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Abstract

Data science is a growing trend and the advancement in machine learning and Al
have been creating headlines in recent years. This has sparked an interest, not just in
traditional IT-industries but also in businesses such as manufacturing, medicine and
retail. Numerous industries are seeing potential in making their business more data
driven and seeks to implement these trending technologies but few people know of the
challenges that comes with applying it. This thesis aims at identifying the challenges,
bridging the gap and lowering the entry barrier for engineers and researcher to
contribute in the field of applied machine learning. In this case study, we examine
how software engineers, data scientists and researchers can structure their work
in order to increase the success rate of ML projects. Through interviews and a
practical implementation test we analyze the underlying key concept that could
help in bridging this gap. We conclude that software engineers can support in some
initial data science activities, that communication between di [erent stakeholders is
crucial to the success of projects and that simpler ML models might be preferable
in projects with time restrictions.

Keywords: Computer, science, computer science, engineering, project, thesis, Ma-
chine learning, software engineering, anomaly detection.






Acknowledgements

We would like to extend our appreciation to our supervisor, Regina Hebig at Chalmers
University of Technology for providing support, structure and guidance from the be-
ginning of the project to the very end.

We would like to extend our appreciation to our advisor Johan Risberg at IBM and
fellow IBM’ers who shared their time and knowledge with us. We would also like to

thank Energy Machines for letting us test their data and specifically David Brinnen
for his enthusiasm and help with the project.

Samuel Eksmo Hanyan Liu, Gothenburg, May 2019

vii






Contents

List of Figures Xil
List of Tables Xiv
1 Introduction 1
1.1 Researchquestions . . . .. .. .. ... .. ..., 2
1.2 Delimitations . . . . . . . . .. . . . 3
2 Background 5
2.1 MachineLearning . . . . . . . . . . 5
2.1.1 The Machine Learningprocess . . . . .. ... .. ... .... 5
2.1.2 Dierentstagesof ML . .. ... .. ... .. ... ...... 6
2.2 Challenges in Machine Learning . . . . . . ... ... ... .. .... 7
2.2.1 Hidden Technical debt in Machine Learning . . . .. .. ... 7
2.2.2 Conict between ML research and commercial interests . . . . 9
223 TheMummyeect . ... .. ... ... .. .. .. ...... 9
2.2.4 Important aspects in ML adaption . . . . ... ... ..... 9
2.2.5 Challenges of Data Management in ML Production . . . . . . 10
2.2.6 ChallengesinDeeplLearning . . ... ... ... ........ 11
2.3 Rolesin Machine Learning . . . . . . .. ... ... ... ... .. .. 12
2.3.1 Software Engineering for Machine Learning . . . . . .. .. .. 12
2.3.2 Datascientistroles . . .. ... .. ... .. . 0oL 13
2.4 ML Technologies . . . . . . . . . . . . . .. e 13
24.1 Al-platforms. . . . . ... 14
2.4.2 Narrow AltoBroad Al. . . . ... ... ... ... ...... 14
2.4.3 Anomaly detection . . ... .. ... . ... ... .. ..., 15
3 Methods 17
3.1 Designphase . ... ... ... ... ... 18
3.1.1 Interviewees . . . . . . . .. e 18
3.1.2 Semi-structured Interview . . . ... ... ... ... ... .. 20
3.1.3 Interview design and iteration . . . .. ... ... ... .... 20
3.2 Datacollection . .. ... ... .. .. ... 20
3.3 Analysis of interviewdata . . .. ... ... ... ... ... .. .. 21
3.3.1 Analysis of transcripts and interview content . . . . . ... .. 21
3.3.2 Thematic contentanalysis . . ... ... ............ 23
3.3.3 Color Labeling and information extraction . . .. ... .. .. 24



Contents

3.3.4 Interactionanalysis . . . . . .. .. ... .. .. ... 26
3.4 Practical verication . . . .. .. ... ... 26
3.4.1 IBM's cognitive anomaly detection system . . .. ... .. .. 26
3.4.2 Finding out the clients and their system . . .. ... ... .. 28
3.4.3 Identify the problem . . ... ... ... ... ......... 29
4 Results 31
4.1 Techniquesandconict. . . ... ... ... .. ... ... ...... 34
4.1.1 Uniqueness and transferability . . . . ... ... ........ 34
4.1.1.1 Unique result and solution for industry . . . . . . .. 35
4.1.1.2 Transfer and Transformative ML . . . . ... .. .. 35
4.1.2 The gap between academia and industry . . . .. .. ... .. 36
41.3 MLtrends . . . . . . . . . 37
4.1.3.1 Anomaly detection algorithms . . . . . ... ... .. 38
4132 Deeplearning ... ... ... . ... .. ...... 38
4.1.3.3 Normal Al to speci c Al and Al platforms . . . . . . 39
4134 GANS . . . .. 41
4135 Ensemblelearning . .. ... ... .. ........ 41
4.2 Datascientist . . . . .. ... 42
4.2.1 Implementation process . .. . .. .. .. .. ... 42
4211 Proofofconcepts . . ... ... ... .. .. ..... 42
4.2.1.2 Visualization . .. ................... 43
4.2.1.3 Dataexploration . ... ... ............. 44
4214 Dataquality ... ................... 44
4215 Understandthedata . .. .. ............. 45
4216 Featureselection . .. ... .............. 45
4.2.1.7 Algorithm selection. . . . .. ... ... ....... 46
4.2.1.8 Skills and other challenges for data scientists . . . . . 46
4.2.2 Agile methodology and technicaldebt. . . . . ... ... ... 47
4.2.2.1 Compatibility between agile and data scientist . . . 47
4.2.2.2 Solution forconicts . . .. ... ... 48
4.3 Software engineer . . . . . . . .. 48
4.3.1 Engineering comprehension . . . . ... ... ... ... .. 49
4.3.1.1 Documentationandtools . ... ........... 49
4312 Skills ... ... 50
4.3.1.3 Cooperation. . . . .. .. ... ... 50
4.3.1.4 Enroling new member . . . ... ... ... ..... 51
4.3.2 Implementation process . . . . .. .. ... 0oL 51
4.3.2.1 Where are Software Engineers needed? . . . . . . .. 52
4.3.2.2 Reusing the working method . . . ... ... .. .. 52
4323 Modularity .. ... ... ... ... .. .. ..., 53
4.4 Management. . . . . . .. e e e e e 53
441 TIMESCOPE . . . o v vt e e e 54
442 Goalofproject . ... ... ... . ... ... 55
443 Riskmanagement . . . . ... .. ... . .. ... .. 55
4.4.3.1 Responsibility and uncertainty . . .. ... ... .. 56



Contents

4432 COSt .. ... . e 57
4433 Externalinuences . ... ............... 57
45 Client . . . . . . 58
4.5.1 Understandbility and trust fromclients . . . . .. .. ... .. 58
4.5.2 Costand Economics . . ... .. ... ... ... ... 59
4.6 Practical vericationresult. . . . .. ... ... ... o oL, 60
4.6.1 Understand data and preparing the data pipeline . . .. ... 60
46.2 Clustering . . . . . . . . 60
4.6.3 Hyper parametertuning . . .. ... ... ... ........ 63
4.6.4 lterations . . . . . . . . .. 63
4.6.5 Final result, con guration, and feedback from client . . . . . . 65
5 Discussion 69
5.1 Challenges and strategies . . . . . . . .. ... ... ... ... ... 71
5.1.1 Challenges in initial ML activities . . . . . .. ... ... ... 72
5.1.1.1 How can software engineers help? . . . . . ... ... 72
5.1.1.2 Practical veri cation on initial ML activities . . . . . 73
5.1.2 Challenge of reusability . . . . ... ... ... ......... 73
5.1.2.1 Lowering the entry barrierto ML . . . . . .. .. .. 73
5.1.2.2 Practical verication . . .. ... ... ........ 74
5.1.3 Challenge of introducing new team members . . . . .. .. .. 74
5.1.3.1 Practical verication . . . . .. .. ... ... .... 74
5.1.4 Challenge of time limitations . . . . . . . ... .. ... .... 75
5.1.4.1 Practical verication . . . ... ... ......... 75
5.2 Lessonslearned . . . . . ... ... 76
5.2.1 Modularity and Agile developmentin ML . . ... ... ... 76
5.2.1.1 Modularity and high cohesion . . . . ... ... ... 76
5.2.1.2 Working method using Agile methodology . . . . . 77
5.2.1.3 Practical verication . . . ... ... ... ...... 77
5.2.2 Selection of techniques . . . . .. ... ... ... ....... 77
5.2.2.1 Practical verication . . . ... ... ... ...... 78
5.2.3 Matching Academia and Industry . . . . .. ... ... .... 78
5.2.3.1 Practical verication . . ... ... ... ....... 79
5.2.4 Collaboration between stakeholders . . . . .. ... ... ... 79
5.2.4.1 Communication among experts and knowledge sharing 79
5.2.4.2 Transparency and explainability . . . . . ... .. .. 79
5.2.4.3 How transparency can help reduce the risks . . . . . 80
5.2.4.4 Practical verication . . . ... ... ... ... ... 80
5.3 Thoughts about future ML trends . . . . . .. .. .. ... ...... 81
531 Ensemblemodels . .. ... ... ... .. ... ..., 81
5.3.2 Anomaly detection techniques . . . . . .. ... ... ..... 82
54 Theoryreectedby ndings . .. ... ... .. .. ... ....... 82
55 Threatstovalidity . ... ..... ... ... .. ... ... ..., 83
55.1 Internalvalidity . . . ... ... ... .. .. .......... 83
55,2 Externalvalidity . . ... ....... ... ... ....... 84
6 Conclusion 87



Contents

6.1 Answerstoresearch questions . ... .. .. ..............

6.2 Future work

Bibliography

A Interview Questions I

Xii



List of Figures

2.1 Challenges in di erent stages of ML systems . . . . .. .. ...... 7
2.2 ML work ow process presented by Saleema Amershi (2019). . . . .. 13
2.3 Work ow process in Google clouds Al platform. . . .. ... ... .. 14
3.1 Method process . . . . . . . . . 17
3.2 IBM Watson natural language processor API used in the transcribing

PrOCESS . . . . o e e e e 22
3.3 Highlighted example results from the inital analysis. . . . . . .. . .. 22
3.4 Theme extract example - columns where used to sort the result . . . 23
3.5 Part of theme table with citations related to di erent themes. . . .. 24
3.6 Part of color labeling table used to distinguish di erent themes. . .. 25
3.7 Theme headlines with their color in color labeling . . . . .. ... .. 25
3.8 Overview of method and result for practical veri cation . . . . . . .. 27
3.9 Example view of IBM's Cognitive Anomaly Detection System . ... 28
3.11 The structure of sensors related to main leakage problem . . . . . .. 29
3.10 Trend of sensors in ControlMachines(TM) HMI . . . . . ... .. .. 29
4.1 High-level mind map of roles and their interconnections identi ed in

thestudy. . . . . . . . . .. 31
4.2 Overview of roles with corresponding themes. . . . . ... ... ... 32
4.3 Result Mind Map for techniques . . . . . . . ... ... ... ... .. 34
4.4 Result Mind Map for data scientist . . . . . ... ... ........ 42
4.5 Result Mind Map for software engineers . . . . . ... ... ..... 49
4.6 Result Mind Map for management . . . . ... .. ... ....... 54
4.7 Result Mind Map forclient. . . . . ... ... ... ... ... ... 58
4.8 Overview of system and sensorsinPlantK . . . ... ... ...... 61
4.9 Steps conducted in the clustering process of the practical veri cation. 61
4.11 Dendrogram of the identi ed Correlations . . . ... ... ... ... 62
4.10 Heatmap of the identi ed Correlations . . . .. ... ... ...... 62
4.12 Detected anomalies in the winter of 2018 . . . . . .. ... ... ... 64
4.13 Detected anomalies re ected in real data for winter data . . . . . . . 64
4.14 Meeting record of anomaly validation process at Energy Machines . . 66
4.15 The tuned parameters used in the nal models. . . .. ... ... .. 66
4.16 The nalclustergroup . . . . . . .. ... . ... ... .. ...... 67
4.17 Inner clusters of physical cluster provided by Energy Machines do-

main expert. . . . . . . . e e e 67
4.18 Detected anomaly result on all available data. . . . .. .. ... ... 68



List of Figures

Xiv

4.19 Detected anomalies re ected in real data in whole season . . . . . .. 68

5.1 Mind map overview of discussion involving three main areas, corre-

sponding themes and practical verication. . . . . . ... .. ... .. 69
5.2 Mind map of challenges and strategies . . . .. ... ......... 72
5.3 Mindmapoflessonslearned . . . ... ... ... ... ........ 76
5.4 Mind map of Machine Learningtrends . .. .. .. .......... 81



2.1

3.1
4.1
5.1

List of Tables

The ve main di erent data scientist roles as presented by Kim, Zim-

mermann, DeLine, and Begel (2016). . . . . ... ... ... ..... 13
The participants interviewed for thisstudy. . . . . .. ... ... ... 19
Identi ed themes and corresponding explanations. . . . . . .. .. .. 34
Summarized challenges, lessons learned and future ML trends . . . . 71

XV



List of Tables

XVi



1

Introduction

Buzzwords such as Machine Learning (ML) are hyped words and concepts that
companies like to express in order to attract attention. However, ML and the Data
Scientist profession are relatively new, and the industry is still evaluating how to use
data analytics in an optimal way. Few people have actually been part of a ML project
and know what ML really means and the hidden challenges that come with applying

it (Black, 2019). One of these challenges revolves around the adaption process of
ML. For example, how can software engineers apply and quickly deliver value to
new customers when the training of high-quality ML modefsrequires extensive
knowledge that is relatively rare (Allen, 2018).

This thesis revolves around a qualitative case study which aims to explore the process
of adapting ML algorithms and models towards new data, new environments, and
new software engineers. To be more specic, the focus was put on structuring
the process of nding and adapting machine learning models towards new data,
increasing the reusability of existing ML tools and adding a layer of support for
software engineers, data scientists and researchers in the eld of ML. Another part
of the project is verifying the research result in a practical implementation process.

IBM is the main industry partner for this thesis and they see value in lowering the
entry barrier for companies to use ML. One of their exiting projects has been to
develop an ML anomaly detection tool that can be used in predictive maintenante
They wish to research how ML tools can be adapted and quickly used within an
optimal way out in the industry. This is relevant since there exists huge potential
in the eld of predictive maintenance (Joblogic, 2019). This thesis is written in col-
laboration with IBM who contribute with the foundation to the problem statement
and a ML tool that was used together with an external client's (Energy Machines)
data in order to test the ndings of the thesis.

1Buzzword: "a word or expression of a particular subject area that has become fashionable by
being used a lot, especially on television and in the newspapers:" (Cambride, 2019)

2Models are ML algorithms trained with data.

3Planned preventive maintenance is the traditional way of tackling potential faults in the main-
tenance eld and is a billion dollar industry revolving around equipment replacements.



1. Introduction

1.1 Research questions

This research focused on identifying the challenges with applying ML in industry.
This was done by looking at ML adaption and challenges in the ML implementation
process from multiple angles. The thesis also aimed at identifying possible solutions
that could lower the entry barrier to implementing ML in the industry. This study
clari es these objectives through the following three research questions:

RQ1:

What are the necessary tasks in the processes of embedding a ML algorithm in
a software system?

RQ2:

What are the challenges in regards to new software environments, new data,
new trends and new software engineers throughout the process of ML imple-
mentation in the industry?

RQ3:

How do time scope and increasingly rapid technological advancement a ect
ML practitioners decisions and strategy during the process of adapting ML
algorithms, models and tools?

There is a limited number of empirical studies that have conducted research related

to bridging the gap between ML research and industry. A topic that has been
researched even less is the software engineering aspect of the above-mentioned gap.
*eh-°ek (2017) summarizes some challenges between the two entities and describes
the mummy e ect which is the phenomenon where a research paper looks promising
but once you try to implement the new technology you realize that corners were cut
and everything crumbles apart.

This study aims to explore the gap between ML academic research and industry,
increasing the understanding of challenges that software engineers, data scientists,
and researchers need to face when looking to commercializing ML. Related research
and important concepts such as the mummy e ect are described more thoroughly
in chapter 2.

To answer the above research questions, a qualitative case study was performed.
Data was collected from a total of 16 semi-structured interviews with data scientists,
researchers and ML practitioners from both industry and academia. The method
process of a case study with interviews is further described in chapter 3 together with

4Time, money, news, and other external in uences a ect our everyday decisions. This research
guestion aims to investigate how external parameters a ect ML projects.

2



1. Introduction

a method describing the practical veri cation process. In addition, the analysis was
done through transcribing interviews and a color-labeling method which is described
in detail in chapter 3. The results derived from the interviews in relation to the
research questions are presented in chapter 4 and are structured according to their
relevance. Furthermore, the results are discussed in chapter 5 and summarized in
chapter 6

1.2 Delimitations

This thesis has been done in collaboration with IBM and Energy Machines. Hence,
for safety reasons, details concerning their intellectual property rights have been left
out of the report. Furthermore, time restrictions limited the scope of the thesis, e.g.
what type of interviewees that was possible to interview. Early in the process, it
was decided to focus on data scientists and researcher in order to collect experience
relevant for ML projects as opposed to software engineers with ML experience, since
the later proved to be very hard to nd.

The population interviewed where mainly data scientist from IBM. It would be
interesting to include more people from other companies in order to possibly make
the ndings more general. However, focusing on IBM signi cantly simpli ed the
search for interviewees, hence it was an active decision that was needed in order to
t the time restrictions.

In the planning phase, it was determined that the analysis of the case study would
be done semi-parallel to the practical veri cation. This was done in order to t
the time scope but it may also have in uenced certain choices and tools used in
the practical veri cation. The main idea behind the implementation test was to
test the ndings but it may have introduced an amount of bias since it is largely a
self-reporting experience.
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Background

In the following section, related research and important concepts will be is presented.
It starts with the basic principles behind machine learning, anomaly detection, roles
of data scientist and moves deeper into the existing gap and the challenges. Fur-
thermore, it continues with transformation and reusability.

2.1 Machine Learning

The quest for nding patterns in data is an old one according to Bishop (2006).
For example, Johannes Kepler discovered the empirical laws of planetary motions
through pattern recognition and these ndings laid the foundation for the modern
world we know of today. Machine learning is fundamentally about the automatic
discovery of regularities in data through computer-based algorithms, in other words,
pattern recognition through automatic processing of data by evolving algorithms.

The author further explains that machine learning is also about probability theory
where uncertainty plays a key role. Given a xed size of data, you are limited by the
information at hand since the model can only make predictions based on available
data.

Adding complex noise in the data that could be derived from non exact measure-
ments, the prediction becomes further probabilist. In machine learning, this uncer-
tainty is quanti ed and manipulated and together with decision theory, it creates
a powerful tool that lets people make an optimal prediction based on the gathered
information. Even though there may be noise and incomplete data.

2.1.1 The Machine Learning process

According to Sapp (2017), the rst step of applying machine learning to a system
is understanding the problem. A problem taxonomy, i.e classi cation, is one way to

5



2. Background

start structuring a problem. These classi cations can be; exploring and determining

new patterns in data or clustering; predictive ML; unsupervised ML learning when

there is no prior knowledge of the output and supervised learning, when labeled
training data is available. The next step involves a data preparation stage, iden-
tifying where data supports the problem and cleaning the data for ML execution,

including data transformation, normalization, missing values, etc.

Sapp (2017) further describes the process as modeling, validation, and execution.
These steps involve considering computer resources, numbers of features, computa-
tion time and criteria such as scalability, reliability, and e ciency. A range of ML
algorithms is scouted for training the model in this phase. Data is changeable, so
the most exible algorithms are usually preferred. During an iterative execution,
the performance of the models is measured for validation. It is important to track
metrics of deployed algorithms periodically in order to properly measure the accu-
racy of models, i.e. in order to determine any seasonality. For the nal deployment
stage, the outcome of models will inform decisions, feed applications or be stored
for future analysis. Models need to be updated and retrained in order to maintain
the quality and accuracy of prediction.

2.1.2 Dierent stages of ML

Lwakatare, Raj, Bosch, Holmstrom Olsson, and Crnkovic (2019) describes four dif-
ferent stages of ML systems and summarizes the challenges of each stage, see Fig-
ure 2.1. Each deployment iteration faces special challenges unique for that setting.
For example, in the prototyping stage, it can be hard to accurately specify a correct
problem formulation. While in a critical deployment there instead may arise prob-
lems related to scalability. It is clear that each step has its own speci c threats that
may not be clear from the beginning. Instead, each ML project needs to face new
challenges as the model and surrounding environment progresses.

6



2. Background

Figure 2.1: Challenges in di erent stages of ML systems

2.2 Challenges in Machine Learning

In this section, existing challenges were listed from the literature including long
term costs in machine learning fast development hidden technical debt, possible
challenges for commercial interests, problems related to huge data management for
training in ML and challenges in Deep Learning.

2.2.1 Hidden Technical debt in Machine Learning

Sculley et al. (2015) argues that ML systems have a high tendency to acquire techni-
cal debt' since ML systems require all the traditional maintenance problems together
with all the unique challenges of ML. This involves issues at the system level which
is a higher abstraction level than at the code level. For example, a system might
subtly evolve di erently depending on user data, introducing small corruptions that
gradually reduce intended structure and performance. Refactoring and other tradi-
tional tools that are used to tackle hidden technical debt are not enough to counter
these new, higher level challenges.

1Technical debt, rst introduced by Ward Cunningham in 1992 refers to the concept of accu-
mulating long term costs as a consequence of moving fast in Software Engineering
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The authors further explain trade-o s and technical debt specic to ML systems
that are accumulating in the ML community. Bellow is a short summary list of
some of the challenges.

N

Correction cascades can occur in a situation when it is tempting to reuse a
model that was intended for a speci ¢ problem A to solve a slightly di erent
problem A*. Using the rst model as prior and quickly correct the model with
the new data. This may work smoothly and bene cially but it also increases
the correct gap for the next problem. Say this the scenario reoccurs ve times,
then the original model may be vastly di erent from the fth, cascading the
correction gap.

Data dependencies are necessary in order to create ML systems but they are
also more costly than code dependencies since they are harder to detect. Ex-
amples of data dependencies that cause a disturbance are unstable data ow
from sensors. Signals that change their behavior over time such as mean tem-
perature in the winter half-year compared to summer. Furthermore, there can
be data dependencies in bundled features that together evaluate to be useful
but was the rushed decision in order to meet a deadline. Resulting in fea-
tures that may contribute little or no value. One way to tackle underutilized
features is to conduct the leave-one-feature-out evaluation.

Feedback loops and scalability is also a reoccurring challenge where some algo-
rithms and settings in smaller pilot studies do not scale well to the real-world
problem. There may also be hidden feedback loops that cause the model to
take misguided action, one example being two stock-market prediction models
that trigger buy or sell on each others' outputs.

Glue code is the additional code required to adopt a generic ML package or
library to your own solution. The amount of supporting code that is needed
to get the right input and output to and from the model. It might be cheaper
and more e cient to create a customized solution from the beginning.

Pipeline jungles is another phenomenon that may arise in the data preparation
phase. New signals may lead to a bundle of di erent supporting structures that
together becomes extremely complex to manage and needs extensive end-to-
end testing. To counter this it is important that engineers and researchers
work closely together.

Other smells worth mentioning are multiple language smell, prototype smell,
prediction bias, and legacy features.
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2.2.2 Conict between ML research and commercial inter-
ests

Dominique Foray (2009) argue that commercial interests may mitigate combined

research e orts. Industry to a large degree relies on intellectual property rights

(ITP) developed by the researcher. The lock-in mechanism may discourage other
researchers from building upon this research in order to advance the eld. Hence,
there is a dilemma between commercial interest and scienti c advancement.

The author further describes that commercial interest may a ect some research more
than others. For example, government research laboratories (GRLs) and research
universities (RUs) are two main institutions for research. GRLs research is organized
to targeted objectives and naturally, is not as "free" as in RU, while RU researches
are carried individually, the possibility of research exhibiting hysteresis e ectsis
then typically larger at the later.

2.2.3 The Mummy e ect

eeh-°ek (2017) states that the Mummy e ect is an increasingly reoccurring phe-
nomenon in the ML eld. As mentioned in the introduction, the Mummy e ect oc-
curs when research articles brag about revolutionary ndings that quickly falls apart
during external reenactments due to poor methods. Like an Egyptian mummy that
looks intact but breaks at a light touch. The phenomenon is also applicable in an
industrial context since multiple companies may get drawn into trying a technology
that is not transferable or adaptable to their portfolio.

Jarmul (2017) exempli es this in her talk at the PyData Conference in 2017 by
describing some challenges with deep learning and why it may be better to stick to
simpler, more reliable models. One reason is that the complexity of the deep learning
models may a ect the interpretability of models. If a researcher cannot explain how
the model works, then it may lead to other problems such as reproducibility. Sticking
to Simpler models that the researcher can understand and argue for may be a better
way forth for the community surrounding ML and Al.

2.2.4 Important aspects in ML adaption

Lopez, Mordvanyuk, Gay, and Pla (2018) describe the challenges in transforming
sensor data to useful information that can be used in clinical ndings. The process

hysteresis e ect: researchers reputation increases the chance of receiving research grants which
further spirals reputation and new grants. Which may mitigate the system's capability of identi-
fying the best research (Foray, 2004).



2. Background

of interpreting sensor data in their speci c research requires expertise from nurses
and doctors. The author further states that Al an ML models can play an impor-
tant role in supporting the interpretation process. However, he also stresses that
knowledgeable people are required who can make the decisions regarding suitable
representations of data, what ML models to use in the vast selection of alternatives,
the wanted outcome, and quality of ndings. The above challenges are relevant and
applicable also in IBM's case since a quali ed operator is needed in order to deter-
mine if a sensor is really abnorma) if the data representation is useful and how the
alarm should be treated.

Menzies and Rogers (2015) describe some challenges with working with data, for
example, not all data from a client will be useful. You need to set up some relevance
Iter that can help with sorting the useful data from the corrupt data. To have a
successful data science project there also needs to be (1) light on the users, not just
the algorithms, (2) the math and tools and problem domain should be well known,
(3) inspect and clean data before use, (4) Data science is an iterative process that
usually means that the prediction needs to be tested several times before it can show
useful results.

2.2.5 Challenges of Data Management in ML Production

Polyzotis, Roy, Whang, and Zinkevich (2017) aim to increase the awareness of the
data management challenges in regards to analyzing, modeling, validating, enriching
and debugging data in an industrial setting. The authors speci cally highlight the
challenges in building robust data pipelines for ML in the industry. For example,
one problem described by the authors is making sure the data passed through the
pipeline is validated, in other words, that no invalid data is used that may a ect the
model negatively or in later stages corrupt other reliant programs. Another problem
Is that the countermeasures to deal with invalidated data such as enforcing a speci c
format on the data is not always usable in a production setting.

Polyzotis et al. (2017) further describes that engineers and data scientist needs
to spend a big portion of their time understanding the raw data before it can be
deployed. Common methods used are di erent visual plots, the range of features,
correlations and removing outliers. This can be hugely time-consuming, especially
when up-scaled models require large amounts of data. Requiring domain knowledge
and mapping the external dependencies is also necessary in order to produce any
signi cant result.

Another important aspect in the preparation phase, related to developing a data
pipeline is the cleaning of the data. Polyzotis et al. (2017) describes the challenging

3IBM has chosen not to classify anomalies in detail, instead of the tool output the sensor ids
that are alerting the system. They are depending on operators to make the nal judgment of the
systems state.
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process of cleaning a data pipeline, i.e evaluating a set of data. This is organized
in three steps, the rst being: identifying where an error has occurred. If the
distribution of a parameter has changed over time, it is crucial to determine the
surrounding contributing factors. Is it a naturally occurring phenomenon in the
data or is it a real error. Localizing the start and stop for the occurring change.
Next is measuring the impact of the error. Sometimes it can be preferred to ignore
the error-prone data signal if it does not signi cantly a ect the overall performance.
However, in order to measure the impact, it is necessary to run a test on the data
as described by Lopez et al. (2018). The third step is to remove the error which can
be done by nding the bug or more easily updating the pipeline to not include the
data tag.

Polyzotis et al. (2017) also explains a few approaches to enriching the data. En-
riching meaning to increase the size of the training data, exploring new features
and using transformations of data in order to improve the model. Designing a data
catalog with responding correlations might help in this task and the author also
stresses that the team needs to understand the e ect of the enrichment in order
asses it. Finally, the authors also describes the challenge of sensitive data (etc hos-
pital journals) in terms of excessive overhead. The administration might slow down
the development process, hence one possible action could be to approximate the size
and quality of the data without additional access before it is tested.

2.2.6 Challenges in Deep Learning

Arpteg, Brinne, Crnkovic-Friis, and Bosch (2018) analyzed 7 deep learning projects
and identi ed 12 challenges. These challenges were then further categorized into 3
areas: development, production, organization. Below is a short summation of each
area.

Development: A large number of experiments need to be performed to iden-
tify the optimal model, so the exact version of components like hardware,
platform, con guration, training data need to be documented. This need ver-
sion control tools for DL. Another transparency problem is that in DL, it's
di cult to isolate functional areas. If the model is complex and inherently irre-
ducible, the explanation would be complex too. In addition, using framework
and libraries make it di cult to debug problems and test the data. Manual
evaluation is impossible due to millions of parameters.

Production: The training time for DL is few days up to several weeks while
the platforms update weekly or daily with noticeable improvements. In a
production environment, it may be increasingly important to maximize per-
formance in accuracy, this may lead to a conict in speed. In addition, it is
hard to cover all edge cases in production. Models in a big data context can
make the prediction into a self-ful lling prophecy. For example, a prediction
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about a students university acceptance rate based on the students' environ-
ment may discourage a student from applying to a certain university. Another
problem is the glue code and supporting system. Not keeping those up to date
can introduce new challenges in production.

Organization: The collaboration between di erent teams is a challenge. For
the ML project, it is unclear for the model could achieve the goal and hard to
decrease the scope and do e ort estimation. From a privacy and data safety
perspective, it is hard for a designer to control where and how the big data
is stored. No comprehensive terms of service agreements from companies may
introduce a question of data safety and privacy. Another aspect is the cultural

di erence between data scientists and engineers, where a data scientist cares
more about the prediction result and engineer care more about maintainability
and stability.

2.3 Roles in Machine Learning

Software engineers and data scientists have dierent tasks in ML processes. In
this section, the work ow of software engineers and the roles of data scientists are
described.

2.3.1 Software Engineering for Machine Learning

Saleema Amershi (2019) describes a work ow consisting of nine activities that every
data scientist goes through, see Figure 2.2 and presents a process maturity metric
that can help teams orient themselves in their Al development. The earlier stages
such as data accumulation and cleaning seem to be the most challenging for all
respondents while nding the education is ranked as harder by more junior expe-
rienced respondents while more experienced respondents rank model-evaluation as
more challenging etc. In the case study, they interviewed 114 stakeholders with ML
experience and later conducted a survey based on the results. In the study, they
also describe that some teams interviewed had developed their own best practices
to help in developing scalable Al applications which included combining some of
the work ow steps, automation of data streaming, agile work ows and modularity.
They also present three main di erences in Al development and traditional software
engineering. The rst being that the initial steps, i.e. discovering, managing, and
version control of data is more complex than corresponding activities in software
development. Secondly, that scaling and customization of models require ML ex-
pertise to be involved in the process to a certain degree, pure software engineering
is not enough. Thirdly, that modularity is more complex when working with Al
since models and data pipelines usually entangle. These ndings can help to solve
challenges that may arise when creating large scale Al solutions.
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Figure 2.2: ML work ow process presented by Saleema Amershi (2019).

2.3.2 Data scientist roles

Kim et al. (2016) investigates the di erent roles a Data scientist can have in software
engineering. Only recently have companies started to understand the power of data-
driven decisions. Gathering and cultivating data is a growing trend but it also
requires competent engineers or data scientists. The young profession comes with a
variety of meanings for di erent people in the industry. After a series of interviews
with data scientists, the authors summarized the di erent roles into ve types, see
Table 2.1.

Role Explanation

Insight work with engineers to collect the
Providers | data needed to inform decisions
that managers make
Modeling | use their machine learning exper:
Specialists | tise to build predictive models
Platform create data platforms, balancing
Builders both engineering and data analy-
sis concerns
Polymaths | do all data science activities
themselves
Team run teams of data scientists and
Leaders spread best practices

Table 2.1: The ve main di erent data scientist roles as presented by Kim et al.
(2016).

2.4 ML Technologies

This section covers some of the technologies relevant for data scientists working
with implementing ML in industry. It also has a section describing di erent types
of anomalies in anomaly detection.
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Figure 2.3: Work ow process in Google clouds Al platform.
2.4.1 Al-platforms

Xing et al. (2015) investigates the problem of developing distributed machine learn-
ing frameworks, e.g. ML platforms, in terms of e ciency, correctness, programma-
bility, and tradeo s. Al platforms are a recent trend that aims to provide space
for scalable ML models as a result of single machine bottlenecks that have a hard
time processing Big Dat4. Many platforms provide partial solutions to making ML
more accessible but fail to address all problems. Xing et al. (2015) further aim to de-
scribe these di erences and present a new distributed ML framework (Petuum) that
specializes in ML-centric optimization-theoretic principle instead of the more con-
ventional operational objectives centered platforms. Google's Tensor ow is another
example of a ML platform (Tensor ow, 2019). According to Xing et al. (2015), Al
platforms are one area being developed in order to bridge the gap between research
and production. Figure 2.3 is one example of an Al-platform ow chart.

2.4.2 Narrow Al to Broad Al

Russell and Norvig (2009) describe Arti cial Narrow Intelligence (Narrow Al) as an
Al that is programmed to be used for a single task such as predicting the weather.
Narrow Al trains a model for a speci ¢ problem and from a predetermined data set.
In order to make the Narrow Al more similar to human intelligence, i.e. conscious-
ness, Narrow Al needs the ability to transfer the learned skills. In other words,
the Narrow Al needs to be able to adapt to new information and objectives. This
concept is proposed to be named Broad Al or Arti cial General Intelligence(General
Al). General Al uses multiple data streams in order to identify a speci c situation
and make agile cognitive complex decisions that in the end can produce better re-
sults. In short, all "Al" that is used today is Narrow Al but the author predicts
Broad Al will eventually be developed to some degree.

4Big Data: Large sets of data e.g petabytes, terabytes of data
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2.4.3 Anomaly detection

Since this thesis also involves a practical implementation surrounding anomaly de-
tection it is relevant to elaborate on some of the concepts.

Chandola, Banerjee, and Kumar (2009) describes anomaly detection as the problem
of identifying patterns in data that do not re ect expected behavior. Nonconforming
patterns are generally referred to as anomalies but di erent domains may use other
terms such as outliers, exceptions, surprises, aberrations or contaminants. The
authors further explain that anomaly detection can be used in a verity of application
elds such as fraud detection in credit cards, health care, intrusion detection and
fault detection in safety-critical systems. The last being the critical focus point in
this thesis.

According to Chandola et al. (2009) anomalies can be divided into three di erent
categories:

Point anomalies , individual points are considered anomalies if they uctuate com-
pared to the rest of the data. It is the simplest and most used category in anomaly
detection research. For example, in credit card fraud detection, it might be a per-
son's transactions that are subject to modeling. If a transaction involves a high sum
in relation to the usual transactions it might be termed abnormal.

Contextual anomalies is when a data point might be out of place in a certain
context but not when compared to the whole data set. It would then be termed as
a contextual anomaly. This approach requires two sets of attributes. First, a con-
textual attribute which determines the context of the point and behavior attributes
that represents the noncontextual characteristics of the data point.

Collective anomalies , if a group of points is behaving in an non-typical way
compared to the rest of the data set, they might be termed collective anomalies. So
individual points of a group might not be anomalies by themselves but as a group,
they correspond to abnormal behavior.
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Methods

The research design and process is described chronologically and follows a case study
design and its corresponding structure.

The process of adapting ML algorithms and models is a contemporary phenomenon
occurring all over the world in di erent settings. According to Runeson and HoOst
(2009) acase study lets researchers look at the phenomenon in their natural, real-
life context. This ts the purpose and research questions of this thesigxploring
how researchers and practitioners are handling the gap between ML research and
industry. The factors in case studies cannot be controlled, instead, researchers can
look at the phenomenon interacting with the context it is in. The research ndings
are obtained by looking at analytic depth in typical and special cases. This case
study was carried out based on what Runeson and Hdst (2009) and Lenberg, Feldt,
Wallgren Tengberb, Tidefors, and Graziotin (2017)'s description in their articles,
the ow of our methods is shown in Figure 3.1.

Figure 3.1: Method process
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3.1 Design phase

According to Runeson and Hdst (2009), the design phase de nes the structure of a
case study into a work plan. The plan is also built upon juridical, professional and
ethical requirements of the thesis. In our case, Chalmers', IBM's and Energy Ma-
chines' ideas were taken into account since they were all stakeholders in this thesis.
All parties had di erent value driven requests that needed to be addressed before
the actual work plan could be executed. Consequently, each RQ was developed to
incorporate a part of all the di erent stakeholder's requirements, e.g. for Chalmers,
this mainly revolved around making a novel contribution to the Software Engineer-
ing eld. After a few iterations of the proposal, the objective of the project was
divided into two separate parts: the rst being a qualitative study and the second
being a practical veri cation of the ndings from the rst study.

Runeson and Host (2009) describe steps that can help researchers in their case
study process. These steps can be used in order to help validate the research pro-
gression. For example, the author emphasizes that the initial steps of a case study
are depending on a thorough literature review in order to formulate good research
questions. In order to formulate relevant research questions, the theory for this the-
sis was organized by searching for topics related to software engineering and ML,
anomaly detection, challenges in ML, etc. Literature was chosen based on publica-
tion date, number of citations, and type of study primarily. After the rst draft of

the thesis proposal and corresponding feedback, the search pivoted to look for more
literature regarding the software engineering role in ML implementation processes.
The amount of literature proved to be scarce but after a thorough search and some
tips about new research papers (about to be published), the combined theory was
deemed su cient. From the theory and through dialog with the stakeholders, the
identi ed gap in the ML eld and the scope of the thesis was decided to revolve
around; how to get ML out in the industry from a software engineering perspective.

3.1.1 Interviewees

The interviewees were mainly selected based on their experience and development
of ML. Both researchers, data science practitioners in the industry (IBM, Ericsson)
and in university (Chalmers University of Technology) with senior or junior expe-
rience were interviewed in order to get a wide spectrum of input. At the start of
each interview, the interviewees were asked to place themselves among ve di erent
types of data scientist roles. According to Kim et al. (2016) there are ve di erent
types of data scientist roles which are explained in subsection 2.3.2. This question
is highlighted for getting a clearer view of the interviewees owns perception of their
working role. In total, 16 interviews were conducted, Table 3.1 speci es all inter-
views, including the interviewee's title, experience, and role type according to the
classi cation described by Kim et al. (2016)
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ID | ML Expe- | Title Type Gender| From Working
rience Area
1 | 15 years | Senior researcher | Team leader, Poly-| male | Europe | Academia
math
2 | 2years Postdoc Insight provider female | Europe | Academia
3 | 3years Phd Polymath male | Asia Academia
4 | 20 years | Senior data scientist| Modeling specialist| male | Asia Industry
5 | 5years Senior researcher Platform builder male | Europe | Academia
6 | 15 years | Senior researcher Team leader male | North Industry
America
7 | 2 years Junior data scientist | Data specialist female | Europe | Industry
8 | 10 years | Senior data scientist| Modeling specialist male | Asia Industry
Insight provider
Team leader
9 | 10 years | Senior researcher Team leader male | Europe | Academia
10 | 6 years Senior data Scientist| Team leader female | Europe | Industry
11 | 2 years Junior data scientist | Insight provider male | Europe | Industry
12 | 2 years Junior data scientist | Polymath male | Europe | Industry
13 | 2 years Junior data scientist | Platform builder female | Europe | Industry
14 | 5 years Senior data scientist| Polymath male | Europe | Industry
15 | 5 years Data scientist Team leader female | Europe | Industry
16 | 15 years | Senior researcher Modeling specialist| male | Asia Industry

Table 3.1: The participants interviewed for this study.
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3.1.2 Semi-structured Interview

According to Runeson, Host, Rainer, and Regnell (2012), three types of interview
formats can be chosen when conducting a case study: fully structured interviews,
semi-structured interviews or unstructured interviews. Since we did not know be-
forehand how homogeneous the interviewees would be, and we wanted to have the
freedom of adjusting the questions towards each individual subject, we choose to de-
sign a semi-structured interview protocol with a mix of open and closed questions.
Semi-structured interviews let the interviewer adapt the questions to a larger degree
than fully structured interviews but at the same time keeps a clear structure.

3.1.3 Interview design and iteration

The funnel principle of structuring interview protocol described by Runeson et al.
(2012) was selected, which starts broad with warm-up questions and then slims
down to targeted questions. Therefore, the rst set of interview questions was
designed in parallel to the rst thesis proposal, including 11 basic questions based
on our research questions. Furthermore, after some feedback from our supervisor, we
structured the interview protocol to include more in-depth questions. After the third
iteration, we conducted a pilot interview with a Ph.D. student in Machine Learning
and afterward adjusted some questions in the list based on the perceived ow of the
interview. The result from the pilot interview provided insights, so we decided to
keep the pilot interview and analyzed it together with the other 15 interviews. The
nal set of interview questions can be found in Appendix A.

As stated in subsection 3.1.2, the semi-structured interview allows for tweaking of
questions to better re ect the background of the interviewee. In addition, the time
limit played a role in prioritizing of questions during some interviews.

3.2 Data collection

Data collection included identifying, contacting, scheduling and conducting inter-
views. The second phase proved to be more time consuming and challenging than
rst anticipated since it was hard to access to people with ML experience. However,
our IBM supervisor provided a list of relevant IBM people of which the majority
agreed to participate in this research.

A total of 16 interviews were conducted due to the saturation of new insights. The
interview duration ranged from 35 to 65 minutes and all interviews were recorded
with the interviewee's approval. Three or four interviews were scheduled every week.
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3.3 Analysis of interview data

In order to analyze qualitative data in a case study setting, Runeson et al. (2012)
and Vaismoradi, Turunen, and Bondas (2013) suggest that results should be de-
rived through theme identi cation. Themes, patterns, and relationships between
the answers of interviewees are labeled and later summarized in a structured man-
ner. Following subsections describe how the analysis was conducted as suggested by
Runeson et al. (2012) and Vaismoradi et al. (2013).

3.3.1 Analysis of transcripts and interview content

Runeson et al. (2012) build their analysis method on transcripts of interviews. This
approach was taken in this study, and all interviewees were asked prior to the inter-
view if they could be recorded. As soon as possible after each interview, transcribing
was conducted and in total it summarized to 128 pages or 78072 words. This made it
possible for both researchers to listen actively during the interviews without the need
for extensive note-taking. According to Guion, Diehl, and McDonald (2001), active
listening facilitates relevant follow-up questions which is one of the main advantages
of semi-structured interviews.

Transcribing interviews is time-consuming but it makes interviewers feel comfortable
that all questions and answers are covered and that the accuracy for a future result
is solid. However, some words and sentences were in some cases labeledhasrd
due to di erent accents combined with blurry audio. Furthermore, in rare cases,
the interviewee also asked not to be cited in certain areas that might be subject to
con dentiality. These paragraphs were left out of the transcriptions. According to
Bailey (2008) there is also a question of the level of detail that should be covered in
the transcription. The level was kept high by for example including relevant moods
such as laughter in the transcripts in order to more closely re ect the true meaning
of the answers.
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Figure 3.2: IBM Watson natural language processor API used in the transcribing
process

According to Runeson et al. (2012) transcribing interviews also increase the re-
searcher's comprehension of the qualitative data and facilitates in-depth analysis
since the researchers are required to listen to the recording multiple times. In this
research process, we explored three online Natural Language Processors (NLP), one
being IBM's own service shown in Figure 3.2, these were tested to conduct the test
edition of transcribed results. The NLP service we nally used generated a draft
text document which in the majority of the cases saved considerate amounts of time
and energy.

Figure 3.3: Highlighted example results from the inital analysis.

However, all transcripts required additional manual adjustments. In cases where
interviewees had strong accents, the NLP tools were not su cient, therefore, we had
to manually transcribe those interviews. During the coding of transcripts, we also
conducted the rst analysis of the data shown as an example in Figure 3.3. While
listening to the recordings and adjusting the transcript drafts from the NLP tool(s),
answers relevant to the RQs and other noteworthy paragraphs were highlighted by
us. This constitutes the initial high-level labeling of relevant ndings.
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Figure 3.4: Theme extract example - columns where used to sort the result

3.3.2 Thematic content analysis

As shown in Figure 3.4, we extracted themes out of the transcribed interview texts
in regards to our three research questions, putting all valuable transcribed content
into a large excel table. The ML experience information of the participant is blurred
to protect the privacy of the participant, the research questions are put in the rst
row, participant number and name are put in the rst column. Each relevant theme
got a growing number of columns depending on the number of insightful answers.
The whole table is large and to give an idea about it, part of the di erent stages are
shown in Figure 3.5.
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Figure 3.5: Part of theme table with citations related to di erent themes.

The themes were reorganized in the color labeling stage. Besides, the explanation
of nal edition theme table is shown in chapter 4 in Table 4.1.

3.3.3 Color Labeling and information extraction

After the two initial iterations of theme identi cation: one is described in subsec-
tion 3.3.2, another is what we did in the color labeling stage, in the next step, the
citations in each box were carefully inspected and highlighted with an individual
headline and theme color, shown in Figure 3.6. Some citation blocks spanned over
multiple themes. These were given the theme that re ected the speci c questions
the most. All boxes got color labels with the exception of some irrelevant answers
and warm up questions. The headlines and respective theme colors are listed in
Figure 3.7. Color labeling helped us to investigate the theme in more detailed, with
new valuable themes were discovered.

While color-labeling the data, the citations were summarized into bullet points in
order to get a more compact collection of statements from every theme. These bullet
points were analyzed, combined and restructured in order to distinguish deeper
insights. The description of themes and bullet points in Figure 3.7 is presented later
in chapter 4.
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