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I. ABOUT

This is the supplementary material for the research paper
”Exploring Explainability: A Definition, a Model, and a
Knowledge Catalogue” accepted at the IEEE 29th Require-
ments Engineering Conference [1]. Since the space allocated
for research papers did not suffice to elaborate on all research
results, this document serves to amend this lack. In particular,
more details on the Systematic Literature Review (SLR) –
e.g., inclusion/exclusion criteria, complete list of analyzed
papers, codes, etc. – and our workshops can be found here.
For a deeper understanding of the supplementary material we
recommend to have a look at the corresponding paper [1].

The specific content of this work is structured as follows.
In the next section (Sec. II), our SLR is explained in more
detail. Specific details will be given about how we selected
the venues for our manual search and, more generally, about
our inclusion and exclusion criteria and the selection proce-
dure. Furthermore, all papers found during the SLR will be
mentioned.

Sec. III will link the final selection of our papers with how
they answer our research questions (RQs). We provide two
tables, one for RQ1 and the second for RQ2 and RQ3.

In Section IV, we will present the codes resulting from
our coding process for the data related to RQ2 and RQ3.
We deliberately do not present codes from RQ1, as we have
coded more categories and data than presented here or in the
corresponding research paper. We will address these categories
codes in a future publication. For the purposes here, TABLE II
should be sufficient to illustrate our codes.

Finally, we will elaborate the workshops in detail in Sec. V.
This includes all activities that the participants had to do before
and during the workshops.

II. SYSTEMATIC LITERATURE REVIEW

The search strategy for our SLR consisted of a manual
search followed by a snowballing process. Table I shows the
sources that were part of our SLR. The Total Retrieved column
contains the total number of papers that were analyzed for
eligibility in the respective source. Initial selection indicates
the number of papers that have been pre-selected for closer
examination. The Final Selection column indicates the number
of papers that were ultimately selected for our start set, as these
papers met our inclusion criteria.

A. Found Papers

1) Manual Search: The following 104 papers are the result
of our manual search and the application of our selection
procedure: [2–105]

2) Snowballing: Since our review of the literature was
partially based on the grounded theory approach to litera-
ture reviews proposed by [106], we stopped our snowballing
process during the second snowballing iteration. Up to here,
our data achieved a saturation and we have not gained any
new insights nor have we discovered any new concepts or
categories that arose from the data. The following 125 papers
are the result of our forward & backward snowballing and the
application of our selection procedure: [107–231]
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TABLE I: Manual Search Sources and Paper Selection

Source Total Retrieved Initial Selection Final Selection
International Requirements Engineering Con-
ference (RE)

1312 15 4

Symposium on the Foundations of Software
Engineering (FSE)

667 8 2

Information and Software Technology (IST)1 2668 23 0

Intelligent User Interfaces (IUI) 1158 52 18

Journal of Systems and Software (JSS)2 4121 8 0

Transaction on Software Engineering (TSE) 2910 23 0

Conference on Information and Knowledge
Management (CIKM)

2789 8 2

International Working Conference on Re-
quirement Engineering: Foundation for Soft-
ware Quality (REFSQ)

328 4 0

Transactions on Software Engineering and
Methodology (TOSEM)

615 4 1

Conference on Recommender Systems (Rec-
Sys)

521 15 6

Requirements Engineering Journal (REJ) 455 9 2

RE Workshops 21 4 1

REFSQ Workshops3 162 5 1

Minds and Machines 724 30 17

Big Data & Society 284 16 6

International Joint Conference on Artificial
Intelligence - Workshop on eXplainable Ar-
tificial Intelligence4

63 41 34

Philosophy and Technology5 259 10 9

Ethics and Information Technology 538 1 1

B. Overview of the studies

Fig. 1(a) gives an overview of the number of primary and
secondary studies in our SLR. Fig. 1(b) gives the number of
papers in our SLR grouped by interdisciplinarity. We divided
the field of computer science into human-computer interaction
(HCI), RE, and computer science in general. We grouped
studies from the fields of philosophy and psychology together,
since these disciplines often publish in the same venues and
are closely intertwined. The Interdisciplinary group combines
studies from different fields such as Law, Business, and venues
that are interdisciplinary in nature.

III. REFERENCES FOR ANSWERING THE RQS

A. RQ1

We partially derived our presented definition related to RQ1
from the literature. As a first factor, the following sources
highlight the importance of understanding: [4, 5, 11, 16, 20,
26, 29, 30, 32, 46, 51, 56, 69–72, 80, 87, 88, 91, 97, 98,
102, 104, 105, 107, 110, 112, 113, 115, 121, 122, 128, 131,
137, 138, 146–148, 151, 153, 156, 159, 163, 166, 167, 169–
171, 174, 176, 179, 180, 186, 189–192, 196–198, 201, 202,
205, 207, 208, 211, 212, 220, 228, 231]. As a second factor,
the following sources specified certain aspects of a system that
should be explained:

120 publications out of 2668 publications were not accessible.
2Seven publications out of 4121 publications were not accessible.
3Only the proceedings of the years 2000, 2001, 2006-2008, 2010, 2011 and 2015-2019 were accessible.
4Proceedings from 2017-2019 were considered
5Only the issues beginning from 2011 were accessible.
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Fig. 1. Overview of the studies — (a) primary and secondary studies – (b) overview of interdisciplinarity

TABLE II: Aspects to Explain (RQ1)

Aspect to explain References
System in General [26, 88, 90, 105, 136, 144, 148, 151, 161, 171, 186, 189, 211, 212, 220]

System’s Reasoning Processes [42, 71, 101, 146, 153, 166, 170, 171, 178, 217, 220, 221]

System’s Inner Logic [26, 29, 39, 56, 64, 89, 97, 102, 137, 146, 170, 224, 230]

System’s Model’s Internals [9, 26, 69, 84, 97, 98, 126, 158, 159, 170, 174]

System’s Intention [110, 180, 220]

System’s Behavior [88, 90, 208, 217, 225]

System’s Decision [26, 78, 80, 117, 157, 158, 168, 189, 192]

System’s Performance [101, 196, 220]

Knowledge about User or World [80, 88, 90, 192, 221]

TABLE III: Types of Explanation (RQ1)

Type of explanation References
Answer to “W”-Questions [9, 69, 107, 116, 125, 146, 153, 154, 161, 170, 171, 186, 190, 204]

Scientific Explanation [23, 28, 43, 46, 48, 69, 87, 88, 121, 126, 127, 139, 163, 173, 201, 204]

Causal Explanation
[9, 11, 28, 30, 33, 41, 44–46, 88, 107, 110, 121, 127, 135, 138, 142, 146,
153, 164, 165, 173, 199, 201, 206, 222]

Mechanistic Explanation [2, 18, 37, 69, 72, 84, 104, 110, 162, 222]

Counterfactual Explanation [22, 70, 104, 107, 131, 188]

Nomological Explanation [23, 43, 46, 139, 173]

Functional Explanation [44, 46, 104, 162, 222]

Reason Explanation [9, 16, 21, 42, 45, 71, 98, 113, 115, 116, 121, 125, 161, 181, 195, 209, 228]

Contrastive Explanation [20, 30, 131, 138, 153, 165, 188, 199, 225]

Arguments [49, 63, 65, 120, 125, 168, 169, 201]

TABLE IV: Output Formats (RQ1)



Output Format References

Visual

[9, 10, 15, 20, 22, 24–26, 34, 40, 49, 55, 61, 62, 65, 68, 70, 73, 74, 78–
83, 94–96, 101, 103, 105, 114, 115, 117, 118, 120, 122, 125, 138, 141, 144,
147, 148, 150, 151, 154, 167, 171, 172, 174–176, 180–183, 185, 186, 189–
194, 196, 204, 210, 216, 218, 220, 222, 224, 226, 231]

Textual

[4, 15, 16, 21, 26, 32, 33, 40, 49, 54, 59–63, 65, 67, 71, 74, 80–83, 85, 92–
95, 97, 99, 100, 102, 107, 112, 115, 117, 118, 122, 133, 136, 138, 139, 141,
144, 151, 169–172, 175–178, 180, 182–184, 186, 187, 189, 190, 192, 193,
195–198, 204, 205, 207–209, 213–216, 221–224, 227–231]

Numerical [70, 101, 172, 186, 190, 224, 228]

Audio [107, 147, 171, 180, 188, 195, 226]

Mixed [15, 26, 40, 61, 62, 80, 81, 118, 147, 175, 176, 225, 226]

Natural Language
[49, 55, 57, 115, 120, 121, 124, 139, 140, 148, 172, 174, 181, 188, 190,
217, 221, 224, 226, 227]

Rules [71, 94, 115, 138, 190, 228, 229]

Model [138, 151]

Arguments [115, 120, 125, 169]

TABLE V: Implementation Strategy

Implementation References
Meta-Explanation [103, 120, 177]

Feature Relevance
[14, 20, 22, 24, 62, 68, 74, 78, 84, 95, 116, 128, 138, 146, 150, 186, 188,
189, 191, 195, 216–218, 220]

Examples [17, 22, 59, 66, 83, 116, 186, 189, 222]

Structure Leveraging [14, 16, 24, 31, 61, 71, 114, 115, 121, 133, 177, 189, 197]

Surrogates [25, 51, 58, 71, 87, 89, 91, 114, 131, 138, 150, 176, 186, 189, 190, 222, 229]

Perturbations [62, 128, 189, 231]

Explanation Module
[16, 22, 32, 51, 59, 60, 63, 70, 75, 80, 81, 92–97, 100, 107, 120, 124, 133,
139, 141, 147, 155, 183–185, 187, 188, 194, 197, 198, 209, 213, 217, 223,
224, 230]

Interactive [54, 66, 155, 230]

Self-Explaining [112, 114]

Post-Hoc

[9, 13, 15, 16, 22, 25, 32, 36, 42, 51, 51, 55, 58–63, 70, 71, 75, 80, 81,
87, 89, 91–93, 93–97, 99, 107, 114–116, 120, 124, 126, 128, 131, 133, 139,
141, 147, 150, 151, 155, 172, 175–177, 183–185, 187–190, 194, 195, 197,
198, 209, 213, 217, 218, 222, 227, 229–231]

Ante-Hoc
[13, 14, 24, 31, 62, 83, 89, 92, 112, 116, 125, 126, 150–152, 155, 188–
190, 205, 221, 222]

Model-Agnostic [62, 114, 126, 128, 172, 189, 231]

Model-Specific [16, 22, 114–116, 121, 133, 189, 197, 227]

TABLE VI: Study Methods

Method References
Interviews [196, 207]



User-Study
[10, 22, 30, 33, 38–40, 51, 53, 55, 57, 59, 60, 65, 80–83, 85, 98–100, 116,
118, 130, 133, 139, 144–147, 152, 157, 160, 162, 168, 174, 177, 183, 184,
187, 188, 191, 193, 194, 197, 207, 209, 213–215, 218, 220, 221, 223, 230]

Case-Study [34, 58, 102, 116, 177, 184, 210]

Empirical Study [46, 54, 63, 67, 117, 124]

Questionnaire
[16, 35, 38, 51, 53, 57, 59, 74, 85, 100, 115, 122, 123, 133, 141, 155, 170,
174, 178, 192, 194, 207, 216, 221]

Baseline [81, 115, 116, 144]

Alternative Explanations
[16, 24, 25, 49, 68, 80, 81, 116, 118, 122, 130, 139, 144, 160, 162, 213,
216, 224]

Mental Model Comparison [10, 148]

AB-Tests [50, 118, 141]

Task-Based [99, 182, 209]

TABLE VII: Explanation Quality

Quality Measure References
Clarity of Language [113]

Soundness [94, 114, 120, 145, 216]

Awareness [16, 194]

Acceptance [30, 132, 144, 146]

Actionability [105, 132, 145]

Accessability [132]

Accuracy [16, 62, 74, 80, 94, 115, 118, 220]

Capability [83]

Completeness [94, 113, 114, 120, 132, 145, 157, 216, 221]

Compactness [114]

Comprehensibility [16, 30, 91, 114, 122, 129, 132, 194, 213, 227]

Complexity [9, 91, 145]

Correctness [24, 25, 221]

Coherence [30, 145, 165]

Consistency [46]

Comparison to Ground-Truth [70, 185, 193]

Interactivity [9]

Effort [115]

Mental Model Accuracy [10, 74, 180]

Plausibility [16, 46]

Relatability [16]

Persuasiveness [130]

Usefulness [27, 30, 94, 130, 138, 147, 224, 231]

Effectiveness [22, 27, 31]

(Task) Efficiency [74, 100, 223]

Realism [22]

Timeliness [132]



Believability [132]

Relevancy [30, 80, 132, 218]

Scope [134]

Depth [134]

Novelty [145]

Naturalness [147]

Simplicity [30, 46, 165]

Task load [146, 148]

Helpfulness [152]

Faithfulness/Fidelity [91, 172, 190, 216]

Generalizability [190]

Diversity [218]

Reliability [217]

B. RQ2 and RQ3

TABLE VIII: Quality Aspects Impacted by Explainability (RQ2 &
RQ3)

Quality Aspect References

Accountability Pos:
[5, 15, 52, 55, 58, 78, 114, 117, 131, 138, 140, 145, 158, 159, 165,
167, 170, 184, 188, 193, 210, 217, 229]

Accuracy
Pos: [35, 66, 103, 121, 175, 182, 224]
Neg: [6, 13, 29, 55, 62, 92, 126, 134, 140, 145, 146, 150, 153, 189, 221]

Adaptability Workshop Exclusive

Auditability Pos:
[20, 21, 26, 34, 38, 48, 57, 78, 81, 83, 84, 117, 121, 122, 166, 180,
182, 186, 189, 203, 205, 209, 213, 229]

Complexity Workshop Exclusive

Compliance Pos: [15, 53, 57, 94, 143, 146, 159, 210]

Confidence in the System
Pos:

[16, 41, 42, 96, 109, 115, 116, 121, 126, 129, 135, 144, 147, 151,
154, 156, 161, 166, 167, 170, 176, 178, 184, 191, 197, 198, 209, 228]

Neg: [40, 184, 213]
Correctness Pos: [15, 117, 192]

Customer Loyalty Pos: [16, 27, 49, 75, 100, 115, 136, 142, 181, 197]

Debugging Pos:
[10, 15, 29, 48, 54, 115, 121, 122, 135, 138, 140, 146, 147, 164, 167,
172, 186, 188, 189, 191, 210, 216, 227, 229, 230]

Decision Justification Pos: [15, 29, 80, 109, 184, 189, 214, 221]

Development Cost Neg: [29, 98, 105, 121, 134, 180, 189]

Effectiveness Pos: [53, 94, 138]

Efficiency Neg: [134, 140, 189]

Ethics Pos: [5, 126, 146, 159, 180, 190, 228]

Extensibility Workshop Exclusive

Fairness Pos:
[11, 21, 38, 56, 64, 67, 84, 117, 126, 138, 143, 145, 146, 151, 157,
161, 170, 184, 186, 188–190, 196]

Guidance Pos: [8, 26, 39, 53, 117, 224]

Human-Machine Cooperation Pos: [38, 58, 107, 151, 156, 186, 219, 231]

Continued on next page . . .



TABLE VIII – continued from previous page
Quality Aspect References

Knowledge Discovery Pos: [8, 146, 151, 180, 186, 189, 190, 196, 210]

Learnability Pos: [15, 74, 121, 147, 154, 156, 158, 165, 170, 171, 203, 211, 212, 229]

Maintenability Workshop Exclusive

Mental Model Accuracy Pos:
[40, 62, 74, 83, 102, 122, 147, 161, 165, 166, 170, 177, 181, 196,
208, 213]

Model Optimization Pos: [61, 138, 150, 151, 157, 186, 205, 210, 214]

Perceived Usefulness Pos: [81, 82, 85, 111, 115, 130, 136, 160, 170, 171, 224]

Perceived Value Pos:
[79, 83, 94, 100, 115, 121, 142, 161, 170, 171, 178, 183, 189, 193,
194, 207, 208, 215, 224]

Performance
Pos: [93, 170, 196, 207, 231]
Neg: [9, 26, 29, 31, 133, 134, 151]

Persuasiveness Pos:
[39, 49, 62, 75, 80, 81, 81, 98, 115, 116, 121, 130, 136, 142, 144,
152, 160, 165, 170, 184, 190, 194, 207, 209, 221, 224, 224, 229]

Portability Workshop Exclusive

Predictability Pos: [41, 62, 118]

Privacy
Pos: [77, 126, 159, 174, 186]
Neg: [57, 77, 145, 151, 167, 188, 190, 191, 200]

Privacy Awareness Pos: [151, 186, 215]

Real-Time Capability Workshop Exclusive

Reliability Pos: [159, 186, 222]

Robustness Pos: [95, 150, 151]

Safety Pos: [11, 114, 118, 126, 146, 186]

Scrutability Pos: [53, 99, 115, 136, 138, 183, 184, 211, 221]

Security
Pos: [42, 126, 150]
Neg: [14, 29, 42, 55, 57, 84, 119, 145, 188]

Stakeholder Trust
Pos:

[4, 8, 11, 12, 14, 16, 21, 22, 27, 29, 31–33, 36, 38, 41, 42, 49, 51, 57–
59, 62, 70, 71, 75, 77, 79–82, 84, 87, 90, 91, 93–99, 101, 103, 107,
109, 113–116, 118, 119, 121, 122, 125, 126, 131, 135, 136, 138, 141,
145, 146, 148, 150, 152–154, 156, 158, 159, 161, 165, 167, 171, 172,
178–181, 184, 186, 187, 189–192, 194, 204, 208, 215, 219, 221–
224, 226, 228, 229, 231]

Neg: [42, 62, 82, 84, 96, 98, 138, 178, 184, 191, 213, 224]

Support Decision Making Pos:
[8, 26, 39, 49, 80, 105, 111, 115, 121, 122, 130, 138, 151, 152, 160,
161, 170, 182, 190, 196, 209, 211, 224]

System Acceptance Pos:
[6, 8, 39, 41, 70, 77, 81, 90, 100, 118, 121, 122, 129, 136, 154, 161,
170, 171, 176, 180, 192, 194, 196, 197, 210, 223, 224]

Testability Pos: [121, 146, 186]

Trade Secrets Neg: [26, 55, 57, 145, 151]

Transferability Pos: [151, 180, 185, 190]

Transparency Pos:
[8, 26, 32, 39, 42, 81, 87, 94, 100, 102, 109, 115, 121, 136, 138, 141,
147, 148, 154, 160, 166, 178, 180, 183, 184, 207, 219, 221, 223, 224]

Trustworthiness Pos: [5, 6, 29, 50, 114, 116, 121, 147, 151, 158, 228, 231]

Understandability
Pos:

[6, 12, 15–17, 26, 29, 35, 38, 45, 50, 53, 60, 73, 75–78, 82, 91, 94,
96, 101, 103, 108, 111–113, 115, 116, 122–125, 130, 131, 134, 138,
148, 150, 155, 156, 161, 165, 167, 170, 174, 175, 178, 189, 191, 197,
198, 207, 210, 213, 214, 219, 222, 231]

Neg: [26, 98, 132]
Continued on next page . . .



TABLE VIII – continued from previous page
Quality Aspect References

Usability
Pos:

[4, 26, 27, 29, 35, 49, 59, 91, 100, 115, 121, 134, 136, 160, 170, 177,
186, 191, 196, 215, 222, 224]

Neg: [26, 40, 148]
User Awareness Pos: [170, 177, 178, 191]

User Control Pos: [5, 115, 146, 154, 190, 215]

User Effectiveness
Pos: [45, 80, 115, 116, 121, 144, 219, 221, 224]
Neg: [65, 115, 213]

User Efficiency
Pos: [62, 82, 115, 121, 136, 144, 147, 184, 221, 224]
Neg: [31, 82, 155]

User Experience
Pos: [49, 50, 79, 99, 181, 186, 191, 207]
Neg: [26, 83, 165]

User Performance Pos: [45, 121, 142, 161, 168, 171, 178]

User Satisfaction Pos:
[27, 39–41, 49, 59, 80, 82, 83, 98, 115, 121, 122, 134, 136, 141, 144,
152, 168, 170, 171, 176, 181, 183, 184, 187, 194, 197, 224]

Validation Pos: [87, 111, 115, 121]

Verifiability Pos: [41, 84, 96, 121, 157, 161, 166, 170, 172, 186, 198, 214]

IV. CODES - RQ2 & RQ3

In the material below, ”P” indicates that explainability has
a positive impact on the corresponding quality aspect, and
”N” stands for a negative impact. We defined a threshold for
producing a code during the coding procedure. This means

that only impacts were considered that were mentioned by at
least three different sources. This approach was taken to ensure
more reliable results. The material below is already cleaned
up in this respect, such that codes that are not supported by
at least three sources are not listed.



Accountability_P
a critical piece in achieving accountability
accountability
allows to be held accountable
assess accountability
assignment of blame
better manage liability
enforce accountability under the law
facilitate accountability
fulfill the goal of accountability
hold entities accountable
important  for responsibility of algorithms
important for liability
important to achieve responsible AI
know where the blame lies when things go wrong
legal accountability
liability
liability for machines
means to promote accountability
render decision-making more accountable
render decisions more accountable
shift responsibility from algorithm to participant
used to determine legal culpability

Accuracy_N
can negatively affect predictive accuracy
cost of classification accuracy
decrease in predictive performance
inverse relationship between accuracy and explainability
may conflict with precision
requires a sacrifice for accuracy
tension between accuracy and explainability
the higher the accuracy, the lower the explainability
the more explainable, the less accurate
there is a well-known trade-off between accuracy and explainability
trade off explainability against accuracy
trade-off between accuracy and explanatory power
yield lower accuracy

Accuracy_P
improve classifiers
improve prediction accuracy
improve recommendation accuracy
improved accuracy of decisions
improving the accuracy
improving the accuracy of VQA systems
increase accuracy measures

Auditability_P
allow the system to demonstrate partial capability
allows for question-answering about the system's reasoning steps
allows to look why the system has reached an anomalous result
assess the reliability of systems
auditability
benefit the auditability
describe the methods employed and the reasons for exploying them
detect errors in input data that led to adverse decisions
enables models to be audited
estimate likelihood of errors in decision making
examine the knowledge of the system
help to identify errors and biases
help users understand what contributed to the large error
identify that the system has erred
indicate prior reliability
is an auditable and provable way to defend algorithmic decisions
judge whether a prediction is correct
satisfying the desire to know whethe an algorithm caused an error
scrutinize individual cases
support evaluation of system conclusions
understand the scope of an error and solve discrepancies
understand the underlying technicalities and models

Compliance_P
ensure legal decisions are made
implement a right to explanation
make model performance and guideline compliance compatible
necessary for compliance
used to comply with regulatory and policy changes
useful for increased compliance

Confidence in System_N
decrease reliance if level of detail insufficient
had a negative impact on user confidence
question the system and  lead to self-reliance

Confidence in System_P
aim at acquiring confidence
allow to develop appropriate reliance
can lead to a higher level of confidence
confidence
confidence in decision making
decides how much confidence to place in recommendation
develop appropriate reliance
higher confidence in system recommendations
higher degrees of confidence
improve confidence of the decision quality
increase confidence in system's abilities
increase reliance
increase the end user’s confidence in the system’s conclusion
increase user belief in system
increase users' confidence in problem-solving competence
increase user's confidence in the system
increases their confidence
instill confidence
it can help build confidence
might give us more confidence
more user confidence
significantly increase users’ confidence
strenghten the confidence of users

Correctness_P
help correct errors in input data
necessary for correcting an error
optimality and correctness

Customer Loyalty_P
affect perceptions of the organization
could help inspire loyalty
decrease the likelihood of abandoning the system
higher degrees of rapport
higher intention to use the interface again
increase the propability of using the system
it can help build rapport
make users more willing to continue the use of a system
promote rapport
rapport

Debugging_P
better debug the system
debug predictive models
debug the procedure
debugging
debugging purposes
determine and fix errors and faults
diagnosis and refinement
ease of debugging
enable users to debug the intelligent agent
enables models to be debugged
end-user debugging
for debugging
for system debugging
help in locating sources of error
help to identify and  correct errors
likely to be used for debugging



model debugging
notifying users about the defects in the system
play an important role in debugging systems
potential for aiding program analysis
support developers for system debugging
support system debugging
used in system diagnosis

Decision Justification_P
justification (e.g., offering reasons for an action).
justification (of individual recommendations)
justification (why recommendation was made)
justify a given decision
justify actions and decisions
justify the decision made
justify the outcome of a particular classification
provides the required information to justify results

Development Cost_N
at the expense of development effort
can be costly on multiple dimensions
cost expensive
could be costly
development cost
development time
is expensive

Effectiveness_P
increase overall effectiveness
system effectiveness limited by inability to explain
useful for increasing an intelligent system’s overall effectiveness

Efficiency_N
could result in less efficient systems
trade off explainability against efficiency

Ethics_P
achieve an evaluation of the ethical standards of a machine
achieve ethical AI
ensure ethical decisions are made
ethical decision making
ethics
evaluate if a decision is not in conflict with ethical norms
promote ethics
support ethical reasons

Fairness_P
a way to check fairness
address concerns about lack of fairness
assurance that fairness issues have been mitigated
demonstrate a model's fairness
detect discrimination
develop solutions against algorithmic discrimination
enable people to identify and address fairness
enable the identification of discrimination
enables to assess whether algorithm is just
ensure algorithmic fairness
ensure fair decisions are made
ensure fairness
ensure that algorithms do not encode discrimination
fair decision making
fairness
fulfill the goal of fairness
identify algorithmic biases
important to ensure algorithmic fairness
inspect fairness
mitigate decision biases
moderate assessments of fairness
non-discrimination
render decisions more fair
support fairness in decision-making
verify fairness

way to defend algorithmic decisions as being fair

Guidance_P
educate about product knowledge
guide in solving problems
guide users during the use of the system
increase product knowledge
provide guidance on  how to reverse adverse decisions
to better guide the user
to educate users about product knowledge

Human-Machine Cooperation_P
allow for a better human AI cooperation
crucial for effective human machine interaction
improve cooperation
improve the human-machine interaction performance
key to effective human-AI interaction
necessary for human in the loop
provide a more effective interface for the human in-the-loop
the ability of a model to be interactive with the user

Knowledge Discovery_P
causality
gain further insights or evidence
helpful for knowledge discovery
helpful tool to gain knowledge
knowledge generation
knowledge/scientific discovery

Learnability_P
aid learning
allow developers to not make the same mistake again
allow users to learn something from the system
allows the humans to learn
can facilitate learning
educate the user about the process of generating a recommendation
facilitate learning
help developers and humans working with a system learn from it
help users to learn about how the system works
improve user learning
learn how the system operates
learning how the system works
teach something and learn
teach users how to achieve a task

Mental Model Accuracy_P
a tool to build and refine inner knowledge models
align and adapt the mental models of the participating parties
assist participants in the conception of an accurate mental model
be aware of the system's limitations
can help users to develop better mental models of systems
create a shared understanding of decisions
discover when a system is pushed over the bound of its expertise
form accurate picture about the system's reliability
gradually improve the mental model
help build useful mental models
help the user to build a theory of mind
help users to understand when they can rely on the system
helps users determine whether their needs are known by the system
helps users to revise their theory of mind
keep agents on the same page with respect to their beliefs
know what the limitations of the system are
learn the methods and knowledge used in the problem solving process
users can judge whether their goal match those of the system

Model Optimization_P
detect bias in training data
detecting model bias
determine what should be learned by a model
identify bias in training data
identify problems in training data
improve and develop ML models



lead to the design of better models

Perceived Usefulness_P
assess whether a recommendations is useful
crucial aspects for system utility
effect on perceived usefulness of recommendations
enhance perceived usefulness of advice
increase perceived information usefulness
increase the perceived usefulness of a recommender system
perceived as a useful system
perceived system usefulness
usefulness

Perceived Value_P
a sense of control for the user
adds to business value
affect perceptions of fairness
be perceived as easy to use
being perceived as a trustworthy system
benefit perceived reliability
better user perception
convince users of of a system's competence
help improve user perceptions during system errors
help increase perceived benevolence
increase perceived control
increase perceived efficiency
increase perceived fairness
increase perceived recommendation quality
increase perceived safety
increase users' perception of system competence
increases users’ perception of the interface’s competence
influence the extent to which the decision is viewed as fair
more positive perceptions of a system
perceive as more helpful
perceive the interface as more competent
perceived to be fair
perception of system ease-of-use
positively affect perceptions of system effectiveness
promote more positive user perception of the system
raise perception of integrity
result in more positive user perceptions
system perceived as more competent
useful for increasing perceived value

Performance_N
drawbacks in terms of performance
loading memory issue
loading time issue
may conflict with performance
require high computational costs
take time to compute
trade-off at the expense of performance
trade-off with the performance of a model
use of CPU, memory, storage, and battery

Performance_P
help to decide between models
improve AI performance
improve overall system performance
increase system performance
learning time can be reduced

Persuasiveness_P
affect task-taking motivation
convince the user that the agent is correct
convince the user to accept the result
convince users that the suggested alternative is appropriate
convince users to adopt recommentation
convince users to try or buy
critical to acceptance of systems' decisions
greater adherence to system recommendation
help users to understand and accept a recommendation

improve persuasiveness
improve user acceptance of recommendations
improve users’ acceptance of recommendations
increase acceptance of system conclusions
increase persuasiveness of the recommended messages
increase probability of accepting a suggestion
increase the acceptance of recommendations
increase the system's persuasiveness
increased the acceptance of the recommendations
increasing system persuasivness
influence applicant reactions
invoke user's interest in recommendation
make recommendations more persuasive
may accept the system’s choices
more compliance with a request
motivate users to consume items
nudge the user in a certain direction
persuade users to make a certain choice
persuade users to try or purchase a recommended item
persuasion
persuasiveness
positively affect users' purchasing beghavior
suggestions being accepted by users

Predictability_P
ability to predict the system’s performance correctly
determine when the system will make a mistake
increase the user’s ability to predict the classifier decision
makes users more likely to correctly predict the model’s success

Privacy Awareness_P
lower privacy concerns
privacy awareness - ability to assess privacy
provides a way to check privacy

Privacy_N
can demolish stakeholder's anonymity
can hurt privacy
can threaten privacy
could jeopardize privacy
data privacy
negative consequences regarding privacy
pose a privacy risk
privacy implications
privacy issues regarding training data
privacy might be violated

Privacy_P
can help privacy
ensure privacy is uphold
ensure that sensitive information is protected
privacy
promote privacy

Reliability_P
improve reliability
reliability

Robustness_P
facilitate robustness
improve model robustness
instrumental in developing more robust systems

Safety_P
guarantee safety concerns
guarantee safety concerns are met
help create safer products
help increase safety
improve safety
increase safety
safety



Scrutability_P
alter which features of an item are deemed most important
customize recommendations to fit users' preferences
explain corrections back to the system
increase scrutability
provide scrutability
scrutability

Security_N
allow for gaming
can threaten security
enable individuals to game the system
enhance capabilities of attackers
facilitate manipuations of the system
introduce security vulnerabilities
may conflict with security
pose a security risk
security implications
trade off with security

Security_P
bridge the gap between ‘actual security’ and ‘perceived security’
identify illegitimate intrusion, malware, and other attacks
protection mechanism can be improved by public scrutiny
security

Stakeholder Trust_N
bad explanation-for-trust may fail to create trust
bad explanations may lead to distrust
can undermine trust
decrease trust
effects on trust
erode trust
may lead to mistrust
may lose trust
minimum explanations can potentially harm user trust
too much explanatio eroded user trust
too much explanation can degrade trust

Stakeholder Trust_P
achieve trust
achieve user trust
affect user trust
agents tend to trust
appropriately trust ML-based solutions
assessing trust
boost user trust
breed trust
build more trust in the interface
build trust in the agent's choices
build trust towards a machine's performance
can address trust concerns
can aim at acquiring trust
can engender trust
can promote trust in the system
correctly calibrate trust in systems
could help inspire user trust
critical tool to build public trust in AI
easier to trust
enable domain experts and users to trust the model
enable them to trust results
enable to have appropriate level of trust
engender trust in AI
enhance trust in the classifier
essential to assure trust
foster trust
foster user trust
fundamental mechanism to increase user trust
gain user trust
generating trust in the model
have a positive effect on user trust
have the potential to build a trust relationship

help gain user's trust
help inspire trust in a recommender
help promote trust
help to establish a more appropriate level of trust
impact perceptions of trust in the company
important in assessing trust
important in order to build human trust in systems
improve user trust
improving trust in decision by AI system
improving trust in the advice
increase trust
increase trust in the recommender system
increase trust in the system
increases user trust
increasing user trust
instill trust
means to establishing trust
moderate trust to an appropriate level
more likely to trust the underlying ML systems
positive effects on organizational trust
provide a way to check trust
significant improvement in user trust
significantly higher trust
significantly increase users' trust
students trust the system more
support trust
trust
will enhance trust at the user side
will trust the agent in the future

Support Decision Making_P
aid the explainee in performing a task
allow to make more accurate decsiosn
allow to make more informed and accurate decisions
allow users to make more informed decisions
better decision whether to choose the recommended item
employ for decision-making
empower users to make informed choices
enable users to make more accurate judgment on a decision
enable users to make more informed and confident decisions
enable users to make more informed decisions
evaluate possible alternatives
give enough infornation to decide
help decide whether to engage with item further
help facilitate improved user decisions
help users make accurate decisions
help users make to better decisions
help users to evaluate items correctly
help users to make more accurate decisions
help users to resolve preference conflict
helping users to make better decisions
helping users to make good decisions
improve the quality of user decisions
improve users' decision making
increased problem solving competence
influence decision making
make informed decisions
might be critical to aid a person in making final decisions
needed to make rational choices
provide users with knowledge to make decisions
support to make more accurate decisions
support user decision-making

System Acceptance_P
affect acceptance
beneficial to the system's acceptance
bring closer to acceptance by end users
can enhance acceptability of systems
can improve acceptance of recommender systems
convince to use system
determine the ovewrall adoption
essential for gaining acceptance



gain user acceptance
greater user acceptance
higher degree of willingness to use systems
higher level of willingness to use autonomous systems
important for acceptance of recommender systems
important for user acceptance
increase acceptance
increase user acceptance
increasing user acceptance
influential for acceptance of intelligent systems
key towards acceptance of AI systems
may increase system acceptance
means of influencing user acceptance
open the chance of adoption
pivotal to acceptance by society
potential to increase acceptance
promote acceptance of the system
requirement for model acceptance
user acceptance

Testability_P
enables models to be tested
help system designers to evaluate or test a system
helpful for testing

Trade Secrets_N
cannot protect proprietary information
disclose proprietary knowledge
model confidentiality
trade secret

Transferability_P
improve transfer learning
support transferability
transferability

Transparency_P
be perceived as transparent
can provide transparency
contribute to transparency
could provide transparency
foster transparency
fulfill the goal of transparency
improve transparency
improve transparency of the system
increase the system's transparency
increase transparency
increased transparency
increasing perceived transparency
increasing system transparency
increasing transparency of system reasoning
make more transparent
offer transparency
perceived to be transparent
provide transparency
provide transparency of how system works
providing system transparency
render decisions more transparent
support transparency
system transparency
transparency

Trustworthiness_P
achieve complete trustworthiness
create more trustable products
essential for becoming trustworthy
foster trustworthiness
important to achieve trustworthy AI
improve untrustworthy models
increase trustworthiness
make it more trustworthy
trustworthiness

trustworthy AI

Understandability_N
create false binaries
hinder understanding if not appropriate
may cause information overload

Understandability_P
ad in understanding network mistakes
aid in understanding an automated vehicle’s function
aid in understanding the decision's consequences
allow its users to better understand its outputs
allow to understand the behavior of a DNN
allow users to understand why prediction is made
assist understanding how the system processes data
better understand what a model has learned
can be easily comprehended
can increase our understanding of the models
can strongly infuence users’ understanding of complex data
concerned with enabling human understanding
effects on user understanding
enable domain experts and users to understand the model
enable human users to understand
enable human users to understand AI systems
enable understanding
enhance understanding of training situations
enrich people's understanding
equip users to understand the system
facilitate the understanding of the system
get insights into predictions
help a user to understand why an item is recommended
help the human to understand the behavior
help the human to understand why an agent failed
help the user better to understand the rationale
help user to understand agent behavior
help user to understand why item is recommended
help users to understand system's output
help users understand the suggestions made
help users understand the system's operation domain
helpful for understanding intelligent system's reasoning process
hint to better understanding of the job recommendations
important for program comprehension
important to understand how the system operates
improve understandability of ML
improve user understanding of the system
improve users' understanding
improving user understanding
interpretability
it can help build understanding
key to understanding models better
know the system's reasoning
make decisions understandable
make opaque algorithms more understandable
positive effect on understandability
provide insights into the model
show a significant improvement in user understanding
support intelligibility
tell us something about the decison-making process
tend to cause understanding
tool to build understanding of the technology
understand and contextualize the system strategy
understand and evaluate the model
understand system behavior
understand system's reasoning
understand the relevance feedback algorithm
understanding
understanding a system
understanding how the application works
understanding of why the outcome arose
understanding system behavior
way to better understand decisions
way to interpret the decisions



Usability_N
not every software should provide explanations
reducing the sense of ease of use
the focus is not on usability

Usability_P
better utilize the AI
can help reduce complex cognitive efforts
crucial aspect for usability
ease of use of the recommender system
ensure effective interactions with ML systems
help to improve the usability of the system
improve usability
increase ease of use
leads to more effective use
leads to more efficient use
make better use of the system
make effective use of system
make it quicker and easier for users to find what they want
reduce cognitive burden
save user's cognitive effort
save user's interaction efforts
substantially affect usability
to make a better use of a system's outputs
usability

User Awareness_P
can promote awareness
increase situational awareness
serve awareness

User Control_P
control
enable users to control their interaction more actively
give greater control to the user
human control over the decision
meaningful human control over algorithms
provide control
starting point for better user control

User Effectiveness_N
can be conflicting with effectiveness
lead to agreement with incorrect system suggestions
lead to automation bias when familiar with problem

User Effectiveness_P
allow to assess whether the alternative is appropriate
can lead to greater accuracy in decision making
effectiveness
improve users' decision effectiveness
necessary for the user to carry out his or her task
user effectiveness

User Efficiency_N
require significant human effort
taking more time
users need to take time to analyze explanations

User Efficiency_P
decreasing the time needed to reach a judgement
help users make decisions faster
help users make faster decisions
reduce time for decision making
user efficiency
user's decision efficiency
users need less time understanding the interface

User Experience_N
become distracting over time
can pollute user interface
may have contributed to confusion or surprise
too much explanation can create confusion

User Experience_P
change user attitude towards the system
improve users’ experience
influences actions, emotions and beliefs of the recipient
lead to more positive user attitudes
make the system more engaging
play an important role in improving user experience
promote feelings of familiarity
user experience

User Performance_P
affect test performance
better user performance
can increase performance on information retrieval tasks
improve task performance
improve user performance
improved decision quality
improved problem solving performance
user performance

User Satisfaction_P
be more comfortable
brings enjoyment to users
can increase user satisfaction
can lead to higher level of satisfaction
contributes to user satisfaction
decrease frustration
feel more comfortable
has a positive effect on satisfaction
higher degrees of satisfaction
important for user satisfaction
improved user satisfaction
improving user satisfaction
increase enjoyment
increase satisfaction
increase user satisfaction
increase users’ satisfaction
increased participants’ satisfaction with the recommendation
lead to better user satisfaction
lead to greater satisfaction
lead to greater user satisfaction
positive effect on satisfaction
positive relationship with user satisfaction
promote feelings of comfort
satisfaction
significantly impact satisfaction
user satisfaction

Validation_P
help users assess if the recommended alternative is truly adequate for them
validate system knowledge
way of validating the decision process of an AI
way to verify the validity of a decision

Verifiability_P
assess whether a prediction is accurate
check the system by examining the way it reasons
enable users to verify that an algorithm is accurate
ensure that algorithms are performing as expected
ensure that algorithms perform as expected
evaluate correctness of system ouputs
evaluate the goodness of a match
evaluate the proposed solution
help users evaluate the accuracy of the system's prediction
increase the ability to assess whether a prediction is accurate
verification
verify accuracy
verify correct functioning
verify that the system works as it should
verify the correctness of the knowledge base or structure



V. WORKSHOPS

A. Homework

For the workshop with requirements engineers, we designed
the following hypothetical scenarios. Note that the workshops
were originally in German, so the following scenario descrip-
tions are translations.

a) Loan Issuing Software: Bank Tresor Holdings Ltd.
wants to change its loan issuing software. In the past, the
bank has often come under suspicion of including gender or
ethnicity when determining creditworthiness. For this reason,
the new system is to be equipped with a feature that will allow
the employee to find out why a particular person gets the
calculated credit score. The system should be able to explain
to the employee what the most important factor was that
contributed to that exact classification, and what the customer
would have to change to get a different (better) credit score.
Tresor Holdings employees are experts in their field and can
work through even complicated issues in a way that customers
can understand. The customers themselves do not get to see
anything from the system.

b) Medical Diagnosis System: Saint Health hospital not
only wants to help doctors make better judgments, but also to
upgrade the doctor-patient interaction. To this end, it plans to
introduce a new interactive disease prognosis system that not
only reliably explains to doctors how a particular prognosis
came about, but can also provide this information tailored to
patients. With the help of the system, doctors will be able
to better educate patients about their diagnoses so they can
accept or reject a particular treatment in an informed and
justified manner. Beyond being understandable to patients, of
course, the system should also be able to provide doctors with
additional specialist information that patients might not be able
to relate to.

c) Applicant Selection Software: The company Good-
Jobs wants to automate most of its hiring process. Before a
select few applicants get a real interview, an initial screening
is to take place completely online. The final result should
not only be presented to the applicants, but also made
comprehensible for them. Especially the rejected applicants
should be able to understand what led to their rejection and
how they can improve for the next time. The recipients of
the explanations should not only be the applicants, but also
the legal department, which must determine whether certain
rejections were justified.

d) Autonomous Driving: The car manufacturer Au-
toNomous GmbH is the first car manufacturer in the world
to offer fully autonomous vehicles. As with normal vehi-
cles, however, accidents do occur from time to time with
autonomous vehicles, but much less frequently than with
conventional automobiles driven by humans. In order to be
able to resolve these rare accidents without the help of experts,
an explanatory component is to be added to the software. The
company can no longer afford to provide an expert to analyze
and assess each accident. The software extension should make

it easy for accident investigators to find out for themselves
what led to the accident and who is responsible.
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A. Mojsilović, K. N. Ramamurthy, and K. R. Varshney, “Ted: Teaching
ai to explain its decisions,” in Proceedings of the 2019 AAAI/ACM
Conference on AI, Ethics, and Society. New York, NY, USA:

Association for Computing Machinery, 2019, pp. 123–129.
[206] M. Strevens, “The causal and unification approaches to explanation
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