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A survey of explainable artificial intelligence decision

KONG Xiangwei, TANG Xinze, WANG Ziming
(School of Management, Zhejiang University, Hangzhou 310058, China)

Abstract The performance of decision making by artificial intelligence has exceeded the capability of the
human being in many specific domains. Countries like China and the USA have promulgated artificial
intelligence development strategies and action plans to encourage the applications of artificial intelligence.
In the artificial intelligence decision-making process, the inherent black-box algorithms and opaque system
information lead to highly correct but incomprehensible results, which hinder the further development of
artificial intelligence. For the commercialization and popularization of artificial intelligence, the need for
explainability of intelligent decision-making is becoming more and more urgent. It is necessary to study
the transformation of black-box decision-making into a transparent process and establish trust between
humans and machines. From the perspective of system application and decision beneficiaries, this paper
focuses on the domestic and foreign-related research on four aspects: The basic concepts of explainable
artificial intelligence decision-making, explanation methods of black-box models, applications of explanation
methods in high-risk domains and explanation methods evaluation. Meanwhile, we state insights into future
research and development trends.

Keywords artificial intelligence; intelligent decision-making; explainable artificial intelligence; user trust;
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ST AT ERWIME. AL RRERFLN TR H sk, FevkREA B ENTs
. 2015 FEFEH A T RFABIRR BTN EY M, Sy AR, AEdRIsR. AEUE
FH. FEARAET eoBE AL, DB T HERA R AR, 2017 LR, N T REE LA RREEZR
B, EZR GO LA BE R ALY 21 “$ 2030 48, {3 E SO R E 8 A TR0 B 5
B, DASEECA R 2 E Z WAL TN T R BERESMATah iR, SEAETEARSE N TR AE
RIS TR AR, D R AR A S S . AMTAEA TR S osE
B, (H 2 AR om i R BRI AR E A V] R SRS Tl &, PEAS T N ATIXT R A 2R e Ay B AT Y P T4
fb. WA PR AR ARE, AR REEWE AP HAEEE RIS R, JOk T e sk oy i R At
2, FMER AN LR AR TN B3 E G258, XA LR RS SRR (5 BRI
i, JUHE A LUK AT REFATE TR ZE M W KU, IR A RE AT A EZE /BT BB, N RER SR
FIREFTEE AW, AR REH, FIEAE 2K, P ERARTE A Rk m R T
3. (HXF IR g A TR REAR L A nT A SR A TR 2 — (PR W TR R A . AR St SR i S M
BRI SR BN 5 B, (HIERE LA E R M Z s I 2 F ), NI 5 R G, FIEIZA S
TGS BREE T BRI B BN ERE, (HanEom ey B SR RE AR, SriERE R SEa B = 2 i)
TANLHERERS H ISR R A TR, (B AUUR? AT A0R? I AERR? X—RIA4m
A e R N TR RE KB B A TR Z IR PR AR, B AT A L ek G 4 52 2. 2018
AFRR B I BAER 444 (The EU General Data Protection Regulation, GDPR) B 4:%, & ER A T8
REFLE B A TR RA AT RA T RIS, JEAMEE, A TTRAHES) A TR R
B ST, (R AR A2 .

ASSCEEXT AT LR REDESR R A1y FTRRIENERTT, X B NAMBSCHTF R R #ATERR. B T E A
TR BEHCR T R A S TR, SH =70 N D RB DR AT R VA T T 2028, SRV R T Sl
e XU BE D SR T B A RE, SR Ja R N L BBV R A B PR AT 1 IR Ar, ZEb R B, RET A
TR REHOR TR AR TS .

2 ATEREUFRMMBLSF B4R
2.1 ATEHECIERMEIVE X

EF AN THREM R A AR W, 32 i TR 5 O iy MR R A S8k, ARF78 2R
N REDER A2 1 2 Y £ BT N R RE P AR A T 3. TR N LB RER H 93¢ Explainable Artificial
Intelligence, 3E DARPA T 2016 4421} Explainable Artificial Intelligence (XAI)P! 5 H 2 )5, FF iAo i
B2, TR B R AT AR HLAS S ) Interpretable Machine Learning (IML)IS). Rk, XAT BF5536E
HFET IML. BRIbZ A, BRI EETIRE: TTEMAE (interpretability) FITTf#RPE (explainability).
W B R B AR M A KR AL B R R BE ), e AURMRL R AT . W R O TR E N A SR RE
BRI RO, PR BRI CEERE RS S BTE A 7). T T-Re (UBUERL RS TR, T 5 A 3 5 AR
TR, FERFIICET, S8 SHIXFHMESIR AN B Arrieta SNFRZAMAEAHT XAI
B S O BIRERRE BT A F1, XAL H5 82 T LASR 4057 R R LA SRR S REAS BT L . VE I s SRARAY
FiA. S HiE, XAL HARIEHTA RERE R BT & 8 F P B A N L BB T Ry R 1O, s iRl g
SRR R SRR AR AL BB PO AR SIS R, A SCGA XAT W] RUE SCH: X8
REULR Z i, N LR BT R T LIS AR S AR A 7, DARTE . WM 77 =X, X8 Be ek R AR 0%
AR B BT RRR R 7. B R R S N T B SR A o mT R Ay DS AT, (4 1 P RS PR RIAR (5 sk
2.2 REFEMAE XAT BR

N LR BB B ST T [ 55 i B o SR, Maliee A ABEAL = A s 45 R, (H R BB LSRN 1
R FATRDL S KB RN, N TR RBUSRIEN A o, B VR AR BIUR, REM AR e, &
H B ERR, AR REE. FEX AN TR BE AT AR & R, R [E Y A SRARSCE M XAT i H AR A F 8. X
R SHICHE KB R 4 28 HRBFIE, &k LB, e mEmammf B 2RI E st
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XAL BAFI BT FHAIA LRGN R, UMM ESE SR, EVEERE V. ZRWRE
Feih XAL J7ik, RIEATHREFRIRR, WA HRF. JHR TR T LA WA XAT HARK
B AT XAL BT R G a R W, B LA R e s A 55 1208 B XAT HARMIZ
i P Z RIS, AR AAREUN . A e, RERSEIHE SRR BB & B fBA]
X XA FARM TR EZNERE, L6, AEFAEHR, KiE AT BORATEE ORI ANEH . B3R
PRI, i LS A o I, A5 BEREAEIEST XAT BRI A Bl 18, APl AT AL XAT iy
(I, Lo PSS T ATA LI M, R, SRATRREL A B EEESRSE. XAL By B2 RIE
B REUL R R RE R [RTI45 5 BR R FTARRAR AL, (KA BB B, (S AR E BN TR AR
Mg AR S BRI AEBE AR, X T XA #y BARE BA B —3. REBTR AN R REm b st LA T
BFRAGU “ MRRRRGESE 1, A SO DR, X XAL HArf 2 RS T

1) AI{FEE (trustworthiness). WFEESELS, MHEXT—DRFR, ABAHRHERER EEER, BF
BRI RUE L, JERE T RERY . PR HARRE.

2) A A (fairness). WAk K, SRALMIRRESE B (RIEBAIJOSR A TIURE ) [P XAT FTEAHERL
REAEHEATIE AT, PIRA R e IR L 1), XA HARR Pt P B B T E .

3) W[k (accessibility) MISZHME (interactivity). PIIAPEISHEEBENT, 20 M P EEE E 2 S 5F
By 1) S22 F P T AR ARELE s, 3RS — e iAW, d PRIRBIOSRIN 20 P % 45
BRI A TR R, XAT REFF B A TBEAR AN S 0.2 5B RE PSR 2 1.

4) 2RRR (causality). HFTHIHLAR T TR ZER T EIRZ MBI R MR AERERRR, H
AT A R B B SRR R T A AT e AR 9.

3 ATHRERR MR EYZIIR

AT B REPLSR Al R 07 MAEUT AR A B RS 5CTE, N2 A R TR SCRRR BT 1, W BR S DR Ry
TrRESERE. ASCNH PR M BEXT 1 T B AR BUAREEA T2, TS0 48 4 LA P s i 4 o A
B IINRIESh R AR . TP 5 T ERAR B R AR A LRI 2E. T P sk A X R 0 28,
HEEEIE AT BRGIORIRTT, WALIEAHRE T TTAUE R A 2R EX R L, SNSRI SRR R NI
AR PLRA RN, FE T RHIRBAFRCER AR TR AT D3, TRRARRE SO DR SRR AR R RS R4, A5
Wb T BRI
3.1 MRHERGIRFEHR

T AL RERR G R iR, AMTESEITIIRG, BE RSB ANAIE THEEMER. i CT
AR T A R IR T AT NS AT R AN AR R B B eri A, K P e R v ML R s 2 H HTRIT
TERARIBRREROAR. i TS ARR B A & AR T B, ARG LR BRI i Pt ] A L 2
RN TR ER TR, NI AARFE TR T R ARI L.

3.1.1 ETRmEEEIER

He I AR S B AR T P R IBE 2 X 2 4 IS T P ST, R RER e SR vy B B2 5 AR R i o R
HETTIR IR ERERIRRT N R, DRI AR R RA IR 2. JET 0B B 77 10l W REAE A AR B Y AR
PR, 153 BE ERACRRE. Zeiler SR M M4 £ R BRIV, i ICERBARGE] /R
gh U8 Simonyan S5 MMERE PSRN BERE, LU Z IR R R B, 18I
HIRRREEICIR (gradient)!'?). 25 Springenberg #H} T3#3d ReLU ARLRMES I BT R BE AR BE A%
REJTI: GuideBP J73% PO, 5 [ (4 BRI (R B T B0 BE S5 0TE (E R 0 IEMTRAY. 1l P RER S IR BE AR 22 I 2 1 3
LRSI R ReLU ML, EWTCRMCAEMIX, X8RI EY AT, TERREAEREE. Hit
Sundararajan % PU @1 T BUMHBEE (integrated gradients) 77, FI ST EHRTE— R HEMERI R _L A AEX B
JEAR R BRI B BN, fp il TR0 BETH S i TR AR A M Lt D7 ik A I ML S PRl Do
PR, MREIERE, JFTEE LB Z MBI BT (22, VarGrad ?8) J7 e F WP SR R TR 2 1R e A
HIRRREEA TSR Y, 720, s — R R T RENUA SR AEBREEMRSERRE T I, I EAR AL 56T
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% LRP®4| DeepLift >V FIH T [ Lifi FRASCEREIN, 5 T B3E ENHE R .
3.1.2 FE-TFHiEBTHORERE

XTI YA OE B A LRI IIA A G AR B L, DA MR A A A B . B JE
SHRRE T CAMES) 7 HkodE i Grad-CAMP7) il Grad-CAM++28] 25, CAM BB BU RIS 3 B 57
Yk, FHIRHRESK. Grad-CAM il Grad-CAM-++ F FTRLRLG X -80S BT (BRER) #BhRE (s Bt
FAE, KR, AT 20 CNN Balg%, ek 7 BSAAEFE R, S T AR ER BB m A
K. (HEEVIMEE 2, SIS EIARSH, ARSI AR, 4K Guided Feature Inversion 773 29 FIHBH AL
RIEAUAAE, A KA AL FRE, (HILT B BRI Grad-CAM §5/577%. Huang 88— %], I
BN RS &, B T B Rt B0
3.2 ETHMHINEREHRRFEHR

LR RR TR B 2 R G R NI R, TR BN 45 R A RHEE TR R, TR T R ERR
BIZSHMBH, B A RR. 52 dsamnd e NG A TR, o T sy 240
K, WK R B RRE
3.2.1 BEEERSE

T Rl sh ok £ B B Sl s AR MR R B As k. LIMERY 3 AR SR 75
IR HC R AR, A R B £ R sl A AU B, X RS RRTT =, LIME %y i By R R &
DI RACE, A R BRI T HesRk PR B i, X MR IE T IR SO | G S AR B 3 2 TR

4 o

LUE % il Bl MR L il Mg Rhi i b
S - Tulio Ribeiro cral (2016)

1 LIME F#ABRHEGRPHE SN LSS

Fong %42 Mask J7i% B2, SBi 0\ EHRER A X ey, SRAE NI T R 2 R A 1
N RERE. Petsiuk 52 MEHUAMFRREEE BN 5 I AR, MRIEAFBRR LA BATTIN 220 X
Hgk B9 Ribeiro 4% LIME R HARRUC I & B 5t B R, SR B sifgRe (anchor) i RTRARRE
H7, REFHEABONZE SRR if-then ARLNEILFHARERIAA REREA BY. Cui 45421 CHIP R
W 8] SEA PR W RS EE 0 RS, IS B5E I SR, T R R AR 2 R B
FE. X R R TC A BEAE RO R R R R R RIS, Guo SR T LEMNA J73k BSL R
BB AR Sk, (HARRERLRE, HETT Wagner SRR T ADRLEE R MSEARE A2 7). SHAPES)
EFUES T LIME % 6 o7k, FIFHEZRIR 1 Shapley Value #E R TIMIAHE 5THk(E i) S8 EEMI .

3.2.2 PUREHERESE

R EUERR AT A 2R B, BTSSR SR . Wojnowicz SE7ET AR
AR T 5 R SR B SR ik (10 Koh SRTERA R4k T 20t 3 U vl s B4 T B A (4],
Anirudh SE4H T R RE A I EA TREA RE A B T TR 121 Yeh SRR T —FhILEEX LA A
SRR BT W), AR R SR 55 AERB T Sk [41] A sk 07
5
3.3 ETHNARAERES AT R

YT ARET IR (6] R RN 22, M TAER AL A BRI, ARV F B R Pl AR O IR 4R R A
FI 2 B AR BN EATARRE, Wl LAMERRRESE AN P A A SORFE T AR R I8 AR 12
PR AR A BRI SIS R AR AR T 3. SR IR AR R DT v 1 RIS 2 2 28
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PREE T IR AL AR AL SIS AR R T2 ds: RSN B A, i iR, S, 1ERES
H BN ST R
3.3.1 NERANRIBERAVAFRE

1) R P A Uy e e

FUIMSEI A Ve iy B A SRR DA SRS R B IR B AT AR50, (o4 L A 0 0 R A 3 S0 AT Fy e
Rl R, R KT IR AR, B RTARRE IR R BN TN LA M AR, MR AL R
W BT H R AR, G5 & RN AR R ARE. & Rl SRR 71 vl 43 A o R 2821
IR N L ph e o 25 A 3 B B A T (0 E TR TR VAR L, BRI Ry B I Al — AR, 4 Sato
S NEHT CRED Jrik B, Aot IR AL A ] B UH R SRR B RO L, Zilke EafE—2B4RH
THT TR MZ M) DeepRED i U1 Jdi/b T WTES FIATTTERTIAL ol o 22 0 45 AR 0L
—RAE, R IR S A A IR PR, Augusta 8 KT LR2EH T RxREN J7ik 191, j
AT HH BT AN LS KDRuleEx i i 4 PSRRI M, MR P BS BB LB SRS 147

2) H PRI R

F1BH B FRSRE T A SRR AN SR st o] DA S e . SNIRZEIRE Hinton SRR AT —Ff
R R i B AR R s (48, AR RERELIR DI R 2 i 2 AR AR S B0 B A AR, Lin S s
W Ry AR, W AR R IRy R T 22t A 181 U TRl A8 L 1490, Tan S50 H A1 IRZRIB ISR iIGAM 1
g2 AR B0 A RS A R BE S L T IRIE. FIREPR RS R B TR EE R, M
W Z AR R, TS| TR Z [FFTERRAR, SR, DRI AR 20 & B R i R HIA.
Wang ZfA1IREER LSTM BURZE AR, IS MIRMBAIEF ML (KPRN) B B F13F A
R, WU EEA AR LA SR TR, S L P AT Ma S8R H 2 T AR B RN A
AR RuleRecl? | FE A KL EIFRWRIET, 36T LA HELEAT A TARE.
3.3.2 SMEREIRS | NBUAFRE

SRR T IA FEZ BRI AR CLAREE N, BT EAMME, EIATLGEE € L CAETIA
RSB R A S A P, BT, Kim S5\ TS CAV MEEWME RIS
TCAVES] HSRHI R — R T Y AT/ KA BB, IAAES “&RB0 MWF4r2K “BEDy pEE:. R
RIRZH & BIRYE, ARhS 53 INFR S FARMERRHEA A B 34k, RTRAETE SRR SR T 2 0
o HERSEIUTE AR, STEMEEE T AIRM AR YA, Bau SR H) T Network Dissection J7k, FISEIR
B A IS SO B IR FTH AR BE S IR —3K, S8 ToU M0l —3t: PY. Zhou SHHS &%
WOE R AR MR i B, ARPER ML B AL GradCAM Jrik, BRI A T 4
fif R Z S AL A R AL B0 DA B RSE . Ik, ARSE A A B N A RB DR SR i T R
AT T R, EENE TSR SR, (X 0 e iR B An i e E B, NRZ 8 A E
FIR, Bt PO TE T SR gLk IR e SR R SR fRs.
3.4 ERFEHENVHATHR

DRI SRR H AR [0 25 5 TR SRR P AR B S SRR AR SR B I R, RFIRL R RAVE MRy . 4SSO
824 1T R SRR I T ) D, LA SRtk F U 40 Dy 1 AR g TR SRAR R R e S0 g R SRA R T 2K
3.4.1 ETHRBEINERER

AR R SR A R A e N L BB AR 2 (%o B A SR Py TR SRR . 91 T R B o 2 1]
4% DNN HyZE AR R 25 M) [ AR (structural causal model, SCM), FH-38 5 B4 7 K SR HEBESR AL 1A A Hp 45
AR B R R REN. Zhao 45 S SERA T RUFARAMKEIE PDP MM ICE %, B EHA
PRI SRAE B ETTATH, AR FRER RSN, Parafita 5N T —F R0 EEFCRFREL T
VA R R AR USR, EAE M A A R R, AR RS R AR PR LAY e S R, 5 fe @t A i IR AR
AT T 5 .
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3.4.2 ETLHINARER

T I g TR SRR 1% B T AR A R S SR S LR A8 5 R S B S N At 4 RS R Y
S, S B AR A BN T A5 S S N R REA T B/ T SE R, AR AN IRT e L 4 SR 48] gl 72
HIE AL 15 S F IR A RAE L FT DAMBOBR S e/ Ny, DMEARB IR iR 2. 0 T 7 A I S i 48
T, Wachter % 581 38 T Fo e I IR VR —Fiohret H ShesRRR 2. Goyal SRR M ATk
T 0 A et 5 VA R 4 S S S SRR Tk %), Kanehiva SRR 2AES5, 4R T FIA ZBESE B A
JBC SRR i (00, SRR BTN T £ I S S A5 4y, Sl S AR IE AN $1 2 2 [T I 2 9275 4%
KA VT & R
4 ATERERR R By o] Rt 5ot iR

AT R RS VIR A S HETTE P20, A TR B RES A B rEE s R ISRV . 18
XU SR U, T R T e SR oA M B 2R, TP i U T RE g RS . B IR A A
a4 TECNZ RSP RE S BOEGE G 7ERNASEFT B AR R BRI AR TES RS
A REASHT R BN Z A BRI A R TR O, HrH = o8 GEou T R, S A 5. I, XAT
T e XSS BT SR ) T SRR S R, ASC I M i, REBTERBERYT . T ANB B, BRERIE
T RE B RO BB AT o RURL R BB LSRN L FT AR A ST 720 A
4.1 HEEETY

N LB GTE Ry S 5 th W U 2 i Bl R 212 . IR 5 N LRI 45 & 2 B T =ML #s,
NI REE F A B ACRMA S R, vTRAD A R ERTIR AR 02, 4 LR X6, CT S BRyy A=Az
EMGEE . BT BEITICR (BHR) il A DGR E R RIS EMIRAERE R . AP Tal r 8 A &
WG BN LR RS EEWEIRRIE, N L RERIATEE AR YGRS 1o R, et
AR B A FA LA AT 58, i) DR R A T 2 B B pe SRS P T A AR R 2 D R 8
Fh BT ERIFICREIE T O, W RBBE A LRRE + BT BPE A B s, I T ke
BFF I BABARRT 2. Zhang SR H T 7B L AL Lok Al e R4 MR 125 45 (MDNet) (65, Tang
T AR RFY R (WST) A AD AHSCHTIEMRERESCFIE AR AR ARE, A T Guided Grad-CAM
75k 1961, Sk [67) 45 /SR R IR, 28 A2 vt B FRSE AR AR B2 IR 1. AR L2 CAM. A
Grad-CAM R T8 5 S W L s il i RG22 2K 198], Karim 82T Deep COVID Explainer [i2
Wi R 9, R T 2020 4F COVID-19(FATDIIRREATR) B9 RESIT. B ITI T2 IR EE P 45 42 LT
13808 {3 A 16995 M X SEEEHEATZWI B, I Grad-CAMI, Grad-CAM++B4 LI K LRPEY J7
PN TR B 2 IR &P RdRe T2t T —4 COVID-19 BFMBN. Kim 45 TCAV fi#f
T FIAERE PR M R A AW/ Gk AL (70, TCAV J59k SR B BB A B A B e — 3K
(I, EREL] IR RE AL TSR IR, Cai S50 H CAV W7k T A By sk B R se iy TR MY,
T CAV W7k B St AfE s e A SRy 1 72

TERMBABIEN XAT A LG (73] #8177 R E4E. Rafi 5T ICU W FHEBBCRERTIMI, 3K
B TEREREE 7. Panigutti 53K T Doctor XAI RS S AR R4 ), SRAVIZREI UL = A a3l
TIFHATHERE. Li SRR T AR FRE R, X R il SRR AT 42 R — B30 A B I R B o e 22
35 176],
4.2 TABY

TR RN T KRR A T RS RGN L. )\ DARPA Mgkt 7™ G, C&F
T—RIBRZR, HRAMBREAT EARFHEEAEAHEE . HiTKSERABHEA R5
B TR S SIS, AR A VI TR, A BB R . Uber T AFEBUERAHGE
Waymo JE NBBHMNAZE S, Z5E AIAZEE, FEIX o NS B REHLE RS0 TR T K BUnsR 2.
XTI RN IO AR RE RS RERE, 18 A AL T AL T B 3 S B LR AR, Kim S5 A IR R
TR FE R AT IRAL 2 ST 790, {H 24 B LSS AR AT PSR ) B BB = A U k. I Kim 4§
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X BT T SRR R, SRR RA g A IR BSR4 xR fRe (79, saik [80)
MHLAIEE AR 2T AR SO SE X SAR R HAR A B rI R AT T3 18 B MR AR
Ji'H, Borgo SR THIM AT BLRIDSRAGAERE A B, Anjomshoae S%t i #REAY RIERIDLAF A HEAT T &
Gittfysrid 2. BRI EIEL S, AT RE RS, KRIRTETEVT 2 v B SR A

=i

Grad-cam++

A XL )

COVID-19 0.58 COVID-19

0.12 Normal

0.00 025 0.50 0.75

LIBSE

10.50 COVID-19

6.40 | Pneumonia

2 Deep COVID Explainer ¥ COVID-19 £EEiSETAVIEEE X SLEIEHERE

4.3 HREEA

B RE FVA U I E B XU B B, 7R A T REREA TR B I, YR R R e R0 AR B B A
R ke, XAL IR RIEA TR L REIOR RAZ M EE 53, FTLASS BRIk i BUA i L B8 R A
FRgLEdR. BHET AL ZERIESUSEY Y R 24 AR ZE IR, Lakkaraju SEEHRFIRBER DM, ) LN
SETIRHENL T 5 BB AR, B AR T Bl B4, Zeng 5 HBRB AR HERBUEA (SLIM) #2ar
TN FRACA FAC TR AR G ), e 0 [ T LUGR R B 4 eI AR vE. SHBh B COMPAS 2
— A RARE, WU E W — R G2 KIS BT COMPAS JERDLALE, —Boks HAER
EFRIEI RS, Sk 59 5 IR R SEE A . Dodge %5 F 8 [ [IAAI%2 5] COMPAS
AR EIR, R AR R B, BURMEAMTS IR COMPAS HUES T f#R (57, Tan X4 =] IEAESCH)
BRI IR ZEIRN I vE, MRS I iR ge . A2 ) R EESEM ProPublica FHLIRXUE
PRAEEEESE B BT TR B, BOTE T AR IR T IR B R 2 e AR TG R O
(LS.
4.4 HHEESR

UANTEREANERWEIF B, IETEHESIES SR, 2R er R, (HAE R eRk
RARRES FEORE W AEIE . SRS W XMESEFTIPRR, FIEXHE G SR SRR i ). Thomas
SR 2R SRR A PSR AT T A B OO, 3o 2244 TIR @ Shapley {EAFRAIC
PIBTEE LIARAL 1000, 7ESCk [91] H 3 E B (QIL) SAEIHAVRFAERN, FAnEE SO g A Fhigok
FERIE B R A SRR AR, Lecue SR T 45615 XM N T REGR RS (ATFS)!, T A%
PR AT TT 0 7 S AT B0, SOk (93] #2487 FMUAESHNE (BRB) SEB S F0R S g 5 2k ]
R N D RBULSR SRR R G, AR G0 F] DA S0 AL U 9 EE AT R w584 T B P ) STRRSR AR S 2 Bk
HITE DR S E5E. Bussmann 42 T FIFA5 08 I SECT-G (5 SRR 5 SEXURLY ARk A\ T A 04
BARIR A Shapley MRS I PPSEAT BN, B RTTESRTT M A L8 REfRE SO Th R 80

5 ATERETTHER AT
N BETERITIAR BB HTATIA LB R, BT AT T XA WIHEC2F T, (H2
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R TE RS — IR RS . SRR ARSI B e T IR T AT B S kg, 3R
SR B AL R MR A & B R = S — R, B — R I, RF SRR AR 00,
ASCRF XAT By PEAE R AR 7 R TPl A 2 W PR P 2.
5.1 FUAFEMNTRAE

FMRPEAL S A F XAT R NN AL, ARG MRE I RAFEE, SR S B, MRt i AR,
SR EAREE, AT PR e 5 (739697 SO edR Ao v LA s 2R se b i e i, 4 I A EA
fHAERERT Jian SN %) JHM ARG HILE MBS 2 A 7399100 SR, Bucinca 2 A 10U B354
HEMPEAEFEAERZ RS, B A PN 8 RGN — @ 28 RIS, FrlAkt XAT 200
PR BI G R AT REJCIA TS F XAL RAEHATEPRISRAE SRR, B RIS PG FE ) IE 2RI
B/, mAEH XAL S AHF s H 2Ozt . AL BEER et s H L & 5.
5.2 FWAVEMERR

HETAIBFFT BB AL XAL PERFFE & AR L. B AR PR (R BLRE () (B B 2 75 LS Sk
JERORL), R ZREE U102 (iRt E SRS e 19 (SrE MR B A S M A e E XA
APridy) 45 £EXE—He bR, AEPEE MR T ORRE PG 7R, BIA0SCEk [104] FETHEhE D (in)fidelity
5 sensitivity BiMEEHEFR, SCHE [105] $2H; AIC 1 SIC B H8HR AT R B RS FI SR 1. A< SOBFAT iR
BNPEAE 4 A LA TV 85—l M SR S L A, IR TCAVES 4R TS
MIhL, HASEE T REARI B AR, P A AR oG S SR PA G AR 01, A5 B AR (I VE . STk [106] A T
2P AL FRRE I BR A, 2 TR By B e AR AL R 43 21, IR ARRAS 2R AT AL X Ground
Truth masks WJ3SH U AR MERRTE. 25 SO @ O EMERUR BN P-AY. BB RN 7R & T ¥
A TE I, MERA T, DR B R4 WA M F bR a BT R, S B PR AR A B b . MG e g 1071,
SCHk (6] PR AZ A, REEMUUIRE. SCHR [108] $2H T REUR N PEAE RS AR, @ T oAk
TR B/ N S 2 AR DG, B BRI VERR . SCR [109] SEE Xt X Z8 A B R H BB Y AR AR
HIANEE, M ARy “IRE T . =l B BR a3 R s B B BHR B SR PR X 40 2Ry SCk [110]
BRI T ROAR #5475, WM B EEE TSR TEAIFME R iRasmiIgs, Somk(111] 420 T4
whtats, MER b DEARIEIRER Z SN 200 1 b, FISOE BB L. R
B R SRR i R 2 2 T I S S B AR, X T3 R 10 B A — MRl A ol B S SRR A S SR R Al £
Mothilal % 12] 35 7R AR REASHN I 2 SRe A 1 P2k — A5 B /0 230 e TN A 2851, iz fks
&5 IR AR R B R T HE, A ARG B R WU S 2 SRR A AR B 3o S S SRR IR RO R IEAG I
W BN T XA TR R Kusner S48 H — MR A THSR TR T F30i brr 113). Zhang ST
—FhdgtroR e IR A TE, HAT R & L EBUY . MBSO R BSOS, = Fi A 5% 18 5y
i M 22 BEAR, | T PSR W B A B AR —Ert, XAT SEANH5 AR B SRR, R
XA R WA, WARPESRAL 5535 T FE a2 SCRIEEL.

6 ATEHRERRUMREIIRRATES

TR N LAV RE XAL IT4RIR T T B #4253 XAL (IFFEH, BUVIERERRF Tt 10 4k TR
RO A, BT AL RS XAT g MO (B, XA BB TR B, AN AR
WRTHE TR R, FFFERADIIT, A A REHL R AT SR AR BIE 5T 07 [ 64T T R

1) N T REARRED IVRRANSE (oA, TERHE - B - PSR MEUT, AN LA R SR A B e
PR, BT U DL SRR X TR XU N T RE DR A 5 BRARRE, I AR R R B T PR, R ZE AT A Rt
2 DHRER AN HAFERRA G

2) NIRREMFRETRA A EHSRIMET AN, BRI KRBT, TRADFTE SRR A PR
BHEVSRN AL RPAZ IR R AMACEAE, A BRRA L RARA SRR A 0. N TSR
AR RGLEITIG G, MRA T ESS SEINTE RSN Y+, AREBRE8. SRFMEA
NEDHINTERE AR, 40 A S B Bl BUREA 224, ] 24 B A5 L B sRA.



532 Ao TRAERS LK %A%

3) N LB RETT AR S e il B AR RS, ) R G R AR 2 LN P TR e v T 2 i
B DCSRAT IR, T R REARIEN T LA E Z R AR R T ORI E R B XAT 25 AR iy [,
BRI H R R 28 DR

4) X PR SRR TR, SRR R ATRA 7, DRSPS i A R ) ARG 1Y
fikE, B AL A RIRS & B0 RE DR AT e

5) ¥ XAT AN T REEEHESNLE . N TR REnI R ASCBOR R E M A e E, FERIBIIE
YRR IREEOR, & HIHPPE N L BE R At AR FRTE.

7 H

-0

Ao T N TR REVRSR W] AR R NI R, B M T RE SR T R 2R A . LR
TPk E XL AR R R T IE PRI S8 4 AN J7 T ST X I ARG FE A T47 08, B I T N LA R
RAMERAEARRHIBI 717, WASCEERI N HE, JET BT EREIER XAT SRR 78 TR
HYHCEL, T JC A 2 B U AL R PEAR AR B L RO T TH AL e B AL PR IR BE 2 My s i e, R
BT RAETET SIALIE SR XAT HFFE. X RlESURIT =, XAL BORMEH] T2 8 RALRI 2 F-F1 o,
A AL XAT BAHRR B S AR R ETER R L, LMRHERNERIE A LE. SRS, XAT HARE 2N
AFARRIBI . KPS EET7T, TS B o] Bk S T (S AR RO, B AT 4B TR
AR, XTImO B AR AE T My RSB al R e A R TE B ELE. 48 LT, ARFTE DR
ZAMAEE, MUFRTIRSH RS FEEE, oA SN A L RIS T R T T SRk it
5T PR T BT AR LA AR E X, AR GE M SR A OCE AN F A T XAL BFRRIFSR, 50T XAI
BRI T ZER AR H AR, ZEEEEN L, XF XAT AR g2 B E “CT 0 Al
BEITR XGRS SRR Ik, 2 TRIRB IR LM U R R 5. A SR, X XAL £
ARLEAV TR TS T PR R, R T BRYY . TTAE R SR RENAN D B RIS B R . A TR
RESRIR AR AR WA AU AT R A BRI B TETT 1], B FEAOUAT LA E N T BB IR W A 8, AT
PN TR RERGAEZ IR TR RAE A, T AR R R Z A, T RN TR ARIRES
{82 A B B RARRFT AT R, S E R A TR RER S iy Puds A A R, R BB R L

S0

(1] Brert. ESBEEIA CIEHEREOR & RITEh4(%E) [EB/OL]. [2015-09-05].
http://www.gov.cn/xinwen/2015-09/05/content_2925284.htm.

[2] E&b:. ESBeTE R —UATE A RMLIREA [EB/OL]. [2017-07-20].
http://www.gov.cn/home/2017-07/20/content_5212053.htm.

[3] European Union. General data protection regulation (GDPR)[EB/OL)]. [2018-05-25]. https://gdpr.eu/tag/gdpr/.

[4] Mueller S T, Hoffman R R, Clancey W, et al. Explanation in human-AI systems: A literature meta-review,
synopsis of key ideas and publications, and bibliography for explainable AI[R]. Report on Award No. FA8650-
17-2-7711, DARPA XAI Program, 2018.

[5] Gunning D. Explainable artificial intelligence (XAI)[R]. Report for DARPA XAI Program, 2017.

[6] Du M, Liu N, Hu X. Techniques for interpretable machine learning[J]. Communications of the ACM, 2019, 63(1):
68-77.

[7] Guidotti R, Monreale A, Ruggieri S, et al. A survey of methods for explaining black box models[J]. ACM
Computing Surveys, 2018, 51(5): 1-42.

[8] Preece A, Harborne D, Braines D, et al. Stakeholders in explainable AI[C]// AAAI FSS-18: Artificial Intelligence
in Government and Public Sector Proceedings, 2018.

[9] Arrieta A B, Diaz-Rodriguez N, Del Ser J, et al. Explainable artificial intelligence (XAI): Concepts, taxonomies,
opportunities and challenges toward responsible AI[J]. Information Fusion, 2020, 58: 82-115.

[10] Gunning D, Stefik M, Choi J, et al. XAI — Explainable artificial intelligence[J]. Science Robotics, 2019, 4(37):
eaay 7120. doi: 10.1126/scirobotics.aay7120.
[11] Bhatt U, Xiang A, Sharma S, et al. Explainable machine learning in deployment[C]// Proceedings of the 2020

Conference on Fairness, Accountability, and Transparency, 2020: 648-657.



4 23] fLFRLE, % A\ TR REUSR TR BT e SRk 533

[12]

[13]

14]
[15]
[16]
7]
18]
[19]
[20]
21]

[22]

23]
[24]
[25]
[26]
27]

[28]

[29]

[30]

31]

32]
[33]
[34]
[35]

[36]

Samek W, Wiegand T, Miiller K R. Explainable artificial intelligence: Understanding, visualizing and interpreting
deep learning models[J]. ITU Journal: ICT Discoveries, 2017, 1(S1): Article 5.

QSF, ZEikEE, MR, & YA RO, NS ZemRSE [J). iEVFR S KR, 2019, 56(10):
2071-2096.

JISL,LiJF,DuTY, et al. Survey on techniques, applications and security of machine learning interpretabil-
ity[J]. Journal of Computer Research and Development, 2019, 56(10): 2071-2096.

Miller T. Explanation in artificial intelligence: Insights from the social sciences[J]. Artificial Intelligence, 2019,
267: 1-38.

Malik N, Singh P V. Deep learning in computer vision: Methods, interpretation, causation, and fairness[M]//
Operations Research & Management Science in the Age of Analytics. INFORMS, 2019: 73-100.

Murdoch W J, Singh C, Kumbier K, et al. Interpretable machine learning: Definitions, methods, and applica-
tions[J]. PNAS, 2019, 116(44): 22071-22080.

Miller T, Howe P, Sonenberg L. Explainable AIl: Beware of inmates running the asylum or: How I learnt to stop
worrying and love the social and behavioral sciences[C]// IJCAI Workshop Explainable AI (XAI), 2017: 36-42.
Zeiler M D, Fergus R. Visualizing and understanding convolutional networks[C]// European Conference on
Computer Vision, 2014: 818-833.

Simonyan K, Vedaldi A, Zisserman A. Deep inside convolutional networks: Visualising image classification models
and saliency maps|[C]// Workshop at International Conference on Learning Representations, 2014.
Springenberg J T, Dosovitskiy A, Brox T, et al. Striving for simplicity: The all convolutional net[C]// Interna-
tional Conference on Learning Representations, 2015.

Sundararajan M, Taly A, Yan Q. Axiomatic attribution for deep networks[C]// Proceedings of the 34th Inter-
national Conference on Machine Learning, 2017: 3319-3328.

Du M, Liu N, Song Q, et al. Towards explanation of DNN-based prediction with guided feature inversion[C]//
Proceedings of the 24th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining, 2018:
1358-1367.

Adebayo J, Gilmer J, Goodfellow I, et al. Local explanation methods for deep neural networks lack sensitivity
to parameter values[C]// International Conference on Learning Representations, 2018.

Bach S, Binder A, Montavon G, et al. On pixel-wise explanations for non-linear classifier decisions by layer-wise
relevance propagation[J]. PLoS ONE, 2015, 10(7): e0130140.

Shrikumar A, Greenside P, Kundaje A. Learning important features through propagating activation differ-
ences[C]// Proceedings of the 34th International Conference on Machine Learning, 2017: 3145-3153.

Zhou B, Khosla A, Lapedriza A, et al. Learning deep features for discriminative localization[C]// Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition, 2016: 2921-2929.

Selvaraju R R, Cogswell M, Das A, et al. Grad-CAM: Visual explanations from deep networks via gradient-based
localization[C]// Proceedings of the IEEE International Conference on Computer Vision, 2017: 618-626.
Chattopadhay A, Sarkar A, Howlader P, et al. Grad-CAM++: Generalized gradient-based visual explanations
for deep convolutional networks[C]// 2018 IEEE Winter Conference on Applications of Computer Vision. IEEE,
2018: 839-847.

Du M, Liu N, Song Q, et al. Towards explanation of dnn-based prediction with guided feature inversion[C]//
Proceedings of the 24th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining, 2018:
1358-1367.

Huang Z, Li Y. Interpretable and accurate fine-grained recognition via region grouping[C]// IEEE Conference
on Computer Vision and Pattern Recognition, 2020.

Ribeiro M T, Singh S, Guestrin C. “Why should I trust you?” Explaining the predictions of any classifier[C]//
Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining,
2016: 1135-1144.

Fong R, Vedaldi A. Interpretable explanations of black boxes by meaningful perturbation[C]// 2017 IEEE Inter-
national Conference on Computer Vision. IEEE, 2017.

Petsiuk V, Das A, Saenko K. Rise: Randomized input sampling for explanation of black-box models[C]// British
Machine Vision Conference (BMVC), 2018.

Ribeiro M T, Singh S, Guestrin C. Anchors: High-precision model-agnostic explanations[C]// Proceedings of the
32nd AAATI Conference on Artificial Intelligence. Palo Alto, CA: AAAI Press, 2018.

Cui X, Wang D, Wang Z J. CHIP: Channel-wise disentangled interpretation of deep convolutional neural net-
works[J]. IEEE Transactions on Neural Networks and Learning Systems, 2020, 31(10): 4143-4156.

Guo W, Mu D, Xu J, et al. LEMNA: Explaining deep learning based security applications[C]// Proceedings of
the 2018 ACM SIGSAC Conference on Computer and Communications Security, 2018: 364—379.



534

Ao TRAERS LK % 4%

37]

38]
30]
[40]
ja1]
[42)
43]
ja4]
5]
6]

[47]

[48]
[49]
[50]
[51]
[52]
[53]
[54]
[55]
[56]
[57]
[58]
[59]
[60]

[61]

[62]

[63]

Wagner J, Kohler J M, Gindele T, et al. Interpretable and fine-grained visual explanations for convolutional
neural networks[C]// Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2019:
9097-9107.

Lundberg S M, Lee S I. A unified approach to interpreting model predictions[C]// Advances in Neural Information
Processing Systems, 2017: 4765-4774.

Cook R D, Weisberg S. Characterizations of an empirical influence function for detecting influential cases in
regression[J]. Technometrics, 1980, 22(4): 495-508.

Wojnowicz M, Cruz B, Zhao X, et al. “Influence sketching”: Finding influential samples in large-scale regres-
sions[C]// 2016 IEEE International Conference on Big Data, IEEE, 2016: 3601-3612.

Koh P W, Liang P. Understanding black-box predictions via influence functions[C]// Proceedings of the 34th
International Conference on Machine Learning, 2017: 1885-1894.

Anirudh R, Thiagarajan J J, Sridhar R, et al. Influential sample selection: A graph signal processing approach|[R].
2017. https://dblp.org/rec/journals/corr/abs-1711-05407.

Yeh C K, Kim J, Yen I E H, et al. Representer point selection for explaining deep neural networks|[C]// Advances
in Neural Information Processing Systems, 2018: 9291-9301.

Sato M, Tsukimoto H. Rule extraction from neural networks via decision tree induction[C]// International Joint
Conference on Neural Networks, IEEE, 2001, 3: 1870-1875.

Zilke J R, Mencia E L, Janssen F. DeepRED — Rule extraction from deep neural networks[C]// International
Conference on Discovery Science, 2016: 457-473.

Augasta M G, Kathirvalavakumar T. Reverse engineering the neural networks for rule extraction in classification
problems[J]. Neural Processing Letters, 2012, 35(2): 131-150.

Sethi K K, Mishra D K, Mishra B. KDRuleEx: A novel approach for enhancing user comprehensibility using rule
extraction[C]// 2012 Third International Conference on Intelligent Systems Modelling and Simulation. IEEE,
2012: 55-60.

Hinton G, Vinyals O, Dean J. Distilling the knowledge in a neural network[C]// NIPS Deep Learning and
Representation Learning Workshop, 2015: 1-9.

Liu X, Wang X, Matwin S. Improving the interpretability of deep neural networks with knowledge distillation[C]//
2018 IEEE International Conference on Data Mining Workshops (ICDMW). IEEE, 2018: 905-912.

Tan S, Caruana R, Hooker G, et al. Distill-and-compare: Auditing black-box models using transparent model
distillation[C]// Proceedings of the 2018 AAAI/ACM Conference on Al, Ethics, and Society, 2018: 303-310.
Wang X, Wang D, Xu C, et al. Explainable reasoning over knowledge graphs for recommendation[C]// Proceed-
ings of the AAATI Conference on Artificial Intelligence, 2019, 33: 5329-5336.

Ma W, Zhang M, Cao Y, et al. Jointly learning explainable rules for recommendation with knowledge graph|[C]//
The World Wide Web Conference, 2019: 1210-1221.

Kim B, Wattenberg M, Gilmer J, et al. Interpretability beyond feature attribution: Quantitative testing with
concept activation vectors (TCAV)[C]// International Conference on Machine Learning, 2018: 2668-2677.

Bau D, Zhou B, Khosla A, et al. Network dissection: Quantifying interpretability of deep visual representa-
tions[C]// Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2017: 6541-6549.
Zhou B, Sun Y, Bau D, et al. Interpretable basis decomposition for visual explanation[C]// Proceedings of the
European Conference on Computer Vision (ECCV), 2018: 119-134.

Zhao Q, Hastie T. Causal interpretations of black-box models[J]. Journal of Business & Economic Statistics,
2021, 39(1): 272-281.

Parafita A, Vitria J. Explaining visual models by causal attribution[C]// XAIC Workshop at International
Conference on Computer Vision, 2019.

Wachter S, Mittelstadt B, Russell C. Counterfactual explanations without opening the black box: Automated
decisions and the GDPR|[J]. Harvard Journal of Law & Technology, 2017, 31: 841.

Goyal Y, Wu Z, Ernst J, et al. Counterfactual visual explanations[C]// International Conference on Machine
Learning (ICML), 2019: 2376-2384.

Kanehira A, Takemoto K, Inayoshi S, et al. Multimodal explanations by predicting counterfactuality in videos[C]//
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2019: 8594-8602.

Rudin C, Carlson D. The secrets of machine learning: Ten things you wish you had known earlier to be more
effective at data analysis[M]// Operations Research & Management Science in the Age of Analytics. INFORMS,
2019: 44-72.

Yu K H, Beam A L, Kohane I S. Artificial intelligence in healthcare[J]. Nature Biomedical Engineering, 2018,
2(10): 719-731.

Che Z, Purushotham S, Khemani R, et al. Interpretable deep models for ICU outcome prediction[C]// AMIA
Annual Symposium Proceedings. American Medical Informatics Association, 2016: 371.



4 23] fLFRLE, % A\ TR REUSR TR BT e SRk 535

[64]

[65]

[66]
(67]
[68]
[69)]
[70]

[71]

[72]

[73]

[74]

[75]

[76]
[77]
[78]
[79]

[80]

[81]

[82]

[83]
[84]
[85]
[86]
[87]

(8]

Karatekin T, Sancak S, Celik G, et al. Interpretable machine learning in healthcare through generalized additive
model with pairwise interactions (GA2M): Predicting severe retinopathy of prematurity[C]// 2019 International
Conference on Deep Learning and Machine Learning in Emerging Applications (Deep-ML). IEEE, 2019: 61-66.
Zhang 7, Xie Y, Xing F, et al. Mdnet: A semantically and visually interpretable medical image diagnosis
network[C]// Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2017: 6428—
6436.

Tang Z, Chuang K V, DeCarli C, et al. Interpretable classification of Alzheimer’s disease pathologies with a
convolutional neural network pipeline[J]. Nature Communications, 2019, 10(1): 2173.

Zhang Z, Chen P, McGough M, et al. Pathologist-level interpretable whole-slide cancer diagnosis with deep
learning[J]. Nature Machine Intelligence, 2019, 1(5): 236-245.

A5l GRS T LR S R O s BT ERAERTSE (D). Wa/RIEE: W/RIET LR, 2019.

Karim M R, Déhmen T, Cochez M, et al. DeepCOVIDExplainer: Explainable COVID-19 Diagnosis from Chest
X-ray Images[C]// 2020 IEEE International Conference on Bioinformatics and Biomedicine (BIBM). IEEE, 2020:
1034-1037.

Kim B, Wattenberg M, Gilmer J, et al. Interpretability beyond feature attribution: Quantitative testing with
concept activation vectors (TCAV)[C]// International Conference on Machine Learning. PMLR, 2018: 2668
2677.

Cai C J, Reif E, Hegde N, et al. Human-centered tools for coping with imperfect algorithms during medical
decision-making[C]// Proceedings of the 2019 CHI Conference on Human Factors in Computing Systems, 2019:
1-14.

Arvaniti E, Fricker K S, Moret M, et al. Automated gleason grading of prostate cancer tissue microarrays via
deep learning[J]. Scientific Reports, 2018, 8(1): 1-11.

Payrovnaziri S N, Chen Z, Rengifo-Moreno P, et al. Explainable artificial intelligence models using real-world
electronic health record data: A systematic scoping review[J]. Journal of the American Medical Informatics
Association, 2020, 27(7): 1173-1185.

Rafi P, Pakbin A, Pentyala S K. Interpretable deep learning framework for predicting all-cause 30-day ICU
readmissions[R]. Tech. Rep, 2018.

Panigutti C, Perotti A, Pedreschi D. Doctor XAI: An ontology-based approach to black-box sequential data clas-
sification explanations[C]// Proceedings of the 2020 Conference on Fairness, Accountability, and Transparency,
2020: 629-639.

Li Y, Fujiwara T, Choi Y K, et al. A visual analytics system for multi-model comparison on clinical data
predictions[J]. Visual Informatics, 2020, 4(2): 122-131.

Montemerlo M, Becker J, Bhat S, et al. Junior: The stanford entry in the urban challenge[J]. Journal of field
Robotics, 2008, 25(9): 569-597.

Ziegler J, Bender P, Schreiber M, et al. Making bertha drive-an autonomous journey on a historic route[J]. IEEE
Intelligent Transportation Systems Magazine, 2014, 6(2): 8-20.

Kim J, Rohrbach A, Darrell T, et al. Textual explanations for self-driving vehicles[C]// Proceedings of the
European Conference on Computer Vision (ECCV), 2018: 563-578.

FRHBAE, sRHHE, ASCHE, 45 SAR MR H R U8 rT AR BRI (). BRik%EAR, 2020, 9(3): 462-476.

Guo W W, Zhang Z H, Yu W H, et al. Perspective on explainable SAR target recongnition[J]. Journal of Radars,
2020, 9(3): 462-476.

Borgo R, Cashmore M, Magazzeni D. Towards providing explanations for AI planner decisions[C]// IJICAI/ECAI
2018 Workshop on Explainable Artificial Intelligence (XAI), 2018.

Anjomshoae S, Najjar A, Calvaresi D, et al. Explainable agents and robots: Results from a systematic litera-
ture review[C]// 18th International Conference on Autonomous Agents and Multiagent Systems. International
Foundation for Autonomous Agents and Multiagent Systems, 2019: 1078-1088.

Deeks A. The judicial demand for explainable artificial intelligence[J]. Columbia Law Review, 2019, 119(7):
1829-1850.

Lakkaraju H, Rudin C. Learning cost-effective and interpretable treatment regimes[C]// Artificial Intelligence
and Statistics, 2017: 166-175.

Zeng J, Ustun B, Rudin C. Interpretable classification models for recidivism prediction[J]. Journal of the Royal
Statistical Society: Series A (Statistics in Society), 2017, 180(3): 689-722.

Rudin C. Stop explaining black box machine learning models for high stakes decisions and use interpretable
models instead[J]. Nature Machine Intelligence, 2019, 1(5): 206-215.

Dodge J, Liao Q V, Zhang Y, et al. Explaining models: An empirical study of how explanations impact fairness
judgment[C]// Proceedings of the 24th International Conference on Intelligent User Interfaces, 2019: 275-285.
ProPublica. Data and analysis for “Machine Bias” [EB/OL]. https://github.com/propublica/compas-analysis,
2017.



536 Ao TRAERS LK %A%

[89] Tan S, Caruana R, Hooker G, et al. Distill-and-compare: Auditing black-box models using transparent model
distillation[C]// Proceedings of the 2018 AAAI/ACM Conference on Al, Ethics, and Society, 2018: 303-310.

[90] Thomas L, Crook J, Edelman D. Credit scoring and its applications[M]. Society for industrial and Applied
Mathematics, 2017.

[91] Bracke P, Datta A, Jung C, et al. Machine learning explainability in finance: An application to default risk
analysis[R/OL]. (2019-08-09). https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3435104.

[92] Lecue F, Wu J. Explaining and predicting abnormal expenses at large scale using knowledge graph based rea-
soning[J]. Journal of Web Semantics, 2017, 44: 89-103.

[93] Sachan S, Yang J B, Xu D L, et al. An explainable AI decision-support-system to automate loan underwriting[J].
Expert Systems with Applications, 2020, 144: 113100.

[94] Bussmann N, Giudici P, Marinelli D, et al. Explainable Al in fintech risk management[J]. Frontiers in Artificial
Intelligence, 2020, 3: 26.

[95] SRR, XIEEH, FfHe, & BUREEE: BR Gk [J]. R TR 592, 2020, 40(8): 2116-2149.

Wu J J, Liu G N, Wang J Y, et al. Data intelligence: Trends and challenges[J]. Systems engineering — Therory
& Practice, 2020, 40(8): 2116-2149.

[96] Weitz K, Schiller D, Schlagowski R, et al. “Do you trust me?” Increasing user-trust by integrating virtual agents
in explainable AT interaction design[C]// Proceedings of the 19th ACM International Conference on Intelligent
Virtual Agents, 2019: 7-9.

[97] Zhou B, Sun Y, Bau D, et al. Interpretable basis decomposition for visual explanation[C]// Proceedings of the
European Conference on Computer Vision (ECCV), 2018: 119-134.

[98] Jian J Y, Bisantz A M, Drury C G. Foundations for an empirically determined scale of trust in automated
systems[J]. International Journal of Cognitive Ergonomics, 2000, 4(1): 53-71.

[99] Kulesza T, Burnett M, Wong W K, et al. Principles of explanatory debugging to personalize interactive machine
learning[C]// Proceedings of the 20th International Conference on Intelligent User Interfaces, 2015: 126-137.

[100] H&uslschmid R, von Buelow M, Pfleging B, et al. Supportingtrust in autonomous driving[C]// Proceedings of
the 22nd International Conference on Intelligent User Interfaces, 2017: 319-329.

[101] Cui X, Lee J M, Hsieh J. An integrative 3C evaluation framework for explainable artificial intelligence[C]// The
Annual Americas Conference on Information Systems (AMCIS), 2019.

[102] Cui X, Lee J M, Hsieh J. An Integrative 3C evaluation framework for explainable artificial intelligence[J]. The
Annual Americas Conference on Information Systems (AMCIS), 2019.

[103] Kindermans P J, Hooker S, Adebayo J, et al. The (un)reliability of saliency methods[M]// Explainable AlI:
Interpreting, Explaining and Visualizing Deep Learning. Springer, Cham, 2019: 267-280.

[104] Yeh C K, Hsieh C Y, Suggala A, et al. On the (in)fidelity and sensitivity of explanations[C]// Advances in
Neural Information Processing Systems, 2019: 10965-10976.

[105] Kapishnikov A, Bolukbasi T, Viégas F, et al. XRAI: Better Attributions Through Regions[C]// Proceedings of
the IEEE International Conference on Computer Vision, 2019: 4948-4957.

[106] Mogrovejo J A, Wang K, Tuytelaars T, et al. Visual explanation by interpretation: Improving visual feedback
capabilities of deep neural networks[C]// International Conference on Learning Representations, 2019.

[107] Dodge J, Liao Q V, Zhang Y, et al. Explaining models: An empirical study of how explanations impact fairness
judgment[C]// Proceedings of the 24th International Conference on Intelligent User Interfaces, 2019: 275-285.

[108] Rebuffi S A, Fong R, Ji X, et al. There and back again: Revisiting backpropagation saliency methods[C]//
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2020: 8839-8848.

[109] Vasu B, Savakis A. Visualizing the resilience of deep convolutional network interpretations[C]// Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, 2019: 107-110.

[110] Hooker S, Erhan D, Kindermans P J, et al. A benchmark for interpretability methods in deep neural net-
works[C]// Advances in Neural Information Processing Systems, 2019: 9734-9745.

[111] Srinivas S, Fleuret F. Full-gradient representation for neural network visualization[C]// Advances in Neural
Information Processing Systems, 2019: 4126-4135.

[112] Mothilal R K, Sharma A, Tan C. Explaining machine learning classifiers through diverse counterfactual expla-
nations[C]// Proceedings of the 2020 Conference on Fairness, Accountability, and Transparency, 2020: 607-617.

[113] Zhang J, Bareinboim E. Fairness in decision-making-the causal explanation formula[C]// Proceedings of the
AAAT Conference on Artificial Intelligence, 2018.

[114] Zhang J, Bareinboim E. Fairness in decision-making-the causal explanation formula[C]// Thirty-Second AAAI
Conference on Artificial Intelligence, 2018.

(115] R, B LE, Bt B I IR [J]. AiZ3054%, 2019, 26(1): 39-46.
Wu F, Liao B B, Han Y H. Interpretability for deep learning[J]. Aero Weapony, 2019, 26(1): 39-46.

[116] Lecue F, Gade K, Geyik S C, et al. AAAI 2020 Tutorial[EB/OL].[2020-02-07].
https://xaitutorial2020.github.io/raw/master /slides/aaai_2020_xai_tutorial.pdf.



