A Supplementary material for the Execution Plan with the SE
Authors

In this section of the Appendix, we provide the relevant information for the supplementary
material used to survey the authors of the identified Software Engineering (Software Engi-
neering (SE)) research papers using Machine Learning (Machine Learning (ML)). We sent
emails to the authors asking them to answer the following question based on a subset of the
identified papers in which they were authors, which was presented in the email.

Question: What machine learning best practices have you used in your software en-
gineering research papers, and how often did you apply those practices (Always, Frequent,
Sometimes, Never)?

Instruction given bellow the question:

Please write each practice in a new line:

- Good practice [how often]

B Supplementary material for the Execution Plan with SE
Researchers

In this section of the Appendix, we provide the relevant information for the supplementary
material used to survey and interview the Software Engineering (SE) researchers that have
used Machine Learning (ML).

B.1 Demographic Survey Questions

We collected and report demographic data about our interview participants. This data is not
reported within this article, but can be accessed in our online appendix. For simplicity, we
present each question following the conventions below: multiple choice question with a single
answer (Q), multiple choice question with multiple answers (), open question with a text

field for answering ( | Text Field] ), questions with a numeric field with accepted answers
between 0 and 100 ( ). In addition, if clarifications or instructions were provided for
a question, they will be presented after the question in italics between parentheses.

i) How many years of experience in software development do you have?

ii) How many papers have you published related to ML? (ML: Machine Learning)

iii) How many papers have you published related to SE without involving ML? (ML: Ma-
chine Learning, SE: Software Engineering)

iv) How many papers have you published related to ML4SE? (ML: Machine Learning, SE:
Software Engineering, ML4SE: ML for SE)

v) How many papers have you published related to SE4ML? (ML: Machine Learning, SE:
Software Engineering, SE4ML: SE for ML)

vi) What venues (journals/conferences) do you tend/prefer to publish in? (Please, separate

each venue with a comma (, )) | Text Field

vil) How would you describe your primary role?
O Researcher (academics) O Researcher (industrial)

O Applied Scientist O Tester O Project Manager O DevOps Engineer
O Programmer O Project Lead O IT Manager O Other [:]

viil) What is your highest level of education?
O Did not graduate from high school O Some college O High school

O Bachelors’ degree O Master’s degree O Doctoral degree O Other :]



ix) Which programming languages have you frequently used in past project(s)? (If more
than an additional language is added, please split them with “7)
O C/C++ O C# O Java O Javascript

O Julia O Python O R O Rust

O Dart O Kotlin O Other [:

x) Which types of Learning approaches have you used?
O Supervised O Semi-supervised O Reinforcement learning

O Unsupervised O Other [:]

xi) What types of ML tasks have you used?

0 Regression O Clustering 00 Machine translation
O Object detection O Transcription O Anomaly detection
O Other

xii) What types of systems have you developed involving ML?
O Operating systems 0O Server side [0 Mobile applications
0O Middleware O Desktop applications 0O Web applications
O Databases [0 Recommender systems

O Development tools (compilers, prog.languages, etc.) [ Other :}
xiil) Have you primarily worked on open-source or closed-source projects?

O Open-source only O Closed-source onlyO Open and closed-
source
xiv) For which domains (e.g., banking or healthcare) have you developed applications/sys-
tems? (List them next separated by coma (, ))
xv) Do you have a background in machine learning? (Formal (college classes, degree, cer-
tification) or informal (self-learning or other training)?)
O Yes, formal O Yes, informal O No
xvi) Do you have a background in software engineering research? (Formal (college classes,
degree, certification) or informal (self-learning or other training)?)
O Yes, formal O Yes, informal O No
xvii) When researching software engineering, do you keep track of your approaches/ models
+ dataset?, Which versioning systems have you used (e.g., CML, DVC, Git)?
Oves [ ] O No
xviil) How often did you release or help release a new magjor version of ML models over the
past two years? Please give your best estimate.
O Never O Annually O Quarterly O Monthly O More frequently

xix) Which country/countries are you and/or your organization based in? | Text Field

B.2 Interview Questions

i) Best Practices and Protocols

— What do you consider as a best practice?

— Which process, guidelines, or pipelines you follow when employing ML in SE?

— What do you consider are the “must” practices or protocols you use or implement
in your research/papers?

— Which are the most recurrent challenges when using ML for SE in any of the ML
workflow stages?

— Which practices do you use from each ML pipeline stage?

— How did you employ the components of learning to guide your ML model design?
[Abu-Mustafa, 2012]

— Do you take into consideration any of the learning principles (e.g., data snooping,
Occam’s razor, or sampling bias)? [Abu-Mustafa, 2012]

— Which quality attributes are important for SE systems that use ML? ;; ANSW1



— Do you have any particular difficulties/challenges when building an ML-enabled
system to ensure ANSW1 attributes?
ii) Education
— What educational resources have you employed to perform ML4SE? (e.g., tools,
languages, books, etc..)
— How do you learn ML4SE?
— How do you educate your students to enable ML4SE?
— How do you promote ANSW1 when teaching about ML4SE?
iii) Reviewer’s Perspective
— What issues have you observed when reviewing papers?
— What ML4SE areas are not being covered in conference reviews?
— As a reviewer, have you seen that the ANSW1 attributes are being addressed?
iv) ML Workflow Stages (Amershi et al.)
Model Requirements
— What was the rationale of selecting or proposing an ML model you have utilized
in your papers?
— Data Collection
— Do you collect your own data, use previous datasets, or both? How do you
select data/datasets?
— Which data collection strategies or protocols you employ in your studies?
— How do you promote ANSW1 when collecting data for ML-enabled systems?
— Data Cleaning
— Which pipelines do you employ to address data exploration?
— How do you perform data cleaning?
— How do you handle exploratory analysis in your studies?
— How important are exploratory analyses for data cleaning?
— How do you promote ANSW1 when cleaning data in ML-enabled systems?
— Data Labeling (if applicable)
— Which data labeling protocols do you use for your supervised tasks?
— How do you promote ANSW1 when labeling data for ML-enabled systems?
— Feature Engineering
— Which feature engineering methods you have employed?
— How do you promote ANSW1 when selecting and building features in ML-
enabled systems?
— Model Training
— What frameworks have you employed for model training?
— How do you parameterize your models?
— How do you promote ANSW1 when training models in ML-enabled systems?
— Model Evaluation
— How do you evaluate or validate your ML models?
— Do you employ any measurements to control for bias?
— Do you use any interpretability technique to guide your evaluation?
— How are measurements aligned to study RQs, goals, or business objectives?
— How do you promote ANSW1 when evaluating ML-enabled systems?
— Model Deployment
— How do you do promote ANSW1 when deploying ML-enabled systems?
— Model Monitoring
— Do you employ any measurements to handle concept drift?
— How do you monitor models during operation (e.g., user studies, industry
projects, production)?
— How do you promote ANSW1 when monitoring ML-enabled systems?
v) Potential Follow-up Questions



C Supplementary Material for the Results of the Open Coding,

2011-2022

C.1 Codes associated to the ML practices

data (ground truth) + results (output)

results (metrics)

data (code data)

data (textual data)

data

deep learning model(s)

model(s)
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genetic model(s)

data (images)

data (existing datasets)

information for ML pipeline

probabilities

data (incidents)

association rules

data (unlabeled)

data (private or propietary)

problem

Fig. 1 Percentage of subjects (i.e., papers, interviewees, and surveys) in which each input
category appears. The figure displays the first half of the input codes, organized by the
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Fig. 2 Percentage of subjects (i.e., papers, interviewees, and surveys) in which each input
category appears. The figure displays the second half of the input codes, organized by the
subject papers appearance.



compute classification accuracy metrics

use statistical learning models

use deep learning models

use collaborative knowledge sources

split data

use existing datasets

compare with baseline model(s), baselines non mi

model design, report model training details

cross validation

compare with baseline model(s), baselines deep learning
hyperparameter tuning

compare with baseline model(s)

compute efficiency metrics

use frequentists statistical methods

compare with baseline model(s), baseline statistical learning
remove parts of text

ablation study (data)

multiple runs/experiments

compute ranking and matching metrics

use sampling techniques

consider specific scenario(s) when evaluating a model
feature engineering, extract specific part of the textual data
collect own data

compute Area under the curve metrics

use SE tools/approaches
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Fig. 3 Percentage of subjects (i.e., papers, interviewees, and surveys) in which each tech-
nique category appears. The figure displays approximately the first sixth of the technique
codes, organized by the subject papers appearance.



compute information theoretic and statistical metrics
select/filter data based on their usefulness for the goal EGEG—_—_—_—_—_—_—_—_—_—0I1.4%
manual output inspection I 7.1% ”
use visualizations IEEEE——— 14.3%
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Fig. 4 Percentage of subjects (i.e., papers, interviewees, and surveys) in which each tech-
nique category appears. The figure displays approximately the second sixth of the technique
codes, organized by the subject papers appearance.



compute linguistic evaluation metrics

manual labeling

compute interrater agreement metrics

tokenize by subwords

do qualitative analysis

set specific output property

do not apply commonly used technique
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automated labeling

consider specific(s) aspects when collecting data

analyze model internals
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data preprocessing, existing methods
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use propietary or private data

remove noise

to have multiple taggers

select model(s) based on literature

select model(s) based on problem requirements

compute confusion matrix

model design based on literature

manual data inspection

5 5%
I 21.4%

5 5%
I 28.6%
2.1%

I 5.5%

5 .5%
I 7.1%

5 5%
I 35.7%
2.1%

5 5%

I 7.1%

— 5%
I

57.1%

42.9%

. 3.6%

_— 3.6%
——6.4%
[ 3.6%

. 3.6%
I

42.9%

71.4%

42.9%

== papers
= interviews
W surveys

27%
. 35.7%
- 2.1%

- 2.7%

. 43%

0% 10%

64.3%

20% 30% 40% 50% 60% 70%

Fig. 5 Percentage of subjects (i.e., papers, interviewees, and surveys) in which each tech-
nique category appears. The figure displays approximately the third sixth of the technique
codes, organized by the subject papers appearance.



select model(s) based on non functional attributes

augment data

use reinforcement learning
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compute efficiency cost metrics

compute model-specific metrics

feature engineering, feature selection

compute fairness metrics

semi-automated labeling

selectffilter data based on frequency of appearance

use association rule mining
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use embeddings
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Fig. 6 Percentage of subjects (i.e., papers, interviewees, and surveys) in which each tech-
nique category appears. The figure displays approximately the fourth sixth of the technique
codes, organized by the subject papers appearance.



data preprocessing

use evolutionary algorithms

ensure data meet a specific property

feature engineering, Information theoretic methods

model design

data preprocessing, image data preprocessing

encode by a characteristic of the data point

evaluate specific properties/characteristic of the model

select model(s) based on popularity

feature engineering, neural network extraction

compute feat. that describe relation between developers and code

select data cleaning process based on the problem requirements

data preprocessing, textual data

analyze the problem

feature engineering, compute features that describe merges

data preprocessing, normalize code data
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Fig. 7 Percentage of subjects (i.e., papers, interviewees, and surveys) in which each tech-
nique category appears. The figure displays approximately the fifth sixth of the technique
codes, organized by the subject papers appearance.



select model(s)

consider specific(s) aspects when selecting the model

consider impact and ethical aspects of the solution

feature engineering

model monitoring and logging

do sanity checks

evaluate a model

ensure amount of data

understand bias

check for quality and integrity in data

use machine learning

compute efficiency and cost metrics

use adversarial learning

use supervised learning

select evaluation approach based on the model

auto-labeling

A/B testing

report limitations

feature engineering, add context

consider specific(s) aspects when optimizing the model

handle missing values

use federated learning

follow practices/guidelines

select data collection process based on literature

select/filter data

model design based on empirical experience
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Fig. 8 Percentage of subjects (i.e., papers, interviewees, and surveys) in which each tech-
nique category appears. The figure displays approximately the last sixth of the technique
codes, organized by the subject papers appearance.



to evaluate model(s) for a functional attribute

to collect data

to compare against others

to train a model for classification tasks

to embed and encode data

to find the best hyperparameters

to extract and build features

to evaluate model(s) for a non-functional attribute

to split the data into different sets

to enable reproducible results

to ensure data quality

to understand the impact of data variations on results

to evaluate model(s)

to optimize model(s)

to label instances

to remove the noise in data

to handle bias

to understand the model(s) behaviour(s)

to understand the data

to design model components

to ensure statistical signficance

to train a model for generation tasks

to transform the data into the required input

to explain the model (XAl)
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Fig. 9 Percentage of subjects (i.e., papers, interviewees, and surveys) in which each pur-
pose/output category appears. The figure displays approximately the first third of the pur-
pose/output codes, organized by the subject papers appearance.



to select the model

to train a model(s)

to train a model(s) considering specific capabilities

to select the data

to tokenize data

to select features

to understand the impact of model components on results

to clean data

to validate and correct labels

to train a model for pattern recognition tasks

to avoid data contamination

to preprocess data

to control over/underfitting

to enable evaluating scenarios

to improve efficency

to group data with similar characteristics

to visualize results

to train a model for regression tasks

to enable training scenarios

to train a model for learning representations

to understand the requirements and possible solutions

to evaluate model(s) with human judges

to evaluate model(s) in specific scenarios

to improve model performance
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Fig. 10 Percentage of subjects (i.e., papers, interviewees, and surveys) in which each pur-
pose/output category appears. The figure displays approximately the second third of the
purpose/output codes, organized by the subject papers appearance.



to ensure model quality EREG—G— ¢ %
6%
to reduce dimensionality N 7.1%
to improve model usability I 7.1%
to evaluate model(s) for software testing criteria
to remove duplicates in data  IREEG_— 2 1.1%
to compare against others without bias 14.3%
to handle data size requirements [ IREEG_—_——G—<G_G14.3%
7%
to implement a mode! I 7.1%

to postprocess the output

M 1s%
to ensure model quality for a non-functional attribute [N 7.1%

W 1s%
to train a model for ranking tasks

W 18%
to reduce complexity

0 09%
to anonymize the data

0 0.9%
to train a model for code 14.3%

0 09%
to train a model for time serie prediction

0 0.9%
to deploy a model | IEEEG— R :2.9%
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to handle concept drift NG 25 6%
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to evaluate model(s) avoiding bias NG 25 6%
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Fig. 11 Percentage of subjects (i.e., papers, interviewees, and surveys) in which each pur-
pose/output category appears. The figure displays approximately the last third of the pur-
pose/output codes, organized by the subject papers appearance.



C.2 Categories associated to the ML Stage

Feature Engineering

Data Cleaning

Model Training

Model Evaluation

Data Collection

Model Requirement

Data Labeling

Model Deployment

Other

Model Monitoring
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Fig. 12 Percentage of subjects (i.e., papers, interviewees, and surveys) in which each ML
stage category appears.



C.3 Categories associated to the SE Tasks

implementation

i 50.0%
testing 0.
maintenance 14.3%
(2)
managment 14.3%
o (2)
i e 14.3%
requirements and specifications @)
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Fig. 13 Percentage of interviews in which each SE task category appears.
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Fig. 14 Percentage of papers in which each SE task category appears.
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C.4 Codes associated to the Quality attributes

64.3%
9)

64.3%
9)

performance metrics (functional attributes)

types of evaluation/assesment

—————— [
P——— (e
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Fig. 15 Percentage of interviews in which each quality attribute category appears.

C.5 Codes associated to the ML Challenges

data related challenges
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Fig. 16 Percentage of interviews in which each challenge category appears.



C.6 Codes associated to the Reviewer’s perspective

50.0%
some areas are not as well covered (7)
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Fig. 17 Percentage of interviews in which each reviewers’ perspective category appears.



C.7 Codes associated to the Educator’s perspective
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Fig. 18 Percentage of interviews in which each educators’ perspective category appears.
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D.1 Codes associated to the ML practices, 2023-2025
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Fig. 19 Percentage per venue (i.e., conferences, journals) in which each input category
appears. The figure displays the first half of the input codes, organized by the subject papers
appearance.
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Fig. 20 Percentage per venue (i.e., conferences, journals) in which each input category
appears. The figure displays the second half of the input codes, organized by the subject
papers appearance.
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Fig. 21 Percentage per venue (i.e., conferences, journals) in which each technique category
appears. The figure displays approximately the first fifth of the technique codes, organized
by the subject papers appearance.
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Fig. 22 Percentage per venue (i.e., conferences, journals) in which each technique category
appears. The figure displays approximately the second fifth of the technique codes, organized
by the subject papers appearance.
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Fig. 23 Percentage per venue (i.e., conferences, journals) in which each technique category
appears. The figure displays approximately the third fifth of the technique codes, organized
by the subject papers appearance.
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Fig. 24 Percentage per venue (i.e., conferences, journals) in which each technique category
appears. The figure displays approximately the fourth fifth of the technique codes, organized
by the subject papers appearance.
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Fig. 25 Percentage per venue (i.e., conferences, journals) in which each technique category
appears. The figure displays approximately the last fifth of the technique codes, organized
by the subject papers appearance.



55.0%
to collect data

31.1%

50.0%
to evaluate model(s) for a functional attribute

57.8%

47.5%

to compare against others
46.7%

45.0%

to extract and build features

35.6%

30.0%

to evaluate model(s) 311%

N
N
)
B

to train a model for generation tasks
17.8%

~
N
9
X

to evaluate model(s) for a non-functional attribute

N
o
3
®

25.0%
to embed and encode data

to train a model(s)

. - 20.0%
to train a model for classification tasks

40.0%

15.0%

to understand the impact of data variations on results

20.0%

to train a model(s) considering specific capabilities

20.0%

15.0%

to evaluate model(s) in specific scenarios

Im
©
*

. 12.5%
to ensure data quality 6.7%

12.5%

to ensure model quali
auality 13.3%

. 12.5%
to design model components

31.1%

to label instances

to improve efficency

to control over/underfitting

to explain the model (XAl)

to understand the impact of model components on results

8.9% [ Conference
s Journal
to train a model for regression tasks

9
B3

10% 20% 30% 40% 50% 60%

Fig. 26 Percentage per venue (i.e., conferences, journals) in which each purpose/output
category appears. The figure displays approximately the first third of the purpose/output
codes, organized by the subject papers appearance.
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Fig. 27 Percentage per venue (i.e., conferences, journals) in which each purpose/output
category appears. The figure displays approximately the second third of the purpose/output
codes, organized by the subject papers appearance.
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Fig. 28 Percentage per venue (i.e., conferences, journals) in which each purpose/output
category appears. The figure displays approximately the last third of the purpose/output
codes, organized by the subject papers appearance.



D.2 Categories associated to the ML Stage, 2023-2025
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Fig. 29 Percentage per venue (i.e., conferences, journals) in which each ML stage category
appears.



D.3 Categories associated to the SE Tasks, 2023-2025
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Fig. 30 Percentage of journals in which each SE task category appears.
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Fig. 31 Percentage of conferences in which each SE task category appears.



