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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;

evaluation

1 ab
�������������������, �������������	�����������	

����: 2020-06-15

cd��: 	��	: 
�
 (1963–), 
, �, ���, ��, 	��

, 	�, ����: �	

���, 
	��
�	

��, �
�
��, Æ����
��, E-mail: kongxiangwei@zju.edu.cn; ��
 (1997–), �, �, �����, �����,

����: �	

���, 
	��
�	
��, E-mail: xinzetang@outlook.com; ��� (1997–), �, �, ���
�, 	
����, ����: �	

���, 
	��
�	
��, E-mail: zimingwang@zju.edu.cn.

����: ������������ (61772111); ������������
���� (72010107002)

Foundation item: The General Program of National Natural Science Foundation of China (61772111); NSFC Projects of

International Cooperation and Exchanges (72010107002)

e�fg��: 
�
, ��
, ���. �	

����������� [J]. ��	
��
��, 2021, 41(2): 524–536.

h�fg��: Kong X W, Tang X Z, Wang Z M. A survey of explainable artificial intelligence decision[J]. Systems Engineering

— Theory & Practice, 2021, 41(2): 524–536.



� 2� 
�
, �: �	

����������� 525

�����������������. �����������������, �����������
��. 2015 ������������Æ��������[1] , ���� “��Æ�����Æ�����Æ

�����Æ��”�����,������Æ�����. 2017���, ������������ �
�, � �����������!��� “� 2030�,  ����!"��������� ” [2]. ��"

#, ���������!�� "�##��������������$!, �#�$%������
��%�����������, ��$���%��&���� �&. ���$����������
���&�, !����������"��#�''�(�(), �$����������'�&� 
&. %�)**���**��, #�''�(�'+��)����+,, ,��' ����!(�-
�, ( !�!&������"��-��'.� /. ")�������!�����#�*#��
',+$.$�����"�,�!��",,(�#%(./"�!�%$�)&���. ������0
��"�#�&*, #�#��-1#+, "�#'���	",, �)!�$Æ$�''��� ,(�

�. !���������).*2 �����''.�3%-%!�0+. .���).��/%).
4��1�).'&,0�', !%��"��&*4'(*�(), */%).,0-.5, 1).,0

-.5�.  )�1��%-'�(/%�, !����(�).!�/%, '%����)-**%6&
�������$�&��'��#�''%. +"��? �/"��? *2#*��? "��(�/"(
)�'�.������)2+&�� 013�%!), ".���������*#���,7. 2018

�0)���Æ284* (The EU General Data Protection Regulation, GDPR) [3] �2, 1������
�5����''%. �� �������''$����+, 9��,*#, 3��2�������
��6,  $������+.

47-�������������''%!), ��28#,3-����.9. �-.::!��
������''%�/3��59, -4:��������''(����!,, -;:/+�0.�
'",����&��'', 0.������''(��51���26!4, ���6,�, �$��
������''�%�3-7�.

2 ��i�� !"#$%&'1
2.1 ()j*+,-./0k

,������''"�#"�&3 [4], ".5�3-���, �()#;#" 2�, 43-7<

%����=�#�*)������''%���6. �''������$77 Explainable Artificial

Intelligence, �� DARPA � 2016��� Explainable Artificial Intelligence (XAI)[5] 88,., .Æ899

<=. 43���.��'��:�1 Interpretable Machine Learning (IML)[6]. /-��, XAI 3-5�

:/� IML. ;�,8, �0�49�:�-=;: ��'% (interpretability) ��''% (explainability).

��'%��.5<�,�6��'��+, �5�!).>��'. �''%5 �''&��,���
).,?�<1, &�).���78�,>�' [7]. ;<�5�!).#��',  ��860.).�
�''. ����77�, �-���"0�/3=��+2 [8]. Arrieta �%''=8�*)9�� XAI

��6 [9]: -����?8�), XAI 5�.���6Æ:�!(� ).Æ9�78@<�<=��'�
A@. 3:�B, XAIA@5>��7=:.�#4#�)�'����).���A@ [10]. :/!).$
=�''�).��0.''0;,.. 45�)�#"�����#, 47/� XAI ���6�: -��
���=�#, �����''5��9#"'6%A��), �@<�<=�(B, �����-��$Æ
�!(��''�(�. 8>.%(�������9&��''���2;, �)�7�'�#*��.

2.2 1<l23/ XAI 4=
������.%�Æ%$><#�����)., /<)4%).����+,, !������<

&��?9�6����)�,6. �������&��, @&�=:��, ���������>5, @

�$���,?>A�C	*#.-������''���,#"�7�#,#� XAI�8>.#"�."
?7�#,#�2!� 4 ,: �@3-#, .���B, ����#�?��) [8,11]. �@3-#:/3-
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XAI A@�(��$5������#,�3-�@, �C&����4 ��D�4 � [9]. �@3-#
�� XAI (�, ����������, E3�,�/%@". .���B.5��9"&� XAI A@�

�@. F���� XAI (�=:�����><�D/�?��C�	%CA� [12,13], �� XAI A@�?
��),?�D8. ����#:/A@�AB�	��9�����8�E@@#,�����#. F�

�� XAI A@�����%(B��9��7�*)��, ,B AI A@�����#AE�#GF�CD
%!�&F���(), AG�7�- XAI �E(�).���9() [8]. ?��)> AI ).� XAI �

 �#, ?��):/�C�C9� �#, *���B��2,A���D�#C��. XAI �8>.2F
����'%��"#9�5���'').,  �,�)�7�'�*#��2�������. #"�

7�#,#,B()�H)#",�� XAI�8>0$�D��2.����''�����3-� ��
3-�@� “H” ''�': [14], 47%��#**, � XAI 8>��)%/+*C:

1) �*#) (trustworthiness). �*#).5, �>�����#, �,/�).%��G*)', ��

;E%�I�%, 0����<���*�''.

2) AE% (fairness). %��*)��, �6�''���2F).��AE��+ [15]. XAI � ).

�7��(B!4, �AF�).�"��&F [16], "�8>�����#.J!H��.

3) �D% (accessibility) ��I% (interactivity). �D%58�).#, ?��)�74��G��-
��� [17], �I%5?��)���).66DE, 9����!�G [4]. 5������?��)=�
#�H!.%$5�A@�@, XAI �=:F��'��IG�����).�Æ&.

4) (,,� (causality). ����:�1).��JK��Æ,?�#,,� $�JK(,,�, !

��4A$��(,%'' #.#,%'' [9].

3 ��i�5I� !6Æm78n
�������''(<�K�=�IF�,B, %��*)3-�7G#;H�, �(���''�

(B�;�). 47%�)��''�*)����3-�J��!,, ��26�'&L/2H�*:'
'�%8HH��LM''��)0��'�%A''�(,'';,. %�)��*)�''�!,, �

$�LJ���(����L-, **:''��*&�K/"�K����2, 8HH��''LMI=

�Æ����DE, ��%A�''><��%A� AI ��, (,''EJ�����(.,,��, 4:

%���-59.

3.1 29,-o:;<=p
������(�).�'',��:!�K.(�,��(�?/"2,���).�+,. "; CT

B�*:''(�.LKI�L2HÆ��9��&!�0'<�N@,%�KH�%�*&�K.8�3
- J�''A@. 5�*:''�LBF5�,�/%1G, #OM����!���)"��'&��
'**�������2H�&, (��@":!.��*:''(��3-.

3.1.1 >q?@AM/,-
��E<.L�''(�7� )I�PA�E<.L��,%).���H�%*M%).�Q�0

I�LN0.L�).�QJ0, �9�QJ)4��KH�%. ��R)�(��-�7��ÆB)�#

,%JK, ����S�*:''. Zeiler � �PAC0��KS&�QJ, �-ECNA@���*&

+, [18]. Simonyan �7�E<.L5�$5).�R), �QJ0�R)&�NTH�%, ��HOL

�''%M� (gradient)[19]. ,. Springenberg ����- ReLU %/%E<.L#)OR)�*:'
'(� GuideBP (� [20], E<.L#2D�R)�OE�E�P�H!. 5��H! )I�PA�%

/%JK,� ReLU P�, U�IMQ�N�M, "?M��R)E�F, ,�JK#2�2*@. (�

Sundararajan� [21] ���N!R) (integrated gradients)(�, 7�QJSN��J�RSN��#�R
)*@EJ�KH�%, '�5�R)PV6��Q ''. G8-��9(����*:��S�-SH
QK, ''%Q*, �"�OQ��W�TN() [22], VarGrad[23] (�7�TN,)�SN�J6TL4
�''��5@EE�(*!4, ��PRK�W�*:TN. %R)�*:''(�, *!0#,.L(
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� LRP[24]�DeepLift[25]7��$� C�#,.L�U, �'���S�*:SH.
3.1.2 >qBCÆD/,-

",(��-OEJK�/%6GV5����JK, �X�SNI?��H�M�. ���,OEJ
K''(� CAM[26] C$?�(� Grad-CAM[27] � Grad-CAM++[28] �. CAM��?�).+8�H�
I=, (�JR%Q�. Grad-CAM � Grad-CAM++ 7�).Q���OEJK (�K0) �R)*@$

5GH, (�OQKE, Y���; CNN ).W, �1�I?&G*@, ,B��(/+,��H�DE�
,. !W�TN�, OES#X�, ''SÆ)#'. # Guided Feature Inversion (� [29] 7�0P�&

���&GH, ��KT�*:'', !�&-�Z)#* Grad-CAM �(�. Huang ���P%!M�B
'+���).+5, �'�).�''% [30].

3.2 >qEF/,-o:;<=p
�9�''(�%**(�).2H�., K��(/+,H���K��*:'', ���'�-�

).+8�G�, Q�R�''. G�,(��-H�QJ&CQ��&��'', ,��').�G��

+8, "Q�(�''.

3.2.1 GXEF,-;<
��JHH�''(����[L.�-H�QJL/).�(/�&. LIME[31] ��S�''�(

/�C$NK�)4,8�JH�/%).4$F��)..�SN�Æ T, LIMEQ��.><��NT

�CGH, $GH��-������KH�%, "�''(����74�SN4�O�Æ!,��''.

H 1 LIME IJKLYHMeNOPQRSTSUV

Fong ��� Mask (� [32], �-�QJSNH!M�ZS, [� $(/�CR0���ZS)T&
�''���S. Petsiuk ����W�U)�ZS)V�!S#W, $Æ#")V��).(/!��6
H�% [33]. Ribeiro �-� LIME �/%).,�'�PQ)�O3, ��M3'' (anchor) �JH''

(�, %�K�(/+,@&� if-then ��UXKY'').�JH@" [34]. Cui ��� CHIP ''(

� [35], �-!�PA"0N��(�Q�J\, �&���(H�%O\, � ��KS6G��''��
�S. -��9''(�,�Z��KUP�%/%JH@"�(), Guo ���� LEMNA (� [36], #

��R().�2HJ\4+8, !''[�, � Wagner ����ÆB)�*:''(� [37]. SHAP[38]

QT)5� LIME � 6 ;(�, 7�\]��� Shapley Value &�(/�KSG��H�)/).

3.2.2 rWXY,-;<
DEP�.IU�$���0A@ [39], �:�K]1$I=H��DE. Wojnowicz ��+6/%)

.���K]�DEP�#,�(� [40]. Koh �FF.V�&��2�K]DEP���(/'' [41].

Anirudh ����7�)486S��DE)4V^���(� [42]. Yeh �����;V^�).(/�
DE�I=�*��3��(� [43], ����.).�SN�ÆW�%��-�7G [41] ��DEP�(
�.

3.3 >qsZ/,-;<o:=p
���''(���><4 ��#, ��%49�@��, X!'<�'�''(��6�49@:.

7�,0�'�%A=:��'', �� ''46�)WH. 47%��%A�''(�!�0�,: �

(2H%A�''(��$J8H%A�''(�. �(2H%A�''(�.5: �(!).���4�
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ÆW��%A��'').; $J8H�%A''(�.5: 7�8HQJ�%A, *-A�/3�:RS�

=:��'')..

3.3.1 [XsZ\]/,-
1) �(2H�U�''
�U�((���4[S.%!).��(%A��''FMP9, ����U�7XK!).��

�-�, �6�,��'�''. 8�''(��!).��-����I�PA)., '').�-.�

�14���U�)., :/	J�U''�JH�U''. 	J�U�(''(��!�!'��Y��.

!'�%��I�PA).!T�I�L�0>���U�(,%�(����U)5���)-. * Sato

����� CRED (� [44], ���1%!).�"#�(�>F.�TQ.��U; Zilke ���P��

�4U-� )I�PA� DeepRED (� [45], ZR�2"���$5#?. Y��%I�PA).*&
��(�, �7�).�QJ�Q����U�(. Augusta ����S<����� RxREN (� [46], E

<!4Q��QJV�H!; KDRuleEx (���.H����U�O, "#Z�TQ��>F�QJ [47].

2) ��%A�(�''
����%A�((�*%A_V�%AST"��86''(�. %A_V. Hinton �����;

RK).**)�).X^(� [48], �4[S.I=@<���).U)T**�YB).. Liu�%��

1&���)., %%A_V�(�W����Q��L2()� [49], Tan �7�%A_VI= iGAM &
���). [50], ���",#,��ÆW� �YF. %AST%�ÆW��N�LT�&���-, #

X�-,?�#"�,�, �-��-,?"�L@, �-�,��L@�`[�%�Æ��(���%A.

Wang �%%AST� LSTM ).+5��, ��+5%A�L@Z\PA (KPRN) ). [51] ��[Y2

]��, ��'<7�L@���-,���'', @<0UV�)WH. Ma �����%AST��U�
�2]). RuleRec[52], ���Q'2]aLZ�"#, 0���2]����''.

3.3.2 ^XsZt_/,-
8H%A�$J��45��,���X�-A, L��#��/3, (����-�6�%/3$J

�����''�4,08�)<=. ��"�[S, Kim �$J�/3OE<H CAV �H�%^H5>
TCAV[53], ��W;"�/3����!,�H��), **/3 “4_” ��!, “][” �H�%. /3

,\�,06�=;, ��G�$J%A�-�X!>R&�$�&, ���-��%AS�"^4��/
3�:R���'6%A, =:8���%A�''(�. Bau ���� Network Dissection (�, ��A

F\_0��:6*@���,��'�/32I�2,�- IoU!�W��2% [54]. Zhou���+5/

3OE<H��K<H!'�(� [55], $Æ�6�/3*@�C GradCAM (�, `).�N��(/!
'��;/3�V5'').�(/. ��%*:�6H�%A���*)�������(����''
���59, ��aH��$%''�#,%'', -��.�''8>���*#%. %��=�#*)
45, ?��)0���'DE���(.,�(,''.

3.4 u`,-;</o:=p
(,''�8�.LJ�(,2�%�E0�''%#,�(), %(,,�&�''�8>. 47$

Æ��(,''3-(��!�, %$3-��26���).�(,''����*�(,''0,.

3.4.1 >qab/u`,-
��).�(,''$��[S.''����).V3�0?���(,DE. **% )I�P

A DNN �+8�)�+8(,). (structural causal model, SCM), ��-b�(,2��1$).�N
�V3�Q��(,DE. Zhao � [56] FF�7�H!UPS PDP �V�43�$ ICE �, %(�).

��((,*@.���, ��.c`(,+8���%A. Parafita $J���(,2(QT�''��

X�(T�!,:��, :/86!�(,S, ���!ÆSN#]�E0�SN, 0.�-1$(,2&
�1$W((d�DE.
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3.4.2 >qcd/u`,-
���*�(,''(�e��).��E0�''.E0�.5�!Æ�*�QJ�Q�+,#"�

�*, E0�''A$�-�!Æ�*�QJ�K��0]�4?, �9�#"Q�+,���*. **, �
YZ8]^�*�_YZ���K��� Æ?0]�?�, � F��YZ8<=. ����E0��*

d, Wachter � [58] ���,43E0�''�/3��;��$���'',.. Goyal ��� �WH

SN���A^SN�E0�*:''(� [59]. Kanehira �-�*[!,#�, ���7��)\*@�

�E0�''�(� [60], '').(/>�I,�E0��!, �-0�&P,�I,,?�E0��!
���*::T''.

4 ��i�5Ivw#� !m7ex

AI �''%0\]�&�����	f;�$��������������'",���+6. �
'",����, (/bQ����,�aL�_H.,, ��	f;�����6�Qf�bCc���
��	; �,�_c���� 2��0X; �������� #Y9�2'��9�2'; �����
��� 2�<��9#$���&��d` [61], �#OZ''�����46!�a�*#. (�, XAI

�'",��������&���4�, 47%&��*)��, b`����	�,�_c�����
�����;�0.�'",����, �$�''%3-��!4.

4.1 j*yf
������	��X���c.=:��f;. ��DN������+5.���	�9�^3,

����[_��'2ZK�4���,��ZR��)&�QWZ [62]. -F� X\�CT��	a/��

�SN�Æ�]d�	bd (EHR)�bd��1�$*@�-d���-K*@�C;�	a/��Æ�C
ce*@��.������H���Æ�g, ����5��**��Æ�I=.9�f;+,, ���

�''3�8���'V*# [63]. ��7�(�).��=:�	���&��'').��SN�Æ�
�OB]d�	bd�Æ�� [64]. ��DNf;. “���� + �	” Qe���&���, (��''

3-.�"#��. Zhang �����:6��*:���''%���SNf;PA (MDNet)[65]. Tang

��AF	*`��]_ (WSI) � AD#,�^_)]f�^_)a�c�K, 7�� Guided Grad-CAM

�(� [66]. 7G [67]9�SN^+S�"#,0���&�*:�K�c�f;+`. ab`�� CAM�

Grad-CAM ''�� )�1�abe�NSNf;!, [68]. Karim 8�� Deep COVID Explainer�f
;'': [69], ''� 2020 � COVID-19(�.cJcdec) ���f;. Y3-%$�� )PAW��

13808&c�� 16995hdH X\SN��f;(/,� Grad-CAM[33]�Grad-CAM++[34] �C LRP[30] (

��(/).��''. S 2 >K.0;''(����� COVID-19 c#�(/. Kim �% TCAV ''

(�&��fbc*Pcc��f;!d()� [70], TCAV (��K�H�/3���W;�/3.�2
�, 0�gP��).f;bQ. Cai �0� CAV �(�%$�Z��	��-��#Cd5���� [71],

�� CAV �(���8��:/�(beVi�c��� [72].

��OB�Æ� XAI &��7G [73] �����%�/+. Rafi �3- ICU �j<g/Z(/, 9

��4'�2Z [74]. Panigutti ���� Doctor XAI �0.�''�� [75], ,�I=���1����

U��''. Li ����).��KH�), �JH�KSG''�	J�2%!4�hf�Æ*:''�
� [76].

4.2 g(hi
�9"��@"�hJ��H�S+��,�_c���.�. % DARPA gi3� [77] .Æ, ���

���(��7<, hi�fg�A�P���.�?�	$�ej [78]. 8����,�_c�*:��
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