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“Only 53% of Al

prototypes
actually make it

into production.”
| Gartner|]
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Many Al models
fail after deploymen

* Acceptance / trust issues

e Bad integration into user's
workflows

 Accuracy issues because
context or environment not
controllable anymore

* Unrealistic assumptions
about the domain

 Legal, technical or social
requirements not met

CHI 2020 Paper
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A Human-Centered Evaluation of a Deep Learning System
Deployed in Clinics for the Detection of Diabetic
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ABSTRACT

Deep learning algorithms promise to improve clinician work-
flows and patient outcomes. However, these gains have yet to
be fully demonstrated in real world clinical settings. In this
paper, we describe a human-centered study of a deep learning
system used in clinics for the detection of diabetic eye dis-
ease. From interviews and observation across eleven clinics
in Thailand, we characterize current eye-screening workflows,
user expectations for an Al-assisted screening process, and
post-deployment experiences. Our findings indicate that sev-
eral socio-environmental factors impact model performance,
nursing workflows, and the patient experience. We draw on
these findings to reflect on the value of conducting human-
centered evaluative research alongside prospective evaluations
of model accuracy.

Author Keywords
human-centered Al, health, deep learning, diabetes
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INTRODUCTION

Diabetes is a growing problem around the world, including
in Southeast Asia [39]. As of 2016, 9.6% of Thailand’s pop-
ulation was living with diabetes, comparable to 9.1% of the
population in the United States [41, 40]. With diabetes comes
complications, including diabetic retinopathy (DR), a con-
dition caused by chronically high blood sugar that damages
blood vessels in the retina, the thin layer at the back of the
eye responsible for sensing light and sending signals to the
brain. These blood vessels can leak or hemorrhage, causing
vision distortion or loss. DR is one of the leading causes of
vision impairment in the world [29], and causes 5% of cases
of blindness worldwide, excluding refractive errors [38]. In
Thailand, 34% of patients with diabetes have low vision or
blindness in either eye [23].

In early stages of DR, a patient often has no symptoms, making
it important for people living with diabetes to be screened
regularly, as this is the stage in which damage can be reversed—
progression of DR can be stopped or significantly reduced by
blood sugar control. Early detection is key to initiate timely
treatment and mitigate the risk of blindness.

Since 2013, the Ministry of Health in Thailand has set a goal
to screen 60% of its diabetic population for diabetic retinopa-
thy (DR). However, reaching this goal is a challenge due to
a shortage of clinical specialists. In Thailand, there are 1500
ophthalmologists, including 200 retinal specialists, who pro-
vide ophthalmic care to approximately 4.5 million patients
with diabetes [23]—a ratio of about 1:3000, about double of
what it is in the United States [3, 11]. The shortage of doctors
limits the ability to screen patients and also creates a treat-
ment backlog for those found to have DR. As a result, nurses
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xﬂ;. rancesco - oc W All ML projects which turned into a disaster in my
& AWS ML Hero. MLE @boltann career have a single common point:

Failed Chemist. Blogging about SR , ,
my ML/DL journey. IceVision == | didn't understand the business context first, got

core-dev. over-excited about the tech, and jumped into coding
too early.




Some problems are
emerging simply
due to the lack of
RE/SE skills!

This is rather "easy” to solve!




SE & Al: Long co-existen
& co-development ='

1960’s: Symbolic Al / Reasoning / Logic Programming

1980’s: Rule-based Systems / Blackboard Patterns
1990's Reasoning in RE / (Goal) Modeling

Last decade: Mega Machine Learning (ML)
trend through availability of data:

* SE has “ridden” this mega trend
* Open-source data > Mining Software Repos
* RecSys in software engineering from 2010+

« NLP for SE (how also Computer Vision for SE)
2022: CAIN Conference @ ICSE




While “surfing
the ML wave”,

we neglected our
core strengths to

help All
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Al-based systems are different

 Design system (behavior) and “data % * Here's the data, build a system
scheme” around it! It shall tolerate and adapt
Users will “feed” system with data to user “errors”; but no bias please!
* Observable errors are debug'able %  Black-boxed tacit errors
through decision paths Unclear/ untraceable decision logic
* | trust you know what's reasonable/ ¥+ "We need an Al for this.
feasible for my requirements” Can't we do all this with ChatGPT"

— — ” -
Then... Now...
24




Selection of recent general studies about
engineering ML systems

ICSE"19

Software Engineering for Machine Learning:
A Case Study

TSE'"19 .

How does Machine Learning Change Software
Development Practices?

Zhiyuan Wan, Xin Xia, David Lo and Gail C. Murphy

"The randomness... complicates

data, random observation order, random
initialization for weights, random batches...

random optimizations in different ... libraries”

|ICSE'22

Collaboration Challenges in Building ML-Enabled Systems:
Communication, Documentation, Engineering, and Process

Nadia Nahar

Shurui Zhou
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mature, while some remain as essential to the practice of large-

Personal computing. The Internet. The Web. Mobile com-  scale Al We have made a first attempt to create a process
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other organizations.

P we q 8
and deploying ML systems! is relatively fast and cheap, but  differenices that were perceived by our interviewees and
maintaining them over time is difficult and expensive due ~derived 80 candidate statements that describe the differ-
- ences. We further improved the candidate statements via

21%

rXiv

are more :
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- “Tevel cognition fcations, but it is widely,
acknowledged that moving from a prototyped machine-learned
model to a production system is very challenging. For example,
Venturebeat reported in 2019 that 87 percent of ML projects fail
[107] and Gartner claimed in 2020 that 53 percent do not make
it from prototype to production [69]. While traditional software
projects are already complex, failure prone, and require a broad
ange of & i i i

introduction of machine learning raises
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Tailoring
Software and
Requirement
Engineering

for Al
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1. Move from
correct to

acceptable
requirements

27



Acceptable Al requirements

* Instead of “as high as possible”

* Depending on domain, use case,
requirements, release plan...

* Qualitative and quantitative

» What types or failures/ rates are
acceptable, when, why, for
whom...? 28



Metamodel for discussing and specifying
acceptable quality requirements

Al Quality Quality Level
assessed by defines
\ 4 \ 4
Evaluation | measures | Acceptable | for _ Release
Metric g Value -
iis based on y Corresponds
suggests
Failure Type > Importance
/h /W
as a
Prediction : :
Failure Risk/Hazard Opportunity Frequency

29



ERIENERGY &2 Negotiate and specity
gicnisis e standard levels

instead of values

Deal with technical dept
and

» Allow comparison

* Manage

From Wikipedia



v

D)

l

rypin




.

HOME | 1.4 SIDE MEWY
O 7 : O \ / &

R

R ISSUES
X ARTICLES

[\

1E stve> || |
|

'A

CLE TLTLES
[s]
Jar

ﬁn \{lr'r’W" Ep- 3

Lbaobmu 1013 TR

<ARTIQE TTRE |
CARTI(LE TIWE> |

s

B DeC ¥, 201> ¥ JAVE 0E QQ (w)

‘ <PRTICLETTTULED |
<RerTwe TTIS

VETLIN DENWOV |
"TEST PROJECT-NEWS «WEB ]
«10 |t /w /8]

oy

Wallet Home

My Documents

marsacaors

My Documents - Ed...

Credit Cards — Edit

Loyalty Card - Edit

My Documents - S

« Wy Dacmmasts

Credit Cards — Add

Loyalty Card - Add

Grere shams

C..

Q




Prototyping in Al = Computational Noteboo

5 Ju pyter Lorenz Differential Equations jsuwsmes -

File Edit View Insert Cel Kerne Help Python3 O

B+ @B 2 v > B C  Code ¢ Cell Toolbar: None '

= Jupyter weicome to P Exploring the Lorenz System

In this Notebook we explore the Lorenz system of differential equations:

File Edit View nsert Cel

x=o(y-x)
8 + x a8 4+ v » 1 :
y=px=y=-2xz

= =fz+xy

This is one of the classic systems in non-linear differential equations. It exhibits a range of
- J u pyt e r complex behaviors as the parameters (¢, f, p) are varied, including what are known as chaotic
N solutions. The system was originally developed as a simplified mathematical model for
atmospheric convection in 1963,

Welcome to the In [7]: interact(Lorenz, N=fixed(10), angle=(0.,360.),
o=(0.0,50.0),B=(0.,5), p=(0.0,50.0))
This Notebook Server wal
angle 308.2
WARNING max_time 12
Don't rely on this seny
o 10
Your server is hosted thar p 26
p 28

Run some Python (

To run the code below:

1. Click on the cell to s¢
2. Press SHIFT+ENTER

A full tutorial for using the

In [ ]): %matplotlib inline

import pandas as pd
import numpy as np

deammnnrd matenlnatl th




> Data- + User-

Centered
Prototyping

* Design Al with human (users) in the loop!
» E.g. using prediction uncertainty

[Maalej & Pagano, On the Socialness of Software, DASC'11] [Andersen and Maalej, ACL 22] q



Example of Human (Users) in the Loop:

Moderated classifiers as deployment pattern

Uncertainty
measure
/
. f(x)  ifulyle,w] <y
fmod(®) = I Threshold based
OH ('/E> ClSe \ on a moderation
/ strategy

Human oracle

[Andersen and Maalej, ACL 22]
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R ; 2 Big Data

Use bounding boxes to indicate
the position of iguanas
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A Chat with Andrew on MLOps: From Model-centric to Data-centric Al
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4. Embedding
responsible Al
terminology into
the engineering
workflows
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1.Human agency and

INDEPENDENT .
HIGH-LEVEL EXPERT GROUP ON oversig ht
ARTIFICIAL INTELLIGENCE | 2.Technical robustness and
" safety
** | ** r4&5®  3.Privacy and data
*; Al :’ B .¥.4  governance transparency
X e K Akt L5 4. Diversity, non-
=

discrimination and fairness
ETHICS GUIDELINES 5.Environmental and societal
FOR TRUSTWORTHY Al :
well-being and

6. Accountability
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The Role of Linguistic Relativity on the
Identification of Sustainability Requirements:
An Empirical Study

Yen Dieu Pham, Abir Bouraffa, Marleen Hillen and Walid Maale;j
University of Hamburg
Hamburg, Germany
{yen.pham-1, abir.bouraffa, marleen.hillen, walid.maalej} @uni-hamburg.de

Abstract—Linguistic-Relativity-Theory states that language
and its structure influence people’s world view and cognition. We
investigate how this theory impacts the identification of require-
ments in practice. To this end, we conducted two controlled exper-
iments with 101 participants. We randomly showed participants
a set of requirements dimensions (i.e. a language structure) either
with a focus on software quality or on sustainability and asked
them to identify the requirements for a grocery shopping app
according to these dimensions. Participants of the control group
were not given any dimensions. The results show that the use
of requirements dimensions significantly increases the number
of identified requirements in comparison to the control group.
Furthermore, participants who were given the sustainability
dimensions identified more sustainability requirements. In follow
up interviews with 16 practitioners, the interviewees reported
benefits of the dimensions such as a holistic guidance but were
also concerned about the customers acceptance. Furthermore,
they stated challenges of implementing sustainability dimensions
in the daily business but also suggested solutions like establishing
sustainability as a common standard. Our study indicates that
carefully structuring requirements engineering along sustainabil-
ity dimensions can guide development teams towards considering
and ensuring software sustainability.

Index Terms—software sustainability, requirements engineer-
ing, requirements dimension, interdisciplinary design

regard to sustainability requirements. The basic assumption is
that requirements dimensions represent structures of the lan-
guage used during the requirements identification and resulting
requirements represent the “worldview and behaviour” of the
stakeholders involved in this task.

We report on two online experiments, where we asked par-
ticipants to identify requirements for a grocery shopping app
according to a randomly assigned set of requirements dimen-
sions or no dimensions. We focused on two sets of dimensions.
The first set is derived from the ISO/IEC 25010:2011 standard
on Systems and Software Quality [S]. However, this set does
not take sustainability dimensions into account [6]. Therefore
we derived a second set from the framework ShapeRE [7],
which includes the Karlskrona Manifesto’s [8] sustainability
dimensions such as social, economic, ecological, individual
and technical. We analyzed the requirements identified by
the participants to determine whether the dimensions lead i.)
to more requirements in general, and ii) to more sustain-
ability requirements. We define a sustainability requirement
as a requirement that can be matched to at least one of
the sustainability dimensions of the Karlskrona Manifesto.
Since in practice Linecuistic-Relativity miecht be iust one of

46



4

5. TRADEOFF M 4
ANALYSIS FOR
RESPONSIBLE All

""
.




Tradeoff analysis for Al systems
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Sustainability Explainability Prediction Accuracy Fairness Privacy
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+9 to 10%
+5 to 6%

+2 t0 4%

Decision Tree  Transformer Given name Facial image

[Strubell et al ACL'19] [Chazette et al. RE'21]
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The interplay between black-box
and white-box testing
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Two black-box testing ideas

ACL20

Beyond Accuracy: Behavioral Testing of NLP Models with CHECKLIsT

Marco Tulio Ribeiro!

Tongshuang Wu?

Carlos Guestrin?  Sameer Singh®

'Microsoft Research  2University of Washington ~ *University of California, Irvine
marcotcr@gmail.com {wtshuang,guestrin}@cs.uw.edu sameerQuci.edu

Abstract

Although measuring held-out accuracy has
been the primary approach to evaluate general-
ization, it often overestimates the performance
of NLP models, while alternative approaches
for evaluating models either focus on individ-
ual tasks or on specific behaviors. Inspired
by principles of behavioral testing in software
engineering, we introduce CueckList, a task-
agnostic methodology for testing NLP mod-
els. CueckList includes a matrix of general
linguistic capabilities and test types that facil-
itate comprehensive test ideation, as well as a
software tool to generate a large and diverse
number of test cases quickly. We illustrate the
utility of CueckList with tests for three tasks,
identifying critical failures in both commercial
and state-of-art models. In a user study, a team
responsible for a commercial sentiment analy-
sis model found new and actionable bugs in
an extensively tested model. In another user
study, NLP practitioners with CueckList cre-
ated twice as many tests, and found almost
three times as many bugs as users without it.

1 Introduction

One of the primary goals of training NLP models
is generalization. Since testing “in the wild” is
expensive and does not allow for fast iterations,
the standard paradigm for evaluation is using train-
validation-test splits to estimate the accuracy of
the model, including the use of leader boards to
track progress on a task (Rajpurkar et al., 2016).
While performance on held-out data is a useful
indicator, held-out datasets are often not compre-
hensive, and contain the same biases as the training
data (Rajpurkar et al., 2018), such that real-world

A number of additional evaluation approaches
have been proposed, such as evaluating robust-
ness to noise (Belinkov and Bisk, 2018; Rychalska
etal., 2019) or adversarial changes (Ribeiro et al.,
2018; Iyyer et al., 2018), fairness (Prabhakaran
et al., 2019), logical consistency (Ribeiro et al.,
2019), explanations (Ribeiro et al., 2016), diagnos-
tic datasets (Wang et al., 2019b), and interactive
error analysis (Wu et al., 2019). However, these
approaches focus either on individual tasks such
as Question Answering or Natural Language Infer-
ence, or on a few capabilities (e.g. robustness), and
thus do not provide comprehensive guidance on
how to evaluate models. Software engineering re-
search, on the other hand, has proposed a variety of
paradigms and tools for festing complex software
systems. In particular, “behavioral testing” (also
known as black-box testing) is concerned with test-
ing different capabilities of a system by validating
the input-output behavior, without any knowledge
of the internal structure (Beizer, 1995). While there
are clear similarities, many insights from software
engineering are yet to be applied to NLP models.

In this work, we propose CueckLisT, a new eval-
uation methodology and accompanying tool' for
comprehensive behavioral testing of NLP models.
CreckList guides users in what to test, by provid-
ing a list of linguistic capabilities, which are appli-
cable to most tasks. To break down potential ca-
pability failures into specific behaviors, CueckLisT
introduces different test types, such as prediction
invariance in the presence of certain perturbations,
or performance on a set of “sanity checks.” Fi-
nally, our implementation of CueckLisT includes
multiple abstractions that help users generate large
numbers of test cases easily, such as templates, lexi-

TSE’
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BiasFinder: Metamorphic Test Generation to
Uncover Bias for Sentiment Analysis Systems

Muhammad Hilmi Asyrofi, Zhou Yang, Imam Nur Bani Yusuf, Hong Jin Kang, Ferdian Thung and David Lo

Abstract—Artificial Intelligence (Al) software systems, such as Sentiment Analysis (SA) systems, typically learn from large amounts of
data that may reflect human biases. Consequently, the machine learning model in such software systems may exhibit unintended
demographic bias based on specific characteristics (e.g., gender, occupation, country-of-origin, etc.). Such biases manifest in an SA
system when it predicts a different sentiment for similar texts that differ only in the characteristic of individuals described. Existing
studies on revealing bias in SA systems rely on the production of sentences from a small set of short, predefined templates. To address
this limitation, we present BiasFinder, an approach to discover biased predictions in SA systems via metamorphic testing. A key feature
of BiasFinder is the automatic curation of suitable templates based on the pieces of text from a large corpus, using various Natural
Language Processing (NLP) techniques to identify words that describe demographic characteristics. Next, BiasFinder instantiates new

text from these templates by filling in p with words

with a class of a characteristic (e.g., gender-specific words

such as female names, “she”, “her”). These texts are used to tease out bias in an SA system. BiasFinder identifies a bias-uncovering
test case (BTC) when it detects that the SA system exhibits demographic bias for a pair of texts, i.e., it predicts a different sentiment for
texts that differ only in words associated with a different class (e.g., male vs. female) of a target characteristic (e.g., gender). Our
empirical evaluation showed that BiasFinder can effectively create a larger number of fluent and diverse test cases that uncover

various biases in an SA system.

Index Terms—sentiment analysis, test case generation, metamorphic testing, bias, fairness bug

1 INTRODUCTION

ANY modern software systems employ Al systems to

make decisions. In Al systems, fairness is considered
to be an important non-functional requirement; bias in Al
systems, reflecting discriminatory behavior towards unpriv-
ileged groups, can lead to real-world harms. To address
this requirement, software engineering research techniques,
such as test generation, have been applied to detect bias [1]-
[5]. While various techniques have been proposed for test
generation of machine learning systems [1]-[4], there have
been limited studies on detecting biases in text-based ma-
chine learning systems [5]. Text-based ML systems have
numerous applications, for example, NLP techniques have
been used for Sentiment Analysis (SA). It is, therefore,
important that biases in these systems can be detected before
these systems are deployed.

SA systems are used to measure the attitudes and affects
in text reviews about an entity, such as a movie or a news
article [6], [7]. In this work, we focus on uncovering bias in
SA for three reasons:

Firstly, SA has widespread adoption in many do-
mains [8], [9], including politics [10], [11], finance [12]-
[15], business [16], education [17]-[19], and healthcare [20]-
[22]. In the research community, SA continues to be widely
studied [23]-{28]. In the industry, many companies, such

e M.H. Asyrofi, Z. Yang, LN.B. Yusuf, H]. Kang, F. Thung, D. Lo are

PR 1ha Colinad  off oz

SRR R S5 R e

as Microsoﬂﬂ and Googl have developed and provided
APIs for software developers to access SA capabilities. This
suggests the prevalence of SA in real-life applications. As a
result, bias in SA systems can have a big impact on society.

Secondly, SA has generalizability to other areas of NLP.
Some NLP researchers have considered SA to be “mini-
NLP” [9], as research on SA techniques builds on top of a
wide range of topics and tasks in the NLP domain. Cambria
et al. [29] argues that SA is a problem with a composite
nature, requiring 15 more fundamental NLP problems to
be addressed at the same time. Therefore, we believe that
tackling bias in SA is a suitable first step that could lead to
a more general approach to detect bias in textual data.

Thirdly, due to the importance of SA systems, there are
many recent research works [5], [30]-[34] that focus solely
on the fairness issues in SA systems. Although these works
are not guaranteed to be fully generalizable to all kinds of
NLP systems, the importance and wide applicability of SA
justify the need of fairness studies that focus on it.

Modern SA models have outstanding performance on
benchmark datasets, which demonstrates their effectiveness.
However, there has been a growing understanding in both
the Software Engineering |3] and Artificial Intelligence [5]
research communities that it is important to study non-
functional requirements, such as fairness, which have been
overlooked. Al systems learn from data generated by hu-
mans. In the case of SA, the training data is typically a
dataset of human-written reviews. The training data may re-
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on templates an

INV:  Switching locations
should not change predictions

NER

INV: Switching person names
should not change predictions

MFT: Sentiment change over

Temporal time, present should prevail

I really €59 the flight .
MORE... FILL IN WITH... MORE...

We B Check All this

enjoyed that
liked
loved

regret

[Tulio Ribeiro et al., ACL'20]
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Metamorphic testing for NLP models

- templates (and then mutants) for gender, occupation, and county-of-

origin biases

Original Text

It seems that Jake with all his knowledge of the great
outdoors didn’t realize the danger! He enters a mine shaft
that’s leaking with dangerous gas!

Mutated Text

It seems that Julia with all her knowledge of the great
outdoors didn’t realize the danger! She enters a mine shaft
that’s leaking with dangerous gas!

When to generate test
cases and when to

specify with “human
intelligence”?

[Hilmi Asyrofi et al., TSE'21]
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ABSTRACT

As Deep Learning (DL) is continuously adopted in many industrial
applications, its quality and reliability start to raise concerns. Simi-
lar to the traditional software development process, testing the DL
software to uncover its defects at an early stage is an effective way
to reduce risks after deployment. According to the fundamental
assumption of deep learning, the DL software does not provide
statistical guarantee and has limited capability in handling data
that falls outside of its learned distribution, i.e., out-of-distribution
(OOD) data. Although recent progress has been made in designing
novel testing techniques for DL software, which can detect thou-
sands of errors, the current state-of-the-art DL testing techniques
usually do not take the distribution of generated test data into
consideration. It is therefore hard to judge whether the "identified
errors” are indeed meaningful errors to the DL application (i.e., due
to quality issues of the model) or outliers that cannot be handled
by the current model (i.e., due to the lack of training data). Tofill

this gap, we take thefi rst step and conduct a large scale empirical
study, with a total of 451 experiment configurations, 42 deep neural
networks (DNNs) and 1.2 million test data instances, to investigate
and characterize the impact of OOD-awareness on DL testing. We
further analyze the consequences when DL systems go into produc-
tion by evaluating the effectiveness of adversarial retraining with
distribution-aware errors. The results confirm that introducing data
distribution awareness in both testing and enhancement phases
outperforms distribution unaware retraining by up to 21.5%.

CCS CONCEPTS

« Computing methodologies — Neural networks; « Software
and its engineering — Software testing and debugging.
KEYWORDS

Deep learning testing, quality assurance, out of distribution
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1 INTRODUCTION

Recently, deep learning (DL) achieved tremendous success and is
continuously adopted in many applications, such as image classifi-
cation [3], speech recognition [47], natural language processing [6],
video gaming [7], etc. Service operations are supported by simple
administrative tasks outsourced to deep learning software while
facturing further 1 through ion via intelli-
gent robotics [5]. Furthermore, an increasing demand for automa-
tion and intelligent support is also witnessed in some safety-critical
areas, such as autonomous driving [45, 46] and healthcare [1].

As more and more DL software is applied to diverse application
domains, impacting our daily activities and lives, its quality and
reliability quickly raise lots of concerns, especially in the context of
safety-critical and security-critical scenarios. We have already wit-
nessed the accidents and negative social impacts that were caused
by quality issues of DL software, e.g., Tesla/Uber accidents [49, 50],
wrong diagnosis in healthcare, e.g. cancer or diabetes [1]. Therefore,
systematic testing to uncover the incorrect behavior and under-
stand the capability of the DL software is pressing and important,
which not only provides confidence in its quality but also reduces
the risks after deployment.

However, different from traditional software whose decision
logic is mostly programmed by the developer, deep learning adopts
a data-driven programming paradigm. In particular, the major tasks
of a DL developer are preparing the training data, labeling the
data, programming the architecture of the deep neural network
(DNN), and specifying the training configuration. All the decision
logic is automatically learned during the runtime training phase
and encoded in the obtained DNN (e.g., by weights, bias, and their
combinations). Due to the differences of programming paradigm,
the logic encoding format, and the tasks that a DNN is often devel-
oped for (e.g., image recognition), testing techniques for traditional
software cannot be directly applied and new testing techniques are
needed for DNNs.

While some recent progress has been made in proposing novel
testing criteria [17, 25, 33, 35] and test generation techniques for
quality assurance of DNNs [8, 33, 35, 43, 48, 55, 58], it still lacks
interpretation and understanding on the detected errors by such
techniques and their impact. For example, it is not clear whether

errors are indeed caused by missing training data or insufficient
. e Tha Fired. ’ .
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MSR'22

Beyond Duplicates: Towards Understanding and Predicting Link

ABSTRACT

Software projects use Issue Tracking Systems (ITS) like JIRA to
track issues and organize the workflows around them. Issues are of-
ten inter-connected via different links such as the default JIRA link
types Duplicate, Relate, Block, and Subtask. While previous research
has focused on analyzing and predicting duplication links, this work
aims at understanding the various other link types, their prevalence,
and characteristics towards a more reliable link type prediction. For
this, we studied 607,208 links connecting 698,790 issues in 15 public
JIRA repositories. Besides the default types, the custom types De-
pend, Incorporate, Split, and Cause were also common. We manually
grouped all 75 link types used in the repositories into five general
categories: General Relation, Duplication, Composition, Temporal /
Causal, and Workflow. Comparing the structures of the correspond-
ing graphs, we observed several trends. For instance, as expected,
Duplication links tend to represent simpler issue graphs often with
two components and Composition links present the highest amount
of hierarchical tree structures (97.7%). Surprisingly, General Relation
links have a significantly higher transitivity score than Duplication
and Temporal / Causal links.

Motivated by the differences between the types and by their
popularity, we evaluated the robustness of two state-of-the-art
duplicate detection approaches from the literature on our JIRA
dataset. We found that current deep-learning approaches confuse
between Duplication and other links in almost all repositories. On
average, the classification accuracy dropped by 6% for one approach
and 12% for the other. Extending the training sets with other link
types seems to partly solve this issue. We discuss our findings and
their implications for research and practice.
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1 INTRODUCTION

Development teams use Issue Tracking Systems (ITS) such as Bugzilla,
Github Issues, or JIRA to track issues, including bugs to be fixed or
features to be implemented. Over the years ITS have emerged as a
central tool for planning and organizing development work [37],

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,

Types in Issue Tracking Systems

Clara Marie Luders, Abir Bouraffa, Walid Maalej

and for communicating with users and other stakeholders [4]. Most
ITS allow the creation of links between the issues to indicate tech-
nical or workflow dependencies. For instance, Bugzilla allows to
set properties such as “depends on”, “blocks”, and “See also” for bug
reports as well as to set the resolution status as “duplicate” with
link to a duplicate report [1]. Similarly, JIRA users can choose be-
tween four possible default types in the Issue Links section: Relate,
Duplicate, Block, and Clone®. Additionally, Subtasks and Epics can
be linked in separate sections.

Organizations can create and use additional link types to meet
their specific needs. For instance, Qt? uses 6 link types including
Split and Replace. Apache® uses as many as 21 including the custom
link types Container or Breaks. Each link type usually has an explicit
definition in the ITS. Over time, stakeholders might also develop
an “implicit” understanding of the connection represented by the
link type. This might be either indeed unique to the community
or simply a different name denoting the same connection labeled
differently in another community. For instance, Apache uses both
the link type Depend and Block, while all other repositories only
use one of these types predominantly. However, in Bugzilla these
two link types are equivalent®.

Studying the various link types and their usage patterns across
the communities is essential to understanding collaboration in ITS
and tightening automated tool support such as predicting missing
links [27, 35]. In recent years, research has intensively studied the
specific type Duplicate. Detecting those links would reduce the
resolution time of duplicated issues and might reveal additional
information included in one but not the other issue [5, 8]. Based on a
Bugzilla dataset by Lazar et al. [21], researchers recently presented
duplicate prediction approaches using state-of-the-art machine
learning models with top performances of up to 97% [10, 16].

This work takes a holistic view on issue link types. We report
on a study comparing the various types and their usage in 15 well-
known public JIRA repositories [25]. By studying link types in JIRA,
a widely used ITS in practice, we hope to create awareness about
how the other types beyond duplicates are used and to inform a
more generalizable and reliable link type predictions. Our work
has three specific contributions. First, we manually reviewed and
analyzed all types found in the ITS and categorized them into five
general link categories. We report on the types, categories, and
usage frequencies across the studied repositories. Second, we apply
techniques from the field of graph theory to compare the complex-
ity, shape, transitivity [29], and assortativity [26] of the different
graphs corresponding to each link category. Our comparison reveal
structural similarities across the repositories and several expected
and unexpected trends. Third, we show that current link prediction
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(Out-of-) Distribution
aware Testing

Capability in handling data
that falls outside of its learned

distribution (ID and OQOD test
case generation)

Taxonomy aware
Testing
Capability of recognising

similar but negative classes
(e.g. canids vs. wolf vs. dogs)

 _

[Berend et al. ASE'20]

[Lueders et al. MSR'22]
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Tailoring Requirements Engineering
for Responsible Al

Walid Maalej, Yen Dieu Pham and Larissa Chazette

Abstract—Requirements Engineering (RE) is the discipline for
identifying, analyzing, as well as ensuring the implementation and
delivery of user, technical, and societal requirements. Recently re-
ported issues concerning the acceptance of Artificial Intelligence
(AI) solutions after deployment, e.g. in the medical, automotive,
or scientific domains, stress the importance of RE for designing
and delivering Responsible Al systems. In this paper, we argue
that RE should not only be carefully conducted but also tailored
for Responsible AI. We outline related challenges for research
and practice.

Index Terms—AI Engineering, Machine Learning Engineer-
ing, Quality Requirements, Data-Centric AL, Trustworthy AI,
Human-in-the-Loop.

INTRODUCTION

A remarkably high number of AI solutions either do not
make it to the production environmenﬂ or fail after deploy-
ment. The reason is often the same: a missing or a bad

cases have in common, is that their Al models are designed
and trained in a lab environment, representing a limited un-
derstanding and representation of the real world scenarios, and
not accurately reflecting the context when making a decision.
Technology-driven Al solutions tend to prioritize automation
over stakeholder needs and to oversimplify rare but important
scenarios and tradeoffs. Moreover, a lack of transparency and
explainability of Al-based solutions often lead to mistrust and
low acceptance by users [4].

While some might argue that these issues represent greater
scientific, regulatory, and societal challenges, the good news
for responsible Al is that there is already an established prag-
matic engineering discipline which focuses on understanding
stakeholder needs, specifying acceptable requirements, and
ensuring the satisfaction of these requirements to a reasonable
extent within the solution space. This discipline is called
Requirements Engineering (RE) with a large body of knowl-
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