw peLwvVOULV TNV
enidbpaon outliers yla eUkoAoug aAyopiBpouc ypapLKAC TaElVOUNONG

— To tpomornoltn uevo delypa rapexel eukoAotepn local mterpretablllty e Ayotepa features Ko
LKOLVOT[OLITELKr] OLKpLBELOL npoBAEPewv (accuracy) epodoov T KOVTIVA surrogate GTOLXELOL oev
€XOUV ONUAVTIKEG aTtOKALOELC (TT.X. EAdxLoto Mean Square Error) amo ta apyLKa

-
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—H
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I

Fig. 4.9 Schematics for LIME. The class outputs of the model are circles or crosses, and the
dimension reminds us of the weight, so distant points are weighted less (Ribeiro et al. 2016)
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Mpooeyyl{oupe TO SELYUATLKO OTOLXELO
X (Kevtpikog KOKKLvo¢ ZTaupog) e
«KOVTLVA» surrogate otolyeia, pe Bapn
avaAoya YE TNV AnooTacn WOoTE va
TIPOKUTITEL YPOULULKY Slaxwplolpotnta
(linear separability) otnv meploxn Tou X
o€ dUo kKAAoeLC: Zravpoi kot KUkAoL

To surrogate model sival intrinsically
explainable, TouhdxLotov otnv
YELTOVLIKN Tteploxn tou X (local XAl)



https://link.springer.com/book/10.1007/978-3-030-68640-6
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