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Software engineering best practices for machine learning

o We mined both academic and grey literature and
identified 29 engineering practices for ML applications

o We aim to empirically determine the state of the art
in how teams develop, deploy and maintain software
with ML components

o Adoption of machine learning technologies calls for
mature engineering techniques
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o We conducted a survey among 313 practitioners to
determine the degree of adoption for these practices
and to validate their perceived effects

https://se-ml.github.io

https://se-ml.github.io



Literature review on SE for ML

o We compiled a curated list of articles, available
on GitHub, as an awesome list

o The majority of literature on this topic comes
from grey literature

o We reviewed over 50 articles, both from
academic publications and grey literature
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o We compiled a catalog of 29 SE practices for
ML, in 6 categories, corresponding to the ML
development process

https://se-ml.github.io

https://se-ml.github.io/practices

https://github.com/SE-ML/awesome-seml



Study design

o The practice adoption section evaluates the
relevance and adoption of each practice

o The preliminaries allow participants to be
assigned to groups (concurrent control study)

o To validate the practice adoption we designed
an observational study with 45 questions in 4
sections and 4 possible answers (Likert scale)
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o The effects questions allow to test the
hypothesis that adopting a set of practices
leads to an intended effect
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Survey demographics and practice adoption

Based on 313 valid answers
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o Tech companies lead in practice adoption

o The adoption of practices is similar across
regions, except North-America, where adoption
is higher

o Europe has a higher presence, although other
regions are also well represented

o Practice adoption increases with team size and
experience



Data and practice adoption
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o Although these teams are also less represented

o Teams that work with Audio and Time Series
data show higher practice adoption

o The adoption of practices is largely
independent of the data type used

o We omitted Graphs data types due to lack of
data
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Practice ranking

Alex Serban
cs.ru.nl/~aserban

https://se-ml.github.io

o The ranking algorithm uses the average of: the
rank on Completely, the rank on Completely +
Mostly and the rank on Completely + Mostly +
Partially

o Using the survey answered we ranked the
practices

o Practices related to measurement and
versioning are widely adopted

Share a clearly defined training objective within the team
Use versioning for data, models, configurations and training scripts

Continuously measure model quality and performance
Write reusable scripts for data cleaning and merging

Enable parallel training experiments
Share status and outcomes of experiments within the team

Use a collaborative development platform
Work against a shared backlog

Communicate, align and collaborate in multidisciplinary teams
Ensure data labeling is performed in a strictly controlled process

Continuously monitor the behaviour of deployed models
Enable automatic roll backs for production models
Make data sets available on shared infrastructure

Automate model deployment
Use continuous integration

Perform checks to detect skews between models
Check that input data is complete, balanced and well distributed

Log production predictions with the model’s version and input data
Peer review training scripts

Enforce fairness and privacy
Use sanity checks for all external data sources

Test all feature extraction code
Use static analysis to check code quality

Enable shadow deployment
Automate hyper-parameter optimisation and model selection

Run automated regression tests
Actively remove or archive features that are not used

Assign an owner to each feature and document its rationale

Capture the training objective in a metric that is easy to measure and understand
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o The two most neglected practices are
related to feature management



Relationship between practices and effects
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o For each effect, we plot the practice
importance as revealed by the predictive
models, and their adoption rate

o In all cases, the adoption of practices correlates
strongly with the effects, and the effects can be
predicted from practice adoption

o 4 effects were built in the survey: Agility,
Software Quality, Team Effectiveness and
Traceability

o The plot gives an overview of which practice to
adopt first, in order to maximize return of
investment for achieving a desired effect



o We surveyed academic and grey literature and identified 29 
software engineering practices for ML

o We validated practice adoption and their effects through a survey 
with 313 participants

o We built an open source reading list and a catalogue of 
engineering practices for ML

o We plan to extend the questionnaire with more practices, and 
create an assessment tool for teams developing ML apps

o Contributions to the reading list and the catalogue are 
welcomed!!
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Conclusions

Reading list
Check out the awesome list with 

relevant literature:
https://github.com/SE-

ML/awesome-seml

Catalogue
Check out the catalogue of ML 

Engineering Practices:
https://se-ml.github.io/practices

Survey
Take the survey yourself:

https://se-ml.github.io/survey

Report
Check out the 2020 State of 

Engineering Practices for ML report: 
https://se-ml.github.io/report2020

https://se-ml.github.io


