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Data Science Process is Model Centric
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From Model to Product
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Model Deployment is Complex

8Sculley, et al. "Hidden Technical Debt in Machine Learning Systems." NeurIPS 28 (2015): 2503-2511.
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How Does Introduction of ML 
Impact Software Engineering?



What are the Struggles of Practitioners?

Researchers have attempted to understand 
the challenges of industry practitioners 
through interviews, surveys, case studies, 
ethnographic studies, and so on.
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Study on Engineering of ML Systems

Ishikawa, Fuyuki, and Nobukazu Yoshioka. "How Do Engineers Perceive Difficulties in Engineering of Machine-Learning Systems? 
-Questionnaire Survey." In 2019 IEEE/ACM Joint 7th International Workshop on Conducting Empirical Studies in Industry (CESI) 
and 6th International Workshop on Software Engineering Research and Industrial Practice (SER&IP), pp. 2-9. IEEE, 2019.

Perception of Difficulties

Causes of Difficulties
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Study on Development Processes

de Souza Nascimento, Elizamary, Iftekhar Ahmed, Edson Oliveira, Márcio Piedade Palheta, Igor Steinmacher, and Tayana Conte. 
"Understanding Development Process of Machine Learning Systems: Challenges and Solutions." In Proceedings of International 
Symposium on Empirical Software Engineering and Measurement (ESEM), pp. 1-6, 2019.
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Study on Software Architecture

Lewis, Grace A., Ipek Ozkaya, and Xiwei Xu. "Software Architecture Challenges for ML Systems." In Proceedings of International 
Conference on Software Maintenance and Evolution (ICSME), pp. 634-638, 2021. 16



Study on Collaboration and Teams

Nahar, Nadia, Shurui Zhou, Grace Lewis, and Christian Kästner. "Collaboration Challenges in Building ML-enabled Systems: 
Communication, Documentation, Engineering, and Process." In Proceedings of the 44th International Conference on Software 
Engineering, pp. 413-425. 2022. 17



Researchers study different challenges in 
building ML Products 

There are lots of studies with industry 
practitioners

Lots of Pain-point Papers
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Lots of Pain-point Papers
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Researchers study different challenges in 
building ML Products 

There are lots of studies with industry 
practitioners

Lots of Pain-point Papers

Time to explore what we know 
collectively…
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Research Question

“What are the challenges experienced by industry 
practitioners in building software products with ML 

components? ”
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Paper Selection Criteria

Paper includes software engineering challenges for ML systems.

Paper uses interview or survey with industry practitioners (software engineers, 
data scientists, etc.) to identify the challenges.

Excluded model centric papers.

Excluded single case study papers.

Excluded interviews with non-technical people only.
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Start with Seed Papers
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Seed Paper Analysis for Defining Query
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Search Query

A: need an ML-related keyword  

� “machine learning” OR “artificial intelligence” OR “deep learning” OR “ML component” OR 
“data science”

B: need a software engineering or ML deployment-related keyword 

� “software engineering” OR “software systems” OR “production-ready systems” OR “ML 
systems” OR “deploying ML” OR “ML deployment”

C: need to mention surveys or interviews 

� “interview” OR “survey” OR “questionnaire”
“A AND B AND C”
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50 Papers Qualified
Data Source Initial Search Result After Filtering by Title/Abstract Final Selection

IEEE 69 30 19

ACM 48 11 10

Willey 6 0 0

ScienceDirect 32 5 3

Engineer Village 101 3 0

Springer 6* 3 2

arXiv 79 8 5

Snowballing - 26 11

Total 341 86 50

*abstract filtering from 5612 papers retrieved with full text search
29



Final Set – 50 Papers 
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Final Set – 50 Papers 
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Final Set – 50 Papers 
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Practitioner Count – 4758+*

*count unspecified in seven papers
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Qualitative Synthesis Methods

Huang, Xin, He Zhang, Xin Zhou, Muhammad Ali Babar, and Song Yang. "Synthesizing qualitative research in software engineering: A critical review." 
In Proceedings of the 40th international conference on software engineering, pp. 1207-1218. 2018.

Our aim: 

Analyze the challenges in building products with ML components, not the papers
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Meta-Summary Method

Well-balanced, falls between high-level analysis such as mapping studies and 
deeper interpretative syntheses such as meta-ethnography*

Aggregate and present frequencies of findings 

*Ribeiro, Danilo Monteiro, Marcos Cardoso, Fabio QB da Silva, and César França. "Using Qualitative Metasummary to Synthesize Empirical Findings 
in Literature Reviews." In Proceedings of the 8th ACM/IEEE International Symposium on Empirical Software Engineering and Measurement, pp. 1-4. 
2014. 36
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Extract Challenges

38



Card Sorting in Miro Board*

*miro.com 39



Three Layers of Clusters

third layer — sticky 
notes – challenges 
extracted from the 
papers

second layer – groups 
of common themes in 
the challenges

top layer – 
development stages

40



Zooming in

third layer: sticky note

second  layer

41



Results: Challenge Themes
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Lack of AI literacy causes unrealistic expectations from 
customers, managers, and even other team members (17x)

Customers frequently have unrealistic expectations of ML capabilities.

🡪 Don’t want to pay for the continuous improvement of the model

🡪 Only consider paying for coding

🡪 Don’t want to invest in collecting high-quality data

This is also a problem of the team members within the company itself.

44



Lack of AI literacy causes unrealistic expectations from 
customers, managers, and even other team members (17x)

[customer] believe in a         perfect AI         that makes no mistakes1

For this project, [the project manager] wanted to claim that we 
have no false positives and I was like, that’s not gonna work 2

We designers do not understand the limits of machine learning…designers act like you can 
just sprinkle some data science onto a design and it will become automatically magical 3

CEOs and executives don’t really understand what it takes [to develop and deploy ML] 4

1Ishikawa et al. "How do engineers perceive difficulties in engineering of 
machine-learning systems?-questionnaire survey." In  7th CESI and 6th SER&IP, 
2019.

2Nahar et al. "Collaboration Challenges in Building ML-enabled Systems: 
Communication, Documentation, Engineering, and Process." In ICSE,  2022.

3Dove et al. "UX design innovation: Challenges for working with machine learning as a design 
material." In CHI conference on human factors in computing systems, 2017.

4Hopkins et al. "Machine learning practices outside big tech: How resource constraints challenge 
responsible development." In AAAI/ACM Conference on AI, Ethics, and Society. 2021. 45
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Transitioning from a model-centric to a pipeline-driven or 
system-wide view is considered important for moving into 
production, but a difficult paradigm shift for many teams (11x)

Challenges in migrating from exploratory model code, often in a notebook, to 
deployable production-quality code in automated ML pipelines

Difficulties of integrating various ML and non-ML components in a system

Overwhelming complexity of integrating many tools and frameworks

Need for engineering skills beyond the comfort zone of some data scientists

Frequent re-training and deployment of models are needed

47



Transitioning from a model-centric to a pipeline-driven or 
system-wide view is considered important for moving into 
production, but a difficult paradigm shift for many teams (11x)

It’s the difference between giving somebody a notebook…and giving 
a higher level tool that has a lot of built-in functionality. It’s there that 

I see most challenges 1

You have this cliff edge of a gap between moving this from that Python stack, 
for example, into a production level ... that’s the challenge for the industry 2

There are no tool-chains you can download in an infrastructure with deep learning like this. And we 
realized after the mistakes and discussions with our new IT that they didn’t really have the expertise to 
be able to deliver this to us. So we had to create new teams, which took the responsibility of creating 
both the infrastructure, but also the software tool-chain to be able to train deep learning networks. 1

1Lwakatare et al. "A taxonomy of software engineering challenges for machine learning systems: An empirical investigation." In Agile Processes in Software Engineering and XP, 2019.

2Zdanowska et al. "A study of UX practitioners roles in designing real-world, enterprise ML systems." In CHI Conference on Human Factors in Computing Systems. 2022. 48



Testing and debugging ML models is difficult due to lack 
of specifications (19x)

there isn’t always an actual spec of exactly what data they have, what 
data they think they’re going to have and what they want the model to 

do

They (clients) just throw us the data and says: look at it and 
maybe you can find something – [participant 7]2

...there is, to my knowledge, no decisive way to ensure correctness 
but to leverage more data for testing predictions".

1Ishikawa et al.

2Liu et al. "Emerging and changing tasks in the development process for machine learning systems." In Proceedings of the international conference on software and system processes, 2020.

3Lwakatare et al. 
49
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Development of products with ML component(s) is often 
adhoc, lacking well-defined processes (11x)

Practitioners struggle finding a good process for developing ML components and products around
 🡪 ad-hoc strategies + lack of good engineering practices

Waterfall: poor fit for exploratory development work

Agile: sprint timeline too fixed and short
          + hard to set expectations for each sprint with unclear project objectives at the beginning

There are projects that I do one thing, and there are others that I do not 
do… there is no well-defined process here 1

1de Souza et al. "Understanding Development Process of Machine Learning Systems: Challenges and Solutions." In ESEM, 2019. 51
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Old Or New Challenges?
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Old Or New Challenges?

Requirements Process Collaboration

Old, but seem 
to be more 
problematic

Architecture Quality Assurance

Not new, but 
problems of different 
nature with ML

Model-related Data-related

Not new, but much 
more important now
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We know the 
challenges, time to 
work on solutions!
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Summary
ML as a Component of a Product Lots of Pain-point Papers for ML Products 

We Conducted a Meta-summary We Summarized and Presented the Challenges


