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It is often a growing challenge to accommodate new technical skills from time to time in both
professional and academic settings. It takes lots of effort to develop technical skills like machine
learning which has its own learning curve, alongside it also needs some IT infrastructure in case
to try out new things. This thesis addresses such issues using Azure cloud to provide an indication
whether it's good to invest in cloud and leveraging it for machine learning/Al operations that could
shorten the gap between skills development and making useful products. It also focuses on how
much flexibility cloud-based solutions could offer when it comes to developing systems with ma-
chine learning. It also emphasized on checking if it is possible to make machine learning models
through Azure ML services irrespective of knowledge background.

With machine learning, the conventional approach is to use some programming language like
python with frameworks like Anaconda or Google Colab etc. On top of that, it also needs
knowledge of certain concepts ranging from statistics, mathematics, feature/data engineering,
algorithms, programming and so on. However, it can be compensated with the low code approach
in Azure Cloud using Designer and Automated ML. The thesis also determines performance of
models developed through Azure ML in comparison with model generated locally.

As part of the thesis, Azure ML architecture is studied. Designer pipeline and Automated ML
provided by Azure ML is explored and experimented for predicting single family housing prices
as well as electricity consumption per municipality in Finland. The housing and electricity data is
collected/requested from various sources like Tilastokeskus Finland and Energiateollisuus ry.
Through experimentation, it was found that Azure ML does not allow multi-target regression, so
the regression operation is performed for each target value. On the other hand, making use of
scikit learn library locally provided way to do multi-label/multi-target regression through MultiOut-
putRegressor. In terms of performance, Models developed with Automated ML performed better
in comparison with Designer and locally developed models. With Automated ML, it was observed
that the dependency on repetitive tasks like data cleaning, data/feature engineering, model se-
lection and hyperparameter tuning are not required and thus in retrospect it saved time in com-
parison to Designer and conventional method of doing machine learning. Also, an anonymous
survey was conducted to determine what people in academics and professional domain think
about cloud usage. It was observed that most of the participant find flexibility and ease of using
Azure cloud services due to its user friendliness and on-demand availability of services. On the
contrary the challenging aspect of Azure cloud is reflected on Cost management and limited con-
trol over its services.

Keywords: Machine Learning, Automated ML, Auto ML, Azure, Azure ML, Designer Pipeline
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1 INTRODUCTION

1.1 Motivation

Using conventional way, building and maintaining the IT infrastructure is an arduous and
risky process which could affect companies or private individual. For that reason, many
entities prefer to invest in third party computing infrastructure provided by Cloud compu-
ting providers like Azure by Microsoft, Amazon Web Service (AWS) by Amazon, Google
Cloud Platform (GCP) by Google etc [8].

Also, developing new skills takes time and in country like Finland with population size of
mere around 5.5 million, it takes lot of time to recruit people with right skills and eventually
it affects the economy. As per Labour Force Barometer for autumn 2023, there is no
shortage of labours but shortage of jobseeker’s skills when it comes to job [5]. While the
analysis provided by Technology Industries Finland (Teknologiateollisuus ry) suggested
that currently there are around 317,000 employees in technology industries and would
require around 130,000 with technical skills in 10 years where digitalization sKkills is one

of the most important skills identified among 5 other skills [6][7].

According to Tilastokeskus (Statistics Finland), the digital economy in Finland adds up
to 7.4% of the Finland national economy’s value. As per their data collected from 2018,
The consumption of cloud-based services has significantly increased, and the trend is
growing so much so that its consumption is valued at 3 billion euros [1]. Based on the
statistics provided by Eurostat from 2023, around 45.2% of medium to small enterprises
in the European union make use of cloud computing services and while the acceptance
of cloud services is 77.6% in large companies. Among all the EU member states, Finland

is the leader in usage of cloud services with 78.3% [2].

About 6.4% to 30.4% of small to large scale companies across Europe are utilizing Arti-
ficial Intelligence for use cases that could include data mining, natural language pro-
cessing, machine learning, computer vision, speech recognition etc. The highest adop-
tion for Al is recorded for Denmark (15.2 %), and Finland (15.1 %) [3].

Generally, when it comes to developing and managing an Al powered smart applications,
some common requirements are all about hardware/software resources along with the
subject matter expertise needed to build such systems. For example, building a simple

intelligent systems that could do basic regression would seem like a daunting task as it



needs data, Knowledge of statistics/mathematics, and other crucial steps like how to
perform feature engineering with that data, what level of knowledge is needed to make
it work, which machine learning algorithm to select, how to build the production grade
model, how to securely deploy the trained model so that it can be ready for public use.
All that seems overwhelming, however by leveraging the services from cloud, it could

make it easier to work against those odds.

Based on the statistics provided by Tilastokeskus and Eurostat [1][2][3], it is quite imper-
ative that cloud computing services are on the rise and utilizing cloud for Al-driven appli-
cations could add more flexibility to quickly streamlined the development process. It also
holds the possibility to motivate more people in various professional/academic back-
ground to embrace cloud to drive their business or individual needs, irrespective of their

knowledge level.

Looking at the bigger picture, cloud services could come in rescue to shape the economic
future through digitalization while also helping to compensate on its technical skills re-
quirements. It could offer easy and handy solution that can be exploited by individual or
companies with any skill level and rollout the product faster. In this thesis, Microsoft’s
Azure cloud service would be explored to create an intelligent system utilizing machine

learning service in Azure. And based on that the research questions would be addressed.

1.2 Research Questions (RQ)

The Master Thesis focusses on following research questions and aims to answer them

based on observations made through experimentation and literature reviews
e RQ 71: How feasible is it to create machine learning models with Azure ML?

It would explore the area in terms of ease of use, technical know-how, support availability
while performing machine learning in Azure ML using Automated ML and Designer

mode.
e RQ 2: Does it save time to use automated ML for feature engineering in Azure ML?

This question aims to throw some light in terms of feature engineering part performed

inside Azure ML during machine learning operation using Automated ML and Designer.

¢ RQ 3: How well does the model generated using the automation pipeline in Azure

ML perform compared to the model generated manually?

This will inspect the model performance using common metrics.



1.3 Scope of Thesis

In this thesis, the scope would be to use Azure ML cloud service to create a regression
model for predicting housing prices per municipality as well as Electricity Consumption
in Finland. The Thesis is more focus on experimentation while care will also be taken to

address the rudimentary concepts and knowledge through literature reviews.

The Azure Machine Learning studio [8] (Azure ML studio) from Azure Cloud will be ex-

plored for regression modelling using its implementation from following mode

o Designer inside Azure ML (utilizing classic prebuilt components for machine

learning)
e Automated ML inside Azure ML

While the traditional approach will also be used to create a regression model using
google colab notebook. Additionally, performance of the model generated using Azure

ML services and manual mode will be evaluated.

In terms of model deployment in Azure, real time endpoint will be explored for Designer
and Automated ML, and the model will be exposed as REST API endpoint which can be

consumed in any application like web apps, console app etc.

Initially in the thesis, there are formal pages for Title, Abstract, Preface. Then comes the
table of contents, List of figures, List of Symbols and Abbreviations. The thesis is struc-
tured in a logical way to make it easy to follow. Section 1 Introduction provided an over-
view about thesis topic through introduction and motivation. Section 2 Background
aimed at providing fundamental knowledge about cloud computing, prospects of ma-
chine learning with cloud computing specially in terms of Azure Cloud. In later chapters
in this section 2, the Azure machine learning architecture is explored. Also, a separate
chapter briefly provided with an overview of Automated ML, Designer and Regular way
of Machine Learning. Section 3 Research Design, provided information about the Re-
search methodologies used for this thesis. Alongside an overview is also provided for
data, features, Tooling, experimentations, model evaluation metrics. Section 4 Exploring
Machine Learning, described machine learning with regards to supervision. It described
machine learning through Azure ML and conventional way. Section 5 Practical Ap-
proaches showcased all the experimentations done for the thesis while utilizing Azure
ML as well as local machine for conventional machine learning. Section 6 Results And
Analysis provided the results gathers through research, experimentations, survey, met-
rics and observations. Section 8 Conclusion offered the final thought about thesis. Ref-

erences section holds all the references that are utilized as part of this thesis.



2 BACKGROUND

This section aims at providing a foundation for core topics that play an essential part in
the thesis. This chapter is arranged into 6 parts namely: “What is Cloud Computing’,
“Prospects of Machine learning in Cloud”, “Microsoft’s Azure Cloud Platform for Machine
Learning”, “Azure Machine Learning Architecture”, “Deployment and Endpoint”, “Auto-

mated ML, Designer and Conventional Way of Machine Learning”.

2.1 What is Cloud Computing?

As per the definition provided by National Institute of Standards and Technology (NIST)
Cloud computing is a framework that provides demand-based secure access to config-
urable computing platforms and computing resources like networks, servers, storage
places, enterprise application and services etc. The core principles for cloud computing
focus on Demand based service, Broad network access, Resource pooling, Scalability,

Transparency of usage [4][59].

In general, Cloud has different modes of service models as shown in the Figure 1. This
model also depicts the division of responsibilities when it comes to cloud users and cloud

service providers.

In Software as a Service (SaaS), the cloud user has an on demand or pay-per use online
access to applications which are provided by Cloud. It provides more flexibility to user to
run the applications on cloud than taking care of underlying infrastructure to run those

service [8].

In Platform as a Service (PaaS), provide user with facility to develop, test and deploy
their applications and configure the infrastructure settings on cloud, while the physical

infrastructure is taken care by cloud provider [8].

In Infrastructure as a Service (laaS), provides virtualized resources over the infrastruc-
ture so that user has control over the operating system, storage, deployed applications.
It is more like the service of IT infrastructure like databases, servers, storage, data centre

etc are provided by cloud in the form of service [8].

On Premises, is something where user or organization typically takes care of their infra-

structure and does not depend on third party vendors for the infrastructure.
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Figure 1. Cloud service models and division of responsibilities between cloud pro-
viders and cloud user borrowed from [8]

In this thesis, the scope would be to utilize Platform as a Service (PaaS)

2.2 Prospects of Machine learning in Cloud

Machine learning can be accessed as any other service offered by cloud providers like
Amazon Web Services by Amazon, Azure by Microsoft, Google Cloud Platform by
Google and so on. When it comes to utilizing cloud services for machine learning, we
can expect the ease of use, quality as well as security. Nonetheless, the infrastructure
will be provided by Cloud based on the service model we choose. Many productions
grade and state of the art machine learning algorithms or models can be found on cloud

platform that saves time and IT resources.

While the basic machine learning algorithms are not very resource intensive in terms of
hardware but as complexity increases the need for more resources to train such models

increases.
Some of the significant benefits of using cloud for machine learning are as follows:
e Beginner friendly and requires not much knowledge to get started [9]
e Access to computing resources like CPUs, GPUs, etc. [9]
e Scalability and adaptability to change resources on the go [9]
e Seamless accessibility for advanced ML and Al services [9]

o Flexible support for open-source frameworks like PyTorch, TensorFlow, scikit-

learn, etc. [9]



2.3 Microsoft’s Azure Cloud Platform for Machine Learning

Microsoft provides Azure Cloud which also has services for machine learning, and it is
often called Azure Machine Learning or Azure ML, see Figure 2. It provides a platform
with a comprehensive set of features which can be used to create and manage the entire
lifecycle of machine learning projects. Azure ML studio interface can be accessed
through Python SDK, Azure ML CLI and Ul-based Azure ML Studio. A comprehensive
review of Azure ML can be read from the journal [60]. With respect to this thesis, the Ul-

based Azure ML studio is utilized.

sunny.m

= Microsoft Azure .© Search resources, services, and docs (G+/)
TUNLFI (TUNLOI

Azure services

® O "
Azure Machine || Azure OpenAl Cost Subscnptions Resource Virtual
Learning Management ... groups machines
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Center

Resources

Recent  Favorite

Name Type Last Viewed
Azure Machine Learning workspace 6 days ago
Subscription 2 weeks ago
Subscription 2 weeks ago

Resource group 2 months ago

Navigate

(11 ]
mEE Al resources

? Subscriptions [. Resource groups

Figure 2. Azure Machine Learning service in Azure (marked with green square)

Machine learning and other Al services are easily accessible with Azure Machine Learn-
ing Studio which is a user-friendly web interface provided by Azure cloud platform as
shown in Figure 3. This provides a common place where you can build, train, test, deploy

and manage machine learning models and do much more.



One can consider preferring low code or no code option based on one’s knowledge level
and there are various ways to take advantage of Azure ML to do this. For example, Azure
ML Designer is a low code/ no code option, while Jupyter Notepad provides a way to do
everything by code. On the other hand, Automated ML can be utilized with both Ul and
code [9]. Apart from that, while working with Azure ML studio, user can make judicious
use of the artefacts like Data, Jobs, Components, Pipelines, Environments, Models, End-
points, Compute, Monitoring, Data Labelling, Linked Services etc [9]. These topics are

explored in more details in chapter 2.4 Azure Machine Learning Architecture.
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Figure 3. Azure Machine Learning Studio



2.4 Azure Machine Learning Architecture

This section describes the main building blocks in Azure Machine Learning. Note that
Figure 4 is from Azure Machine Learning API/SDK/CLI v1, there is a slight difference
between v1 and v2 [18][19][20]. Experiments is called as Jobs and Datasets is called

Data in Azure Machine Learning API/SDK/CLI v2 as seen under Assets in Figure 3.

Azure Azure Azure
Storage Container Azure Application
Account Registry Key Vault Insights

= @& O @

J Dependencies

Compute
instances
Datastores :] Workspace
Compute targets L'nIfEd - Managed Compute
services resources clusters
Assets
Environments Experiments Pipelines Datasets Models Endpoints

Figure 4. Azure Machine Learning Components, Image borrowed from [18][19]

As seen in the Figure 4 above, the main architectural building blocks of azure ml are as

follows.

2.4.1 Workspace

Workspace is a central piece of Azure ML. Before working with Azure ML, one need to
create a workspace from Machine Learning service. Overall, Workspace is the place
which helps with creating, managing resources and assets. In short, it is commonplace
to work with all the other components and artefacts for machine learning. For example,
it keeps tracks of all the jobs, logs, metrics, output etc. It holds association with Datas-
tores, Computes resources as well as assets like Datasets, Models, Endpoints, Environ-
ments, Pipelines etc. [20]. It can also be seen in Figure 3, the workspace name in the
image is “MasterThesisWorkspace” and on the left side panel there are all the resources

and assets that can be accessed through this centralized workspace.



2.4.2 Resources

Like workspace, there are other resources like compute and datastores.

Compute: It allows to run, train models or deploy endpoints. There are several
types of compute provided by Azure ML. They are Compute instance, Compute

cluster, Serverless compute, Inference cluster, Attached compute [19][20].

Datastores: It securely keep the information about connection to Azure data stor-

age like Azure Blob Container, Azure File Storage, Azure Data Lake etc. [19][20].

2.4.3 Assets

Assets are artefacts or items you create while performing machine learning in Azure ML
as shown in Figure 3.

It includes the following items.

Environment: 1t is an environment based on configuration settings based on
docker image, software settings, python packages etc. for training or scoring the

models.

Pipelines: It’s like a process workflow that contains several components. Those
components are like self-contained code which is similar to any functions we use
in code. It has parameters and it expects input and gives output. Components
are foundation of pipeline [20]. Pipelines can be created through Designer menu
on the left in workspace as shown in Figure 5. Each component does one thing
in pipeline for example data processing, model training, model evaluation etc.
Thus, it is expected to place individual components in a specific order in pipeline
to perform machine learning. One can imagine Pipeline as or a stepladder. In
Figure 6, the components are link together to perform regression. There is a
“Data” component whose output is fed to “Select columns in Dataset” component

and later it goes to “Select columns in dataset” and so on.
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Figure 6. Pipeline with components link to each other to perform machine learning
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e Data: Inside Azure, data can be stored in various data sources like Azure Blob
storage, SQL server, File Share etc. Azure ML Dataset is a reference to such

data source and its metadata. And Dataset use Datastore to connect with those

data sources [20]. Figure 7 is self-explanatory for Data assets and Datastores.

- " - Azure for Students. _ . . . -
v = : )

Azure Al | Machina Leaming Studio © 0 & a3 ? ©] Mot ThereWorkoace |@ = MachineleamingStudic 2 O I |MasterThe.. - | @)
= TUNIfi > MasterThesisWorkspace > Data TUNIfi > MasterThesisWorkspace > Data
€ All workspaces

Data Data
@ Home

Data assets Datastores Dataset monitors  ereview Data import (_ereview ) Data connections (_ereview ) Data assets Datastores Dataset monitors  ereview

[ Model catalog

Datastores securely connect to a storage service on Azure by storing
Authoring Data assets are immutable references to your data that can be created from datastores, local files, public URLs, or Open v g Y —
; " connaction informaticn. With datastores, you no longer nead to provide
Datasts. Dats assets created with AzureML v2 APIs cannot be deleted, but you can up-version or archive them for easy

credential information in your scripts to access your data. Learn more about
referencing and reuse in machine learning tasks. Deleting data assets created with v1 APIs will permanently delete the data & & &%
[ Notebooks datastores (2

asset and all metadata. Learn more about data assets [2
OneLake datastoras used to connect to data in your Microsoft Fabric

% Automated ML ©) Refresh - @D svov botest version anly @ ) Include archived -+ endpoint can be created via CLI and SDK only. Learn more about Onelake
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Figure 7.Data assets and Datastores

e Models: It is analogous to a function in code which expects input and returns
output. To create a trained model, it must pass through the training process that
occupies steps like choosing algorithm, feature engineering, fine-tuning the
model hyperparameters etc. Technically, trained models are binary file holding
metadata based on all the things it learned through training process [20]. After
running the job or experiments, the trained models can be seen in the Models

section as shown in Figure 3.

o Endpoints: Endpoints are the way to make the trained model publicly accessible.

More details in section 2.5 Deployment and Endpoint

o Experiments and Jobs: Experiments groups the runs or execution of jobs as

shown in the Figure 8. Each execution of certain task is termed as Jobs
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2.5 Deployment and Endpoint

In terms of deployment of model, the trained models can be deployed in the Azure ML

studio utilizing inference pipeline or simply publishing the trained models.

Azure Al | Machine Learning Studio

Figure 9. Deployed models can be seen in Endpoints section

In Figure 9 above we can check for the deployed models which are also available for
public use through REST Api endpoint URL.

Deployment in Azure ML deals with the computing resources for hosting the trained
model for inferencing. Once the model is deployed in Azure ML, it can be exposed
through endpoint for public use. Endpoint in general can be considered as an URL that
can invoke the trained model which is deployed. Azure ML provides way to implement

Serverless APl endpoints, online endpoints and batch endpoints [16][17].

Typically, there are 3 common Endpoint types exposed through Azure ML base on the

requirement of usage

e Real time or online endpoints: It provides real-time inference in quick synchronous

way with low latency of input requests, or when your input can fit into the request

payload.

e Batch endpoints: It is suitable for long running expensive models which takes long

time to execute, and the data is huge or distributed in multiple files

e Serverless endpoints: It is suitable for serverless AP| deployments




14

2.6 Automated ML, Designer and Conventional Way of Machine
Learning

As mentioned in section 1.3 Scope of Thesis, Automated ML and Designer are some of
the well-known ways of performing machine learning with Azure. The crux of this thesis
is to showcase how easy it can get to develop a good machine learning model using

Automated ML, and Designer to that of manual way of doing the machine learning.

When it comes to fraditional machine learning, it requires a methodical and repeated
strenuous approach to build a successful machine learning model. The process com-
monly involves steps as shown in Figure 10, It usually starts with Data and Feature en-
gineering that include Data collection, Data exploration, Data Cleaning and Identifying
the suitable features. Sometimes data is not in the same magnitude, so it also requires
some normalization or Data Transformation. Then comes the part to select the appropri-
ate algorithm for Model training or building. Once the model is built, it can be evaluated
based on model metrics like root mean square error, mean squared error etc. If one is
not satisfied with the results from model evaluation, then one can adjust the hyperpa-
rameter or repeat the process with another algorithm for model training or try looking for
more transformation in data. Finally, if model looks promising then it can be put into
public use by deployment it. Oftentimes, some of these steps need be done repeatedly

to get the model that could work accurately as per expectations [21].

Does Model Tune Hyper

Build Model Look Good? parameters

Transform
Data

Clean Data Transform Build New Does Model Tune Hyper
Data Model Look Good? parameters

L]

Gather Data

Transform

Data

Figure 10. Traditional approach to machine learning, borrowed from [21]

Similar is the case with Designer in Azure ML is available in Azure machine learning
workspace, itis a Ul-based drag and drop approach to create a machine learning pipeline
(as mentioned in 2.4.3) that includes sets of components that simulate nearly the same

steps mentioned above for traditional way of performing machine learning.
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As Automated ML or Auto ML in Azure goes, it tries to automate the time consuming and
repeated steps that is required for machine learning [22]. It also aims to create reliable
and efficient model in faster way and allows to develop or do machine learning without

much prior experience with machine learning or the processes it requires [21].

Transform & Does Metric
Gather Data Clean Data Train Model Meet
with AutoML Threshold?

Add More
Data

Figure 11. Typical Auto ML, borrowed from [21]

The above Figure 11 summarises what Auto ML is all about. According to [23] Auto ML
equips its user irrespective of their expertise in statistics or data science or programming.
It aims to save time, while providing the best data science practices as part of in its built-
in functionality. It does all that is expected to be done repeatedly with manual machine
learning approaches like feature engineering, algorithm selection and model tuning etc
[21][22]. Agnostic to cloud platforms, Automated ML typically focuses on data/feature
engineering, model selection and hyperparameter tuning [60]. It is part of meta-learning

that gains insights throughout model development process [52]
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3 RESEARCH DESIGN

3.1 Research Method and Objectives

Based on available research [24] some of the ongoing challenges for Automated ML
emphasised on Scalability, User friendliness, Computing Time Vs model recommenda-
tions, model deployments, automatic data engineering that deals with validation and

preparation of data etc.

Section 1.2 Research Questions (RQ) pose questions that put the emphasis on ease of
use or user friendliness, model recommendations by AutoML, Data/Feature engineering

as well as the quality of model generated.

As mentioned in the 1.3 Scope of Thesis, Azure ML cloud services using Automated ML
and Designer as well as conventional machine learning with Python code in Google col-
lab is going to be used to do regression task i.e. to predicting housing prices per munic-

ipality as well as Electricity Consumption in Finland.

This thesis is utilizing the mixed method of research with emphasis of finding answers
through experimentation and literature reviews. The aim of this research is to explore
and address those open challenges by utilizing Auto ML, and Designer in Azure Cloud,

while also doing the same with conventional approach of machine learning locally.

On top of that, quality of the model created with cloud (using AutoML and Designer) and

locally with google colab will be evaluated.

For model deployment, the inference pipeline and model publish feature in Azure ML will
be explored to deploy real time endpoints for models trained with AutoML as well as

Designer.
The research is structured as follows

e Data and Feature Engineering: It focuses on Data collection, data cleaning and

feature selection

e Tooling for Machine Learning: It deals with tooling i.e. Azure machine learning

setup, getting subscription and creating necessary setup. Similarly, Google Colab

will be utilized to do machine learning in a traditional way.

o Experimentation: As part of experimentation, Designer and Automated ML will be

used to do regression inside Azure ML. Similarly, Google Colab will be used to

perform manual ways of doing machine learning. Experimentation is also going
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to be helpful to find out if Automated-ML in Azure saves time by reducing the
dependency for steps such as data preprocessing, algorithm selection, and hy-
perparameter tuning etc. as suggested theoretically [21] [22] [24]. This could drive

insights on research question RQ1.

e FEvaluating the Model performance using common metrics: This will showcase

the common metrics that is referred with both Azure ML as well as Traditional

machine learning

o Deployment of Models in Azure Cloud: The model generated with Designer and

Automated ML will be deployed in Azure cloud with inference pipeline or model

publish feature

o Results and Analysis: Presenting the results and addressing research questions

in concluding part. While also presenting observations.

e Survey: Alongside addressing the self-reflections with Azure Cloud while con-
ducting the experiments, it is beneficial to gather insights from participants those
who are new/experienced working with azure cloud. Thence, survey will be con-
ducted to understand the perspectives of people from academics and profes-
sional settings about cloud and how much it proves them useful in terms of usage.
This survey also aims to answer research question RQ1 when it comes to deter-
mining ease of use in cloud environment as there is no mathematical expression
to determine easiness or friendliness of Azure cloud. The participants were
reached out through Email, LinkedIn and Telegram. The identity of survey partic-

ipants is kept anonymous for privacy reasons.

3.2 Data and Features

Energiateollisuus ry (ET) or (Finnish Energy in English) is an organization that embodies
energy companies in Finland which deals with production, collection and transmission of
energy in the form of electricity, gas, district heat, district cooling, etc. It also documents
and publishes monthly or annual statistics on electricity and district heating predicting
the procurement and use of energy. It also provides annual statistics of electricity pro-

duction and consumption at provincial and municipal level [10][11].

Over the period between 2007-2022, Energiateollisuus ry (ET) collected the electricity
consumption data across all major municipalities in Finland. For the scope of this thesis,
the data for 2022 electricity consumption is considered. Permission granted from Ener-
giateollisuus ry, for data usage about “Statistics on Electricity” (ET) for the purpose of

thesis.
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For housing data, the statistical data provided by Tilastokeskus or Statistics Finland is
put in use. It is an official national statistical institute in Finland which produces statistical
data about Finnish Society [12]. It also provides a Paavo service which is a statistic with
respect to postal code area in Finland that touch upon the domains like population struc-

ture, education, income, housing, workplace etc [13].

Also, for complementing with the housing data, A purchase price statistics of real estates
provided by NLS or National Land Survey of Finland is utilized. It provides official statis-
tics of Finland (OSF) in collaboration with Tilastokeskus [14]. It has the statistical infor-

mation on real estate transactions at municipal, regional or national level [15].

Table 1. Housing Data Collected from Paavo (2022)

Housing Data received from stat.fi and Paavo database
Postal Code

Postal Code Area

Municipality

Surface area (m2)

Inhabitants total

Average age of inhabitants

Median income of inhabitants
Average size of households
Dwellings

Average floor area per dwelling (m2)
Employed

Unemployed

Children aged 0 to 14

Students

Pensioners

Table 2. Housing Data Collected from NLS (2022)

Data received from stat.fi and National land survey of Finland

Municipality

Single family house properties (quantity)

Single family house properties (area average m2)

Single family house properties (purchase price median €)
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Table 3. Electricity consumption data from Energiateollisuus ry (ET) 2022

Data received from Energiateollisuus ry (ET)

Municipality
Total (GWh)

Paavo postal area database [25] is very helpful to see many things from one place. But
it has around 107 columns (entities) and not all of them are useful for housing data. So,
for housing related information around 15 columns ae considered as most of them are

numerical as shown in Table 1.

The data from Paavo is accompanied with the data from NLS [26] as shown in Table 2.
It is carefully mapped based on their municipality for median housing prices. Here as well

only the important columns that correspond to housing information is considered.

Similarly, electricity consumption data provided by Energiateollisuus ry (ET) as shown in
Table 3 is assigned to each municipality-based housing data. Also, some of the names
of the columns were simplified. As part of Data and Feature engineering, the data con-
tains only essential columns and care was taken to safely remove unnecessary columns,
by utilizing the functionalities in Microsoft excel. While data normalization, cleaning, and
feature selection is performed both at Azure and in manual approach. The target columns
are “Single family house properties (purchase price median €)” and “Total (GWh)” while

other columns are part of features to determine the target value.

3.3 Tooling and Experimentation Overview
Tools used for this thesis include

e Microsoft Azure: To access the Azure ML service

o Microsoft Excel: To analyze the data and organized them

e Google Colab: To perform manual approach of machine learning

To work with Azure ML, an active subscription is required. As a student at university,
Microsoft provides a free subscription with 100$ credit to use their cloud services which
also include Azure ML services [27]. However, there is a limit to it as cloud is pay per
use. In case the credit is elapsed then the subscription must be paid. While working with
Azure ML services, it needs to create a workspace, and it can be accessed via Azure
Machine Learning Studio. Once, the data is uploaded and the workspace is in place, the

menu to use Designer or Automated ML is easy to find. Azure ML is utilized for creating
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a machine learning pipeline through Designer, once the model is adequately trained it
will be deployed using inference pipeline. Similarly, the machine learning is performed
using Automated ML in Azure and the model generated with it is deployed. These de-
ployed models can be consumed by anybody in their products to make predictions. On
the other hand, Google colab is used to perform the ordinary way of doing machine

learning.

3.4 Metrics For Model Evaluation

Inside Azure, both Designer and Automated ML have their own set of metrics for model
evaluation in regression type of problem [28][29], and these metrics are going to address
research question RQ3. The common ones are Mean Absolute Error, and Root Mean
Squared Error which are used across Azure with Designer and Automated ML and Con-
ventional Machine Learning with Google Colab as shown in Table 4. It was also noted
that similar set of algorithms as well as model evaluation metrics were used in some of
peer reviewed journals which made use of Automated ML [53][54][55]. Some of them
made use of AutoML-Pycaret or AutoML Gluon Tabular by AWS or some other AutoML
frameworks like TPOT — Tree based pipeline optimization tool etc. Most of these journals
[53][54][55] has used equivalent metrics provided by Azure for Automated ML. It was
also seen that for Designer, there were few peer reviewed journals [56][57][58] making

use of provided metrics in Table 4 for regression problem.

Table 4. Model Evaluation Metrics

Model evaluation metrics

Model evaluation metrics Model evaluation metrics used with Conventional
used in Automated ML in Azure [29] used in Designer in Azure [28] . .
machine learning
Explained variance Coefficient of Determination Mean Absolute Error
Mean absolute error Mean Absolute Error Root Mean Squared Error
Mean absolute percentage error Relative Absolute Error Mean Squared Error
Median absolute error Relative Squared Error
Normalized mean absolute error Root Mean Squared Error

Normalized median absolute error

Normalized root mean squared error

Normalized root mean squared log error

R2 score

Root mean squared error

Root mean squared log error

Spearman correlation
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Explained Variance: It calculates the variation or dispersion proportion of model with

respect to target variable [29][30].

Var{y — 3}

explained_variance(y,y) =1 — Var{y}

y : represents actual value of target variable
y : represents predicted value of target variable

Var : represents variance

Mean Absolute Error: It is computed by sum of absolute error and divided by sample

size. Error is the difference between expected and actual value of target variable
[29][30].

Nsamples—1

1
MAE(y,9) = E ly: —
Nsamples =

y : represents actual value of target variable

: represents predicted value of target variable

A

Nsamples - F€Presents sample size

Mean absolute percentage error: This is calculated by taking a percentage of mean

difference between predicted and actual value [29][30].

Nsamples—1
-~

! Z |—yi_yl|><100
Nsamples = Vi

y; . represents true value of target variable

MAPE(y, ) =

y : represents predicted value of target variable
Nsamples - F€Presents sample size

Median absolute error: Median absolute error is not much affected to outliers. It is cal-

culated by taking median of all the absolute difference between actual and predicted
target variable [29][30].

y; : represents true value

y, : represents corresponsing predicted value of i-th sample
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n : repesents sample size

R2 score or Coefficient of determination: It represents the proportion in variation of

dependent variable with respect to independent variable. In other words, it measures the
proportion of mean square error with respect to the sum of variance of data. R2 score or
Coefficient of determination provide the score that means how good the model going to

perform on unseen data [29][30].

R*(y,9) =1— 2%1()’1’ - }2\1)2
i=1 (Vi = ¥)?

Where, y = -i,y; and S, (i — 9)? = Sk, €f

y; . represents true value

y, : represents corresponsing predicted value of i-th sample

n : repesents sample size

Root mean squared error: It is calculated with square root of average or mean of

squared errors across all the sample of data or it is a root of “Mean Squared Error”. Errors
are the difference between predicted and actual target value. Lower value of RMSE rep-

resents that model is closely predicting to actual value [29][30].

RMSE(y,y) =

y; : represents true value of target variable
y, : represents corresponsing predicted value of i-th sample
n : repesents sample size

Root mean squared log error: It is calculated by taking square root of the mean square

of logarithmic difference between actual and predicted values by adding 1 to them
[29][30].

1 n
RMSLE(y,§) = |~ > (log(y; + 1) — log(§} + 1))?
i=1

y; : represents true value of target variable
y, : represents corresponsing predicted value of i-th sample

n : repesents sample size
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Spearman correlation: This represents monotonic relationships between two values i.e.
predicted and actual in this case. If the value is negative, then it indicated negative cor-
relation and vice versa. It has value ranges from -1 to +1. Value 0 represents no corre-
lation [29].

_, 6L,
P nn2—-1)

p : represents spearman correlation coefficient

d; : represents rank difference of data value of each variable

n : repesents sample size

Relative Absolute Error: It is calculated by taking a mean difference divided by arith-

metic mean of absolute difference between predicted and actual value. [28].

Xizalyi — 9l
Z?:llyi - .}_}|

RAE =
y; . represents true value of target variable
y, : represents corresponsing predicted value of i-th sample
y : represents average of actual value
n : repesents sample size

Relative Squared Error: It is calculated by taking a mean difference divided by arithme-

tic mean of squared difference between predicted and actual value. In other words, it is
a total squared error of predicted values divided by total squared error of actual value
[28].

Yie1 (i — 5’\1)2

RSE = 4
i — )2

y; : represents true value of target variable
y, : represents corresponsing predicted value of i-th sample
y : represents average of actual value

n : repesents sample size

Normalizing Error: AutoML in Azure [29] has a general way of normalizing the error

metrics using normalized_error = error / (y_max - y_min)

Following are such metric that Automated ML use with normalization
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o Normalized mean absolute error

o Normalized median absolute error

o Normalized root mean squared error

o Normalized root mean squared log error

During experimentation, the metrics listed in Table 4 will be used with respect to their
utilization with Azure ML in Designer and Automated ML alongside the metrics chosen
to be used for conventional machine learning approach. After conducting experiments
these model evaluation metrics will provide the results on how the model performs in
case of Automated ML, Designer and Regular Approach. When it comes for Designer
and Automated ML, Azure ML has their own set of metrics [28][29]. So, it will be better
to consider the common ones to use as reference to compare model generated with

Azure ML and regular approach. This will be helpful to address the RQ3.
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4 EXPLORING MACHINE LEARNING

Machine learning is a part of Artificial Intelligence which is still a progressing field. Alt-
hough, the computers with normal applications can be programmed through algorithms
which help to transition from input to a desired output. But to create intelligent systems,
with the help of statistics, there are algorithms that learn from data and allows computer
do things that usually humans are really good at doing like differentiating different digits
of numbers, identifying faces, driving cars etc. It takes data to create such statistical
models which is a basis for machine learning driven intelligent systems. It helps to create

models that adjust itself, learn from changing data and adapt with it [34].

Machine learning is a way which allows system to learn from data and make informed
decisions. On the other hand, generating the similar system using the conventional
means of programming with continues fine tuning would be very time consuming and

does not yield good results when the data fluctuates [31].

Arthur Samuel — a renounced computer scientist who coined the term of Machine Learn-
ing in 1959, mentioned that machine learning is a way that gives computers capability to

learn and adapt from data such that they do not need explicit programming [32].

One can argue that machine learning is at the core of Artificial Intelligence and Data
Science, while it is also at the crossroad of statistics and computer science. Machine
learning focus on principles where it aims for systems to learn continuously through the
learned experiences. Alongside that it also tried to find the statistical patterns in every

learning system like computers, humans, etc [33].

4.1 Machine Learning Types Based On Supervision

The machine learning can be categorized into following based on the supervision support

provided during training [31]

o Supervised Learning: Here the training data contains output labels. Typical re-

gression and classification problems are part of supervised learning as the output

labels are provided with the training set.

e Unsupervised Learning: Here the training data does not contain any output label.

Clustering, anomaly detection etc. are some of the problems addresses by unsu-

pervised learning.
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o Semi supervised learning: Semi supervised learning has a mix of labelled and

unlabeled data.

e Reinforcement Learning: In reinforcement learning, there is a learning agent that

learns from experiences through positive and negative rewards

As part of this thesis, the regression problem of predicting housing prices and electricity

consumption falls under the category of Supervised Learning.

4.2 Machine Learning with Azure ML

As explored in sections 2.3, 2.4 and 2.6, Microsoft’s Azure Cloud has a Azure ML service
to perform machine learning. Designer and Automated ML are some of the common

Azure ML services.

4.2.1 Machine Learning with Azure ML - Using Designer
To perform regression task using Designer, the following list of algorithms are available.
These are part of pre-built component in Azure ML Designer which can be seen inside

the component named as Machine Learning Algorithms from Figure 6.
e Boosted Decision Tree Regression,
e Decision Forest Regression,
o Fast Forest Quantile Regression,
e Linear Regression,
o Neural Network Regression,
e Poisson Regression

In Designer, things are available in the form of components which is needed to be ar-
ranged to create a pipeline for machine learning. With respect to the cost of cloud usage
and time limitation, the typical Linear Regression algorithm is used in this thesis with

Designer.

Regression is also a loose term in machine learning, sometimes regression algorithms
are also having a dual purpose, and they can often be use in classification problem. For

example: Logistic regression algorithm [35].
Linear Regression:

Linear regression is a usual method in statistics for regression task. It is a preferred

choice for basic forecasting which is often associated with fitting a line [35].
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Types of regression involves [35]:

o Simple linear regression: It has single independent variable and a dependent var-

iable. It often computed with following equation of a line as below [36]
9 =PBo+Pix

¥ : represents output response,

x : represents independent variable,

B, and B, : represents model parameters (intercept and slope in linear model)

o Multiple Linear Regression: It has two or more independent variables and a single

dependent variable. They are termed as Multivariate linear regression. The equa-

tion is shown below [36]
9 =Bo + Brxs + Baxz + - + Bpxp
¥ : represents output response,

X1, X5... Xp - represents set of independent variables,

Bo, Bs... By: represents model parameters

o Multi-label or multi-output Regression: It deals with predicting multiple dependent

variables. This is not supported in Azure Machine Learning [35]. Although it can

be done locally using scikit learn library that provide MultiOutputRegressor [44].

The model parameters are often calculated when the model is fit during training [36]. In

order to fit the line of regression in Azure ML with Designer, two methods are available.

e Gradient descent: It tries to reduce the amount of errors in order to minimize error

in each move of training model. It also has to deal with a variety of hyperparam-

eters. Note that there are many varieties of Gradient descent algorithms [35].

e Ordinary least squares: It relates to the loss function like residual sum of squares,

and thus it tries to reduce the reduce the residual sum of square errors in order

to converge the model for best fit [35] [36].
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4.2.2 Machine Learning with Azure ML — Using Automated ML

With Automated ML in Azure, it creates multiple parallel pipelines and try several algo-
rithms with different parameters. As seen in Figure 12, Each iteration produces a score
of model, and based on better score the model is deemed as fit. This process continues
as long as entire process of iterations over multiple parallel pipelines are processed.

However, by setting Exit Criterion, the time for model training can be constrained [37].
The information about model score metrics can be seen from the logs of completed jobs.

Automated machine learning

R User inputs lterations Training scores Leaderboard
== ) Rank  Model  Score
=== Data ™ A1 Features + Algonthm + Parameters ‘ 50% -
1 A 95%
— 3 2 .
E: Target metric — Features + Algorithm + Parameters mp  76% — 2 76%
: '&3 3 A 53%
L Constraints & Features + Algorithm + Parameters W 33%
[time/cost)

ina
rﬁ Features + Algorithm + Parameters W 95%

An Features + Algorithm + Parameters W 43%

Figure 12. How AutoML works, borrowed from [37]?

AutoML favours the ensemble models as it saves times, improves performance by com-
bining several models [38]. That is why the ensemble iteration appeared as the final

iteration of the job with best possible score when the model is fit as shown in Figure 13.
Automated ML make use of Voting as well as Ensemble methods for combining models.

o Voting: It predicts on the basis of weighted mean of predicted regression output
values in case of regression and predicted class probabilities in case of classifi-

cation problem [38].

e Stacking: It mixes different models and train model based on target values of
each model [38].
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37 @ Completed

Jobs » Exp2AutomatedMI_PredictElectricityConsumption

Job2_AutomatedMI_PredictElectricityConsumption

() Home
Overview  Dataguardrails ~ Models + child jobs  Qutputs + logs  Child jobs
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Authoring () Refresh O Reset view
B Notebooks
L Search

£& Automated ML
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&% Designer
>_ Prompt flow VotingEnsemble View explanation View responsible Al ... 0.00905 100.00 %
o Tracing smeview MaxAbsScaler, XGBoostRegressor 0.01126 100.00 %
Assets MaxAbsScaler, ExtremeRandomTrees 0.01338 100.00 %
B Data MaxAbsScaler, LightGEM 0.02163 100.00 %

I & Jobs

MaxAbsScaler, ElasticNet 0.03115 100.00 %
g5 Components

MaxAbsScaler, ElasticNet 0.03453 100.00 %
2% Pipelines
B Environments StandardScalerWrapper, ElasticNet 006085 100.00 %

While performing machine learning through Automated ML, there is no need to specify
the models or algorithms, as AutoML does it automatically during automation and tuning
procedure. Following are the list of supported algorithms supported by Automated ML

for regression, classification as well as timeseries forecasting [39].

Table 5.  Algorithms supported by Automated ML in Azure, borrowed from [39]
Classification Regression Time Series Forecasting
Logistic Regression Elastic Net AutoARIMA
Light GBM Light GBM Prophet
Gradient Boosting Gradient Boosting Elastic Net
Decision Tree Decision Tree Light GBM

K Nearest Neighbours

K Nearest Neighbours

K Nearest Neighbours

Linear SVC

LARS Lasso

Decision Tree

Support Vector Classification

Stochastic Gradient Descent

Arimax

Random Forest

Random Forest

LARS Lasso

Extremely Randomized Trees

Extremely Randomized Trees

Extremely Randomized Trees

Xgboost

Xgboost

Random Forest

Naive Bayes

TCNForecaster

Stochastic Gradient Descent

Gradient Boosting

ExponentialSmoothing

SeasonalNaive

Average

Naive

SeasonalAverage

As shown in Figure 14, during model training with AutoML in Azure, if user wants to

specify which algorithms to use for training, then there is a configuration setting available
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that allows user to either allow all training algorithms or block certain training algorithms
[39].

Azure Al | Machine Learming Studia

Submit an Automated ML job

Doppoooooor e

Figure 14. Allow/Block Algorithms in AutoML

As shown in Table 5, Azure ML provides many modern algorithms for regression pur-
poses.

Elastic Net:

Elastic Net is a standard regression algorithm which allocate model parameters to the
independent variables to predict target variable when features in the data could be highly
correlated. It does the model training with norm-regularizations or penalty to model to
avoid model complexity. It makes use of L1 and L2 penalty regularizations, where L1 is
called Lasso while L2 is call Ridge [21].

Lasso reduces the model parameters to 0 on uncorrelated features or independent var-
iables. On the other hand, Ridge would decrease or minimize the value of such param-
eters of least important feature variables [21].

Thus, by making use of this L1 and L2 techniques, Elastic Net is able to create a model
which is simple and does not remove many features along the way during the model
training [21].
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LARS Lasso:

LARS (Least angular regression) lasso is also another classic regression algorithm. It
adds L1 penalty to loss function and thus fairs well to identify main features and reduce

the model parameters to zero for least important features [21].
Light GBM:

Light GBM also called as Light Gradient Boosting Machine. It is part of gradient descent
setup which make use of weak performing decision trees and create sub trees on weaker
points of data. It basically makes use of decision tree-based training and learning. Thus,
it combines them all and repeat the same process till it reaches the level of optimum
performance. It is fast, efficient, curate well with accuracy, capable of dealing with large

data alongside it also support parallel or distributed learning [21] [40].
Gradient Boosting:

Gradient boosting can be useful for regression as well as classification related tasks. It
makes a stack or ensemble of weak models. It is an ensemble type of algorithm for
supervised machine learning operations. It ensembles or combines the multiple models
as a final models during training. In sequence, it trains multiple models and does the
bagging/boosting where it put additional weights on incorrect predictions. Thus, gradually
through model training it reduces the loss function with optimized model parameters. To

compute gradient, it uses partial derivative of loss function [41].

Decision Tree:

Root Node

Decision Node Decision Node

el

Decision Node Terminal Node Terminal Node Terminal Node

Terminal Node Terminal Node

Figure 15. Decision Tree, borrowed from [41]

Decision Tree is also an ensemble algorithm which is use for supervised machine learn-

ing activities. It can be used for both classification and regression purposes. It divides
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the data into multiple subtrees, and it recursively subdivides them into more subtrees.
As shown in Figure 15, the top node is called root node, it is derived by two or more
nodes called as decision node. Decision Node can also be derived by other decision
nodes. But eventually Decision Node is reached to lead node or Terminal Node which is

the lowest node and does not get divide any further [41].
K Nearest Neighbours:

K Nearest Neighbours (KNN) algorithm is used in Supervised machine learning for re-
gression and classification related activities. It starts associating the similar data points
in data and then tries to calculate the mean of value of such data points. Such mean
values provide the idea of nearest neighbour’'s amount data points. KNN is the only near-

est neighbour algorithm used inside Auto ML of Azure [21].

K in the nearest neighbour refers to the number of nearest data point neighbours that

model or algorithm determines while making prediction or classification.

For classification problem, one can make use of Euclidean distance between nearest
neighbours and then put those values into ranks that determines the decision boundary.

In case of regression, it can be the mean or average of distance [41].
Stochastic Gradient Descent:

Stochastic gradient descent (SGD) is quite prevalent in machine learning community
from some time. It can be used with large as well as small scanty machine learning
models for optimization. It is quite efficient but susceptible to feature scaling. And some-
times it takes time for SGD to fine tuning model with regularizations and hyperparameters
and it goes through lots of iterations to reach the optimum point to get the weights or

model parameters [42].

Typically, gradient descent algorithm in mathematical sense tries to find the optimal slope
in order to get the appropriate values or weights for model parameters or minimize the
loss function. Stochastic gradient descent is an optimization algorithm that iteratively tries
to converge the loss function. It is used in both regression and classification related tasks
[21].

Random Forest:

Random forest could be considered as another form of ensemble algorithm which is quite
common to use in supervised machine learning setup. It can be used for both regression
(prediction) as well as classification problem. As random forest is kind of an ensemble
algorithm in itself because it takes into account multiple decision trees for prediction or

classification. An individual tree could have more variance, but when it gets combined
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with multiple such trees and taken an average of all such trees then it creates more
accurate predictions while reducing the variance. This technique is also called as bag-
ging or bootstrapping where samples are drawn randomly with replacement. Here the
random subset of data or tree is used multiple times independently. In other words, ran-
dom forest learns from individual trees. For regression problems, mean or average val-
ues of individual decision trees are taken into consideration. However, in case of classi-
fication, the voting or majority based on class prediction is considered. For random for-

ests to work well, it requires deeper trees, and it also adds computation time [41] [43].
Extremely Randomized Trees:

Extremely randomized trees is another algorithm use in supervised machined learning
and it is more alike random forest. It can be useful with classification and regression
problems. As in case of random forest where samples are randomly drawn and replaced,
but in case of extremely randomized trees, the entire original sample data is used. In
case of random forest, the best of randomly generated threshold over random subset of
data features is used for splitting the node or trees. While in case of Extremely random-
ized trees, it does it randomly. Thus, it makes it faster than random forest. More infor-
mation about the differences with Decision Trees, Random Forest and Extremely Ran-

domized Forest are shown in Table 6 below which is borrowed from [41].

Table 6. Decision Tree, Random Forest and Extremely Randomized Forest [41]

Metrics Decision tree Random forest Extremely Randomized trees

Number of trees 1 Many Many

No (option available in scikit-

Bootst i N/A Y

ootstrapping es learn)
#Or featgrgs eIl All features eIl Bl Random subset of features
each decision node features

Splitting criteria Best split Best split Random split
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XGBoost:

It is also called as Extreme gradient boosting which is ensemble algorithm. It is part of
optimization based gradient descent algorithm use inside supervised machine learning
models for regression as well as classification [41]. It basically learns from weaker deci-
sion trees by identifying such low performance trees and subdividing them through the
subset of data [21]. It makes use of penalty or regularization with L1 and L2 to get better
generalization in model while minimizing overfitting problems. XGBoost use second or-
der partial derivative of error rate or loss function to find optimal slope or gradient which
determines the weights or model parameters for model. It is considered safe to use when

data has missing values, also it is faster as it builds decision trees parallelly [41].

4.3 Machine Learning in Conventional Form - using Google
Colab

When it comes to conventional way of doing machine learning there are several ways to
perform machine learning. For the sake of this thesis, Google colab is used. While as
described in section 4.2 Machine Learning with Azure ML, it is mentioned that Azure ML
does not have support for multiple-label or multi-output regression [35]. Thus doing ma-
chine learning in traditional form allows to explore this and make use of multi-output

regression through sckit learn.
MultiOutputRegressor:

With multi-output regression it is possible to predict electricity consumption as well as
housing prices with one go. Thus it does not involve training prediction models for each
of them separately. Multi-output regressor gives the facility to predict multiple target val-
ues [44].

For example:

pipeline = Pipeline(steps=[

('preprocessor', preprocessor),

('regressor’, MultiOutputRegressor(RandomForestRegressor(n_estima-
tors=1500, random_state=42)))

Random Forest Regressor / Gradient Boosting Regressor :

It needs to be accompanied with supporting algorithm for regression. In case of thesis,
algorithms like Random Forest Regressor and Gradient Boosting Regressor are used
using MultiOutputRegressor. It makes use of random forest algorithm which is covered

in section 4.2.2 Machine Learning with Azure ML — Using Automated ML.
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5 PRACTICAL APPROACHES

5.1 Azure ML and Conventional Setup with Google Colab

With respect to the scope of the thesis, Azure as well as google collab is used. While it
is simple to work with google colab as it is like a website that allows to write and execute
code. On the other hand, it requires some knowledge before working with Azure. This

section is meant to describe all practicalities to conduct machine learning.

In order to do machine learning in Azure Cloud, the first and foremost thing is to have a
subscription for Azure. Once the subscription is in place, the machine learning work-
space can be created from Azure ML services as described in section 0 As seen in the

Figure 4 above, the main architectural building blocks of azure ml are as follows.

Workspace. Through workspace and Azure Machine Learning Studio, it is easier to con-

duct machine learning either with Designer or Automated ML.

5.2 Designer Pipeline with Azure ML

By selecting Designer from workspace under Authoring, select the Classic prebuilt tab

and create a new pipeline using classic prebuilt components as shown in Figure 16.

Azure Al | Machine Learning Studio

= TUNLSi MasterThesisWorkspace Designer

€ All workspaces Designer

& Home New pipeline

[ Model catalog Classic prebuilt Custom
Authoring

This low-code option uses existing prebuilt components and earlier dataset types (tabular, file), and is best

(] Notebooks any new compaonents added.

4% Automated ML -
| 5= Designer _I_ s
»_ Prompt flow S .

&o Tracing smeuew

Create a new pipeline using Image Classification using Binary Classification using
Assets classic prebuilt components (1) DenseNet (3) Vowpal Wabbit Medsl - ... (5
B2 Data
Pipelines
A Jobs

Figure 16. Creating Designer Pipeline
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At this stage, the data can be imported into Azure ML Asset of Data, or it can also be
imported once inside the Designer Pipeline. Basic idea of Designer is to provide simple
to use user interface for user so that the machine learning pipeline can be created to do

task. Such pipelines are built with components.

As mentioned earlier, Azure ML does not support multi-output regression [35]. For that
reason, two separate designer pipelines need to be created to predict housing prices
and electricity consumption per municipality. Thus, separate datasets are imported, one

contains labels or target value for housing prices while other with electricity consumption.

As shown earlier in Figure 6, several components can be chosen to create an end-to-
end machine learning pipeline. Components are pretty self-explanatory or once it is
clicked the Azure ML provides information about what the particular component is used

for. For more details one can refer the tutorial [45].
In terms of predicting the Housing prices the components used were:

1. Data Component. To access the imported dataset as well as it provides the fa-
cility to preview the data that allows to check the statistical features like standard
deviation, min, max and median values etc.

Select Columns in Dataset: To include/exclude columns from dataset

Clean Missing Data: To replace missing value with cleaning mode. Here it is
opted to replace with Median value as shown in Figure 17.

Validate = Clone (@D AutoSave Configure & Submit
B
ML Designer For Housing Prices in Finland save {5 Pipeline interface
Clean Missing Data 7 B0

Columns to be cleaned (7) * Edit column

Column names: Surface area (m2).Inhabitants total
(HE).Average age of inhabitants (HE),Median income of
inhabitants (HR),Average floor area per person
Housing-Prices-Data-In-Finland (m2).Dwellings (RA) Average floor area per dwelling
(m?2).Employed (PT),Unemployed (PT),Children aged 0to

Minimum missing value ratio () *

Data putput

[o |

Maximum missing value ratio (D)

E |

Dafgset Cleaning mode (1)

£ Select Columns in Dataset ‘ Replace with median |
select_columns_in_dataset_to_predict_hou.

Custom substitution value

g fe Replace with mean
Replace with median
o Dafiset o

Replace with mode

B Clean Missing Data ¥ Parameters

o clean_missing_data_housingprices o Remove entire row

) a datas... Cleaning tr . Remove entire column
O Cleaned(datas... (Cleaning tran o -

Input settings >

Run settings >

Figure 17. Clean missing data component

4. Normalize Data: To transform the Data. In this case the Min-Max Scaler is used
to transform the numeric values in the dataset so as to have homogenously
scaled data for model training as shown in Figure 18.
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ML Designer For Housing Prices in Finland ¢ Save % Pipeline interface

Normalize Data 7

Transformation method (7) *

- MinMax -
& Select Columns Zscore
c MinMax
Results dataset
Logistic
Dataset LogNormal
Tanh

B Clean Missing Data
clean_missing_dsta_housingprices

S — S— .
(m2).Employed (PT),Unemployed (PT).Children aged 0to 14~

Qutput settings >
Input settings >
o o
Run settings >
£ Normalize Data = Parameters
u] normalize_data_housingprices o
Node information >
= Transfofned d...jfransformatio... = Component information 5
Dagaset
Figure 18. Normalize Data Component

5. Split Data: To split the data. Here it is split with 70:30 ratio with random seed as
42. One part of spilt data is use during training model while other goes for score
of validation score as shown in Figure 19.

6. Train Model: This component helps with model training. It also contains the label
or target column which is the predictor. In this case, it is “Single family house
properties (purchase price median €)” in short, the median housing price in euros.
It also expects the training algorithm for the problem it is tasked for. In this case
of thesis, the model expects to do regression. So, a linear regression model is
connected to it as shown in Figure 19.
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O
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Scored datasst
|

/
Scored gatase_.  Scored datase...
=
O

[=} Evaluate Model

evaluate_model_housingprices
@ Q O %

lustion results

Figure 19.

Split Data, Train Model, Score Model, Evaluate Model Components

7. Score Model and Evaluate Model: These components check how well the
model performs after training the model. And the score model evaluates it on split
30% data. Finally, the metrics are computed and made available to Evaluate
Model component as shown in Figure 19
Once all these components are connected properly and put in place, the Designer pipe-
line is ready to carry on machine learning. When the pipeline is ready you can save it or

even undo/redo the changes or validate the changes made in Designer using the menu
shown in Figure 20
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Authoring

Validate = clone (@D Avtosave Configure & Submit

Save ¢ Pipeline interface

i

ML Designer For Housing Prices in Finland ¢

Figure 20. Menu in Designer

Once everything is set, Configure & Submit can be used to run the pipeline. The Azure
ML asked for Basic details like Experiment Name, Job Name, etc. As well as compute
related information. If something is not available, then it can also be created by clicking

on hyperlinks as shown in Figure 21. And after everything click on Review + Submit.

. =0 51
O Basics Basics © Basics Runtime settings D
@ Inputs & outputs Experiment name @ Inputs & outputs Default compute ()
| (®) selectexisting () Create new |
® . ’
©  Runtime settings ) . () The pipeline compute target Compute00T is invalic
o Existing experiment * Runtime settings
| Select compute type
Review + Submit ‘ ExIMLDesignerHousingPrice v ‘
Review + Submit Compute cluster
Job display name
Select Azure ML compute cluster
‘ ML Designer For Housing Prices in Finland ‘
No compute clusters found
Job description T3 Creste Azure ML compute cluster () Refresh Compute
Designer For Housing Prices by Pincode in Finland
> Identity
o
Job tags Default datastore (1)
Select datastore *
[rame - [ioe
| workspaceblobstore v
Advanced settings
Continue on step failure ()

Figure 21. Running the Designer Pipeline

When everything works well, Azure will give the notification whether the Designer pipe-
line executed successfully or not. One can also check that from the Job section and look
for the particular experiment’s Status that is mentioned previously while submitting the
Designer pipeline as shown in Figure 22.

e oo ot e

Jobs

All experiments  Alljobs  All schedules.

EERTRN () Refiesh L Export = Viewoptions - | Defaut (5 Dashbosrd view  §= Flst list of Jobs

@ ) oniymypbs T Rl [F Columns
i Pasent job name Experiment Status Created on o Created
@ @ Completed 104
-9 © Completed 104
=@ ¢ © Completed
.9 © comieied
s o "

Figure 22. Status of executed Designer Pipeline

And once the job status is shown in red/green as completed, a user can open the job by

double clicking it. And check all the status of every component that was used in the
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Designer pipeline. As shown in Figure 23, the Evaluate Model component is showing a
green mark and on examining, various properties can be seen on right side. Here we
can see the metrics like Coefficient of Determinants, Relative Absolute Error, Mean Ab-

solute Errors etc.

@ Al | Machine Leaming Studio ©® o0 ® < 72 @ |A;wekvswder‘li i @

Master ThesisWorkspace

Evaluate Model =0

w 3RS 3

Assts | ;‘; 0.6268387 0.6374440
o] 1 o]

0.3731613 53,848.86...  70,684.68...

Figure 23. Successfully executed Designer pipeline shown in Job

After successful creation and execution of Designer pipeline, it is time to deploy the
trained model for public use. This can be done by either creating an inference pipeline

or registering a model.

5.3 Automated ML with Azure ML

AutoML does not expect any algorithm to be explicitly specified by user as also men-
tioned in section 4.2.2 Machine Learning with Azure ML — Using Automated ML. It is
better to do some auto ML configuration as well as data import before moving forward

with machine learning implementation with AutoML [46][47].

Once inside the workspace, one can find the Automated ML under Authoring as shown
in Figure 24 and click on “New Automated ML Job”. Unlike designer, AutoML does not

require any pipeline creation.



Azure Al | Machine Learning Studi

‘

& All workspaces

(2 Home

[ Model catalog
Authoring

E Notebooks
| & Automated ML

£ Nacianar

Training job
@ Training method
@ Basic settings
Task type & data
Task settings
Compute

Review

Training job
Training method

Basic settings

Task settings

Compute

(]
|
(]
|
© Task type & data
|
o
(<]
(]

Review

TUNLfi MasterThesisWorkspace Automated ML

Automated ML

Let Automated ML train and find the best model based on your data without writing a single line of code. Le

~+ New Automated MLjob | () Refresh

Recent Automated ML jobs

Display name i

ure for Student:
MasterThesisWorkspace

O & =

Basic settings

Let's start with some basic information about your

Experiment

Training job

@ Training method

@ Basic settings
|

Task type & data

41

Azure for Students

MasterThesisWorkspace

Choose the type of task that you would like your model to perform and the data to use for training, Learn morer

0 columns
Modified on
May 29, 2024
May 29, 2024
May 27, 2024

Apri7,2024

training job. Select task type * ©
$ Toknees e
Job name * © “ © Task settings
‘ elated_wheel_qcvdgywidd Select data
© Compute
Make sure your data is preprocessed into a supported format.
Experiment name *
© Review
() Refresh ‘ @D show supported data assetsonly O Reset view
(@) Select existing () Create new
Existing experiment * Q search = Filter
‘ Exp1AutomatedM|_PredictHousingPrices
Name Type Created on |
Electricity-Consumption-Data-in-Finland Table May 2, 2024
Description
T ©  Housing-Prices-Date-In-Finland Table May 28, 2024 ..
Updatec-Housing-Prices-And-Electricity-Cons...  Table May 19, 2024
Tags Housing-Prices-And-Electricity-Consumption- Table Apr 17,2024 8...
Add Page 1 oft 25/Page
4 Azure for Students
Z: =2 7
[CR S - ? O | e
Additional configuration
Target column *
Primary metric (0
‘ Single family house properties (purchase price median €) (Integer) | Mo
@ View additional configuration settings ¥ View festurization settings
2 B = Explain best model (D
[Jenable ensemble stacking @
7 Limits I Use sl supported mocels
Max trials (D Blocked models (&
‘ e bae | Alist of models that Automated ML will not use during training.
Max concurrent trials (O
‘ Enter concumrent trials
Max nodes (O
Metric score threshold ()
‘ Enter m ore threshold
Experiment timeout (minutes)
‘ 30
Iteration timeout (minutes) (O
‘ nter timeout in minutes
B enabie carly termination ©
Validate and test
You can choose a validation type and select test data as an optional step.
Validation type ()

Train-validztion split

Automatic

k-fold cross validation
Monte Carlo cross validation
Train-validation split

User validation data

Figure 24.

Automated ML in Action
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It is better to give informative name to experiment/job while following the steps to create
a AutoML job. In this case the task type is regression as well as the data used during

Designer pipeline is selected to facilitate reuse.

In terms of configuration, it can be observed in Figure 24, the target or predictor is pro-
vided, alongside other important configuration details like exit criterion in the Limits sec-
tion is added to train the model in timely fashion. Metrics and supporting algorithms are
selected, if needed one can block certain algorithms to take part in machine learning with
AutoML [46]. Finally, after setting compute type the AutoML job can be reviewed and

submitted.

Once the AutoML job is submitted, it can be reviewed in the Jobs section in workspace
or Azure ML can provide the notification. Figure 25 shows the successfully completed
AutoML Job, alongside the necessary details can be read by clicking on hyperlinks. In
the Figure 25 various other metrics are also shown, how much time it took to run the
Automated ML. It also offers the list of algorithms it trained on under “Models + child jobs”
and much more. Once everything is in place, user can go forward with deploying the

trained model for public use.

Arure Al| Machine Learning Studio Q¢ e = 2 6|]

= NLA > MasterThessWorkspace > Jok Expt Atom atedMI_PredictHousingPr Job_AutomatedMI_PredictHousingPrices
Run Metrics

Job1 AutomatedMI_PredictHousingPrices <~ @ Completed

Explained variance
0.08543

Overview  Dataguardrails  Models + child jobs  Outputs 4 logs  Child jobs

Mean absolute error

10995

() Refresh  (2) Editand submit (preview) =+ Register model i Delete I Compare (preview)
Mean absolute percentage srror

76737

Properties Inputs Median absolute error
78125
Status Script name

&

Nermalized mean abselute errer
0.010041

Normalized root mean squared log srror

|_PredictHousingPrices 0.031187

See VAML job definition

[ Job YAML

job1_autematedmi_predicthousingprices

Tags

dynamic_allowlisting_ierations : <25

Figure 25. Successfully completed Automated ML job for regression

5.4 Deployment with Azure ML

In the case of Designer pipeline, once it is successfully built and executed, the trained
model can be deployed through creating an inference pipeline. This can be done by
“Create inference pipeline” as can be seen in the Figure 23 above.
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For predicting housing prices as in Figure 26, an Inference pipeline will migrate the
trained model and some transformation components and arrange them in well-connected
order. It also imported some additional components as it is from designer pipeline that

needs to be removed after careful consideration.

Validate & Showlineage = Clone (@D Autosave Configure & Submit
ML Designer For Housing Prices in Finland-real time inference ¢ Save & Pipeline interface

3 Enter Data Manually
enter_data_manually & Web Service Input

Web 5_?].'»‘2 nput data

Dafhset
7""'ng'§£"'
E% Select Columns in Dataset
5 TD-ML Designer_For_Housing_Prices_in_... select_columns_in_dataset_to_predict_hou
v
Q o
Data butput Resyli/dataset
Tranfognato.,  Dagset

Cr O
|=% Apply Transformation
apply_transformation_1

T3 MD-ML Designer_For_ Housing Prices_i...
v
-
Data ‘iu:;_q« T'ajg!;m'o ed dataset
Traineg model  Datafet
3 3
i*. Score Model
score_mode|_housingprices
— 0
Scored|dataset

Datgsetl  Dataset2  Script b.

& Execute Python Script
execute_python_script

O
Result dbtage..

sult datase..

e output data
O
@& Web Service Output

E1 Navigator & [Fl  99% @ & &

Figure 26. Inference pipeline

While some additional components are added like the following

Enter Data Manually: To enter the data as an input

2. Execute Python Script: This is a little python code component that can be used to do
some operation. In this particular case, it is formatting the output that can be finally
shown to the user through service response.

def azureml_main(dataframel = None, dataframe2 = None):
scored_results = dataframel[['Scored Labels']]
scored_results.rename(columns={'Scored Labels':'housing price'},
inplace=True)

return scored_results
The inference pipeline can be validated using the validate button. Once everything is in
place, the user can click on “Configure & Submit” button and fill the necessary details as
shown in Figure 21. Itis better to have a meaningful name for experiment and job so that
it is easy to identity them. After filling necessary details, the pipeline can be run or exe-

cute using “Review + Submit” button. After a while user can check the status by checking
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either the notification icon or visiting the Jobs to check if the inference pipeline has exe-

cuted successfully or not as shown in Figure 27 below.
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Figure 27. Successfully executed inference pipeline

By clicking the inference pipeline name as shown in Figure 27, it opens the executed
pipeline and displays the components that successfully worked as shown in Figure 27.
Thus, it also indicates that the model is ready for deployment so that it can be exposed

as an endpoint. There is a Deploy button that can help to do that as shown in Figure 28.

It opens a pop-up window which ask for necessary information, in this case the name of

endpoint is “ml-housing-price-prediction”
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Figure 28. Model Deployment with Designer: mil-housing-price-prediction

In the case of Automated ML, the process to create real-time endpoint is similar, but it
does not require inference pipeline at all. The successfully executed AutoML job can be
opened and under its “Model + child jobs” tab, the user needs to select the algorithm for
deployment as shown in Figure 29. Then click on “Deploy” button then Real-time end-

point. A pop-up opens and after filling in necessary details the model is up for public use

through real-time endpoint.
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Figure 29. Model Deployment with Auto ML: automl-housing-prices-prediction
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Once the real time endpoint is deployed, it can be visible in Endpoints section as below
Figure 30.
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Endpoints
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Figure 30. Real-time endpoints
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Figure 31. REST URI and Endpoint Details

The real time endpoints can be tested and consumed through an endpoint URL. Great
thing is that the working code to consume such REST-API based endpoint URL is also
provided by Azure ML. To see that check the endpoint interface under Consume tab
shown in Figure 31 and Figure 32. Such models can be consumed in any application
that has access to the internet and make predictions. This provides more flexibility to
create intelligent applications within limited amounts of time and roll out things quickly.
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c# R

// .MET Framework 4.7.1 or greater must be used

systen;
systen.collections. senerics
System.10;

system.let.Http;
System.Net.Http.Headers;
System.Text;

system. Thresding. Tasks;

namespace CallRequestResponseService

class Program

{
tic void main{string[] args)
{
InvokeRequestResponseservice().Wait();
i
static async Task InvokeRequestResponseservice()
{

var handler = new HttpClientrandler()

clientcertificateoptions = Clientcertificateoption.manual,

servercertificatecustomvalidationcallback =

(httpRequestressage, cert, cetChain, policyerrors) =» { return trug; 3
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Boilerplate code to help developing app to access such endpoints
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As part of thesis, machine learning is conducted with regular way using google colab and

with Azure ML services utilizing cloud. While conducting the experiments, the regular

approach is implemented first and later with Azure cloud in order to conduct machine

learning locally without getting idea from Azure ML setup. Following tables showcases

the metrics obtained through experimentation.

Table 7.

Evaluation metrics in reqular ML approach using Random Forest Regressor

Model evaluation metrics
with regular approach

Housing Prices

Total Electricity
Consumption Per

Root Mean Squared Error

Municipality
Mean Absolute Error 17237.6929 19.8838
Mean Squared Error 1162379797.3430 3131.1347
34093.6915 55.9565

Table 8.

Evaluation metrics in reqular ML approach using Gradient Boosting Regressor

Model evaluation metrics
with regular approach

Housing Prices

Total Electricity
Consumption Per

Root Mean Squared Error

Municipality
Mean Absolute Error 15433.8716 35.9744
Mean Squared Error 629636640.2092 4456.1190
25092.5615 66.7542

Table 9.

Evaluation metrics with Designer in Azure

Model evaluation metrics
with Designer in Azure

Housing Prices

Total Electricity
Consumption Per

Root Mean Squared Error

Municipality
Coefficient of Determination 0.6268387 0.5851417
Mean Absolute Error 53,848.8670 480.7044
Relative Absolute Error 0.6374440 0.6196468
Relative Squared Error 0.3731613 0.4148583
70,684.6897112 672.1684

Table 10.

Model evaluation metrics with Automated ML in Azure

Model evaluation metrics
with Automated ML in Azure

Housing Prices

Total Electricity
Consumption Per

Municipality
Explained variance 0.98543 0.99866
Mean absolute error 10995 18.527
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Mean absolute percentage error 7.6737 22.102
Median absolute error 7812.5 9.1975
Normalized mean absolute error 0.010041 0.0041106
Normalized median absolute error 0.0071347 0.0020407
Normalized root mean squared error 0.013422 0.0090542
Normalized root mean squared log error | 0-031187 0.042936
R2 score 0.98541 0.99864
Root mean squared error 14697 40.808
Root mean squared log error 0.10433 0.33179
Spearman correlation 0.97699 0.98856

With respect to the metrics described in section 3.4 Metrics For Model Evaluation. Table
7, Table 8, Table 9, and Table 10 provide the evaluation metrics for machine learning
with traditional and with Azure ML framework. From the provided metrics, it can be seen
that “Mean Absolute Error”, “Root Mean Squared Error” are common metrics in all, while
“R2-score or Coefficient of Determination”, (also “Mean Squared Error” can be calculated
from Root mean squared error) is mostly common among those Azure ML with Designer
and Automated ML. Based on the metrics presented in Tables above it can be seen that
Model trained with regular approach has performed better than Designer. On the other
hand, Automated ML has surpassed both Designer and Conventional models in terms
of evaluation results. Performance of the model could be affected by several factors like
hyperparameter tuning, algorithms selections etc. And each algorithm has its own set of

hyperparameters.

In case of Designer (Azure ML), Linear Regression algorithm is used while in Traditional
approach, multiple regressor with random forest and gradient boosting algorithm are
used while trying/testing different values of hyperparameters. In Azure ML Designer, Lin-
ear Regression algorithm has hyperparameters as shown in Figure 33. They are Solution
Method, L2 regularization weight, include Intercept term, Random Number speed. With
respect to the scope of this thesis Linear Regression is used in Designer, while there are
other algorithms as stated in section 4.2.1 Machine Learning with Azure ML — Using
Designer. Those algorithms have their own different set of hyperparameters. One such
example is shown in Figure 33 about Neural Network Regression algorithm which has
variety of hyperparameters like Create trainer mode, Hidden layer specification, Number
of hidden nodes, Learning rate, Number of learning iterations, The momentum, Shuffle

Examples, Random number speed.
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Linear Regression =
Solution method (7) *

‘ Ordinary Least Squares v ‘
L2 regularization weight (D) *
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Include intercept term (1) *
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Random number seed (1)
B |
Qutput settings >
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Figure 33. Hyperparameters provided by Azure ML (Designer) for Linear Re-
gression and Neural Network Regression

In conventional machine learning framework, algorithms like Random Forest regressor

as well as Gradient Boosting regressor are used [48] which also provided support for

multioutput regression through Scikit Learn library [44]. The typical hyperparameters

used in that case are n_estimators and random_state for both gradient boosting regres-

sor as well as random forest regressor.
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While experimenting with Automated ML, the part of data/feature engineering which re-
quired data normalization, tuning hyper parameters, algorithm selections etc were not at
all asked by Azure ML. Also, automated ML does the model training with ensemble or
combinations of many algorithms as mentioned in section 4.2.2 Machine Learning with
Azure ML — Using Automated ML. All these factors in Automated ML not only saved time
but also reduced human errors, for example the repeated trial and testing with different

hyperparameter values during model training or model selection.

It was also found out that Automated ML has a setting to turn off the automatic featuri-
zation which would stop the data scaling, data guard rails (like data cleaning, data re-
placement etc) and normalization steps which is the core of feature/data engineering
[50]. When the data is entirely numeric then it can be enable/disable through “Enable
Featurization” option as shown in Figure 34. While in the case of this thesis the data also
contains categorical values so the Enable Featurization option is set by default, and it

cannot be changed.

Submit a training job Featurization X
Featurization selection identifies the actions performed on the data to prepare the data for training. This will not impact the
© Training method Task settings input data needed for inferencing i.e. if columns are excluded from training, the excluded columns will still be required as
input for inferencing on the model. Leam more about Automated ML's featurization. (1
@ Basic settings Task type Enable featurization
Regression
@ Task type & data Q. Search 0 cotumns
Data
@ Task settings TempNumericData (View dats) Column name Feature type Impute with Data example

Target column *

@ Compute Surface area (m2) Numeric } | Median § ‘ 2353278, 414010, 428960
Total (GWh) (Decimal)
@ Review ; 030 718
- - habitants total (HE 18030, 7192, 1731
 View additional configuration settings | B¥ View featurization settings nebitants tets ‘Aum v | |Au\u ‘ £030. 7192
Average age of inhabitan [ , . y | Auto ‘ 42,41, 4
> Limits
Average income of inhabi [ . ) | Auto ‘ 45302, 56441, 77808
Validate and test
Median income of inhabi 31186, 32491, 3568
You can choose a validation type and select test data as an optional step Medizn income of inhabi ‘Aum v | |Aum ‘ 31186, 32491, 35654
Validation type (O
Average size of househol [ . ) | Auto § ‘ 17,1819
k-fold cross validation ~
Average floor area per pe ‘Aum ) | |Au\u ‘ 39.7,40.1, 442
Dwellings (RA) Ao ) | Auto ‘ 12337, 4862, 1181 ;
5
< Prev Next >

Also, Automated ML runs multiple parallel jobs or pipeline so that each job runs a algo-
rithm which has its score as elaborated in 4.2.2 Machine Learning with Azure ML — Using
Automated ML. For example, in case of housing price prediction, through experimenta-
tion it ran around 30 pipeline or jobs by trying different algorithms and automated featur-
ization as shown in Figure 35. And finally, it shows the best performing model as seen
from Figure 36 and Figure 37, alongside its model evaluation metrics are shown in Table

10. Automated ML in Azure is part of the breakthrough from research division at Microsoft
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[22] [51] and it made use of meta learning to automate the process with data/feature

engineering, model selection, and hyperparameter optimization [52].

Hyperparameters
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Figure 35. Automated ML with hyperparameter tuning and data normalization
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Figure 36. Parallel jobs created by Automated ML (for housing price predic-
tion)
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Figure 37. Best performing model provided by Automated ML (for housing
price prediction)

A survey was conducted between 27" August 2024 till 6" September 2024 to gather
qualitative insights from participants in academics and industry backgrounds about Az-
ure Cloud. Alongside the insights gathered based on the survey, few self- reflections of
Azure ML services while orchestrating experiments are also added. The survey was cre-
ated using Microsoft Forms which is part of Microsoft Office 365 utilities provided by
Tampere University to each of its students. The survey aimed to facilitate the response
about how useful cloud platforms like Azure is in terms of ease of use. Overall, the re-
sponses from survey also helped to answer research question RQ1 when it comes to
determining ease of use in cloud environment as there is no mathematical expression to
quantify easiness or friendliness of Azure cloud. Survey participants were reached out
through Email, LinkedIn and Telegram. The identity of survey participants is kept anon-

ymous for privacy reasons.

The graphs described below are drawn on the basis of survey responses through its
presentation option which is only available for survey host. The graphs provided from
presentation mode are easy to understand and for that reason they are used here in the

thesis.

As shown in Figure 38, Participants have quite a diverse set of experience level with
Azure or other cloud platforms. There is total 10% equivalents who are expert/proficient
in Azure while most comes under the wagon of basic which accounts for 20%, limited
made of 35% and early adopters/novice counts for 35%. This inclined that there is wide

adaptability with newcomers when it comes to cloud usage. This can also be seen with
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It also suggests that most people find it “easy to medium” or “somewhat comfortable”

while using Azure services like Azure ML, Azure Function, App services etc in their work.

How familiar are you with Azure cloud or any other cloud platforms in
general?

Expert _

Novice [ T R
Basic [ N
Limited [ or——— EEFL

Proficient [ i

How comfortable do you find using any Azure services for implement-
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[
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Somewhat comfortable 65%

Somewhat uncomfortable (D 15%
Very uncomfortable | 5%
Other B %
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Yes [ ooaemeaSaSSS——— S

No . 0

Do you think it will save time to use Azure Machine Learning service
(Azure ML service) to perform Al/Machine Learning operations?

Yes [ — JEH
No 0%
| have not use it but Azure is reliable touse (N N AR 35

Figure 38.

In terms of use, how easy do you find to use any Azure services (like
Azure ML, Azure Function, App services etc) ?
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Other
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Other -|m o
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services?
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No m s
Survey responses

One of the predominant things reported by participants as challenging in Azure or any

other cloud services are Cost Management and limited control over provided services. It

was also noted during the experimentation with Designer and Automated ML when there

was no support for multioutput regression which resulted in created separate Designer

pipelines and AutoML jobs for predicting values. While multioutput or multilabel regres-

sion is carried out locally utilizing Scikit learn library.

On the other hand, it was seen in the survey that many find Azure cloud services easy

to use mostly due to User friendly interface, and on-demand availability of services/en-

vironments. While support for documentation and unified way of implementation are also

popular choices. Also, through personal observations with experimentations, it was easy
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to follow through the documentations of Azure cloud. Ul is simple and easy to follow to
make changes. It was noted that participants prefer cloud over local infrastructure, and
95% would recommend using Azure cloud services. Also 65% participants think that us-
ing Azure cloud services like Azure ML could save time. While other 35% think that it is

reliable to use Azure even if they haven’t used the particular service.

Through experimentation it was seen that Automated ML does not request any steps for
data normalization or feature engineering, or algorithm selections, hyper parameter tun-
ing etc. On the contrary, When the machine learning experiments were conducted with
Designer (in Azure ML) and Traditional way, there was subtle need for them. This in

retrospect saves time in Automated ML.
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7 OBSERVATIONS

This section accumulates the self-reflections/observations based on Research, Results
from survey and experimentations during this thesis. With the help of all such factors

research questions are going to be addressed.
e RQ 1: How feasible is it to create machine learning models with Azure ML?

While working with Designer pipeline, the classic prebuilt components were used for re-
gression problem to predict housing prices and electricity consumption per municipality.
Using Designer was typically a low code approach with machine learning. The user in-
terface in Designer provided support for dragging and dropping the components to create
machine learning pipeline. This Designer way of doing machine learning is analogous to
the classical way of doing machine learning. On the other hand, Automated ML expected
only basic information like data, target column, task type i.e. regression, classification or
timeseries-forecasting etc. Apart from that it has removed user dependencies on

data/feature engineering, model selections and hyperparameter tuning.

Based on survey result, overall, the trend seems to be positive when it comes to utilizing
Azure or any cloud services for development due to its easy-to-use user interface, doc-

umentation and on-demand availability of services.

While making use of customary approach of machine learning on local machine, Scikit
learn library came in handy to attain multi-output regression. However, it was found dur-
ing experimentation that multi-output regression is not supported in Azure ML [35] which
makes user to follow the only predefined set of settings and algorithms provided by Azure

ML as shown in Figure 39.
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Figure 39. Designer and Automated ML in Azure ML with no support for multi-

target or multi-label regression

While using Azure ML, it was seen that throughout all the Azure framework, there is a
uniformity in Ul in terms of its meaning/use. For example, Designer and Automated ML
are provided with Ul that made use of components in Assets or Jobs that works in same
way inside both Designer and Automated ML. It makes things quite straightforward to
understand even if the machine learning work is performed with Designer or Automated
ML. Thus, it leaves less room for confusion. Apart from user interface, the availability of



58

low-code approach to problem solving could open more opportunities to users from var-
ious background to perform machine learning. On the other hand, to conduct machine

learning with conventional approach would need some time and understanding.

Although Azure ML also has code-based approach. But with respect to the scope of
thesis, it is more focus on ease of creating valuable and intelligent system using cloud
and in that aspect Azure ML is really a useful tool. The low code approach in Azure ML

could be quite useful than reinventing the wheel of development.

Another thing found during experimentation (and as shared in section 5.4) is that Azure
ML not only provided the streamlined process of model deployment, but it also provided
code about how to access those deployed model for public use. Such code could be
used by any business application to create production grade applications. These end-
points have authentication support and thus it allows safe access to user to use such

models.

Model trains with Azure ML have “Explanations” feature (currently in preview mode) that
explains top features that mostly impact model predictions. Figure 40 shows the “Expla-
nations” telling the top features for electricity consumption prediction and housing price
prediction. Sometimes, when the data is imported, Azure ML would automatically sug-
gest if the task to perform can be done with time-series forecasting, regression, classifi-

cation, neural network, computer vision etc.

. P
: ] )

Figure 40. “Explanations” showing top features for electricity consumption and
housing prices

Based on the compute settings, things once deployed with Azure ML scales itself and it
allows worry free accessibility and availability of deployed models. However, cloud can
get costly if not careful with implementations that utilizes computing resources from cloud
providers. This was observed while working with Azure ML services between the period
from April 2024 to July 2024. The range of usage can be seen from the cost analysis
section shown in Figure 41. It can be noted that June 2024 was costly as most of the
experiments for Azure ML with Designer and Automated ML were finished during that
time. These included data loading, pipeline creation for designer and inference, Auto-

mated ML setup, jobs/experimentation run-up, deployment testing etc. The cost was also
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increased rapidly as soon as the container instances were utilized while accessing the

deployed endpoints. On safer side when those deployed models were removed after

experimentation the cost went down in July 2024.

Note that the current azure setup with thesis made use of 100$ (or close to 95 euros)

student subscription offer provided by Azure for students. After the expiry of subscription

or credits, new subscription needs to be purchased [49].
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Here the conventional way of machine learning on local system could come to the rescue

when it comes to cost management. Although it also means that the local machines have
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good enough infrastructure in terms of hardware/software to do machine learning. For
advanced machine learning, local machines also need high end systems so in this case
if an individual or entity wants to invest in upgrading the systems or utilise a cloud-based

solution is entirely depend on their freedom of choice.

Considering relevance of results and observations shared above, it makes Azure ML
flexible to use. But care needs to be taken when it comes to cost management and ser-

vice utilization for problem solving.

e RQ 2: Does it save time to use automated ML for feature engineering in Azure ML?

After basic configuration settings in Automated ML, it carried out most of the feature and
data engineering tasks while it was explicitly required to be done in both Designer and
manual mode. It takes efforts to do data cleaning, normalization, algorithm selection, fine
tuning and other stages of machine learning operations while some of those steps also
needs to be repeated in conventional and Designer mode. However, with Automated ML
it saved considerable time, because the setup asked for no inputs from user to conduct
data/feature engineering, model selection, hyperparameter tuning. This can be observed

from Figure 42, where an overview of AutoML job is shown.
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Figure 42. Automated ML job overview

Using conventional approach, it saved time and resources to have only one dataset with
2 target columns for multi-output regression than having two separate datasets with one
target column each in case of Azure ML as it does not allow multi-target regression. This
created overhead to create individual pipeline for predicting housing prices and electricity
consumptions in both Designer and Automated ML. Although Azure ML allows to store
and access data from multiple datasets, and it was accessible to both Designer and

Automated ML without creating any copies of data.

In retrospect, Automated ML does save time by removing user dependency to conduct
repetitive tasks that involves data/feature engineering, model selection, hyperparameter
tuning. Although there is no support in Azure ML for multi-target regression, so there was

an overhead to do prediction individually.

¢ RQ 3: How well does the model generated using the automation pipeline in Azure

ML perform compared to the model generated manually?
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Automated ML made use of ensemble of various algorithms and parallel ran around 30
pipelines. Each such pipeline or job was doing those repeated fine tuning of models,
data/feature engineering etc. Finally, it gives the best performing model with optimal hy-
perparameters. Based on section 6 Results And Analysis, comparing the case of De-
signer and classical approach, the model generated with classical mode made better
choice of algorithms or hyperparameters with random forest and gradient boosting re-
gressor compared to the linear regression model used during Designer mode. With ad-
equate amount of fine tuning, model selections, and some data/feature engineering steps

both Designer and Classical machine learning can be improved.

As part of case study, Automated ML produced comparatively better results than other

approaches as per the evaluation metrics presented in section 6 Results And Analysis.
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8 CONCLUSION

The aim of this thesis was to understand how comfortable it could be to use Azure ML to

do machine learning and can it help to create an intelligent system with ease, irrespective

of knowledge level or in depth understanding of machine learning or statistics.

Considering the Information presented in section 6 and section 7 which is based on re-

search, survey and experimentation with AzureML services utilizing Designer as well as

Automated ML alongside traditional approach of machine learning with google colab.

This facilitates the conclusion of this thesis while also allowing room for discussing pro-

spects.

To summarize the research questions that were addressed in section 7

RQ 1: How feasible is it to create machine learning models with Azure ML?

As per the observations based on Research, Results from survey and experi-
mentations during this thesis as described in section 6 section 7, it made Azure
ML a flexible choice to use for machine learning operations with respect to its
user interface, on-demand availability of services/infrastructure and documenta-
tions. On the other hand, some consideration or planning is needed while utilizing
Azure ML service for cost management. It was also realized during experimenta-
tion that there is no support for multi-target regression in Azure ML which led to
an overhead to create multiple jobs or pipeline to do individual predictions. On
the other hand, multi-output regression is supported in classical approach of ma-

chine learning using scikit learn library.

RQ 2: Does it save time to use automated pipeline for feature engineering in
Azure ML?

Automated ML does not put dependency on user intervention for feature/data
engineering, model selections and hyperparameter tuning which usually takes a
time, and these steps also need repetition to get the expected model perfor-
mance. Although before doing machine learning with Automated ML, it is neces-
sary to have data in place and also configure the settings for job/experiments so
that it does what is expected in terms of feature/data engineering and exit crite-
rion. This can also be the case with manual mode, if proper transformation pipe-

lines are made then the things can be automated and that could save time in the
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longer run. Automated ML created parallel pipelines and tried ensemble of multi-
ple algorithms which consists of data/feature engineering, hyperparameter tun-
ing, model selection etc. and provided the best model in the end. Overall, this
stage would take time if it were required to be done in a manual and designer
approach. For example: manually trying to fine tune hyperparameters for each
model algorithm. This in general makes Automated ML a helpful commodity that

saves time with feature engineering.

¢ RQ 3: How well does the model generated using the automation pipeline in Azure

ML perform compared to the model generated manually?

Through experimentation results shown in Section 6, Models generated with Au-
tomated ML does outperforms models generated manually as well as through
Designer. Although with proper fine tuning, it could also be possible to get optimal
performance with manual and Designer that might outweigh performance of Au-
toML models. As seen in the section 6, the manual approach does perform better
than the model generated through Designer pipeline in Azure ML. However, with

regards to the scope of this thesis, Automated ML is the clear winner.

During experimentation and research, it was found that Azure ML does not support Multi-
output regression [35] which led to creation of individual pipeline/job for prediction. In the
thesis, Linear regression model was used inside Designer model for predictions. There
were limited algorithms provided in Designer pipeline of Azure ML. However, through
hyperparameter tuning, and utilizing other algorithms shared in section 4.2.1 for predic-
tion might've improved the performance of model generated with Designer pipeline. That
could also mean creating multiple designer pipelines using each model algorithm. In
terms of cost analysis, some cost driven alerts could have been created that could notify

user when certain credit limit is reached while accessing the services.

On the other hand, there are few prospects that can be explored with Azure ML. For
example: Designer pipeline was constructed with classic pre-built components however,
the custom components in Designer might have answer to address issue of multi-output
regression [35]. Similarly, the code-based approach with both Designer and Automated
ML might have some possibility to navigate around this problem. Azure ML-Ops is also
a great option to explore that could make more streamlined process of Continuous inte-
gration and delivery (CI-CD) ranging from model creation, testing, deployment. Recently,
Azure ML has introduced new features like prompt flow, Tracing and other advanced

features with LLM models that could be helpful while working on machine learning or Al
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based projects. Azure ML has support for many things like time-series forecasting, com-
puter vision, classification or large language models and other generative Al models, etc.
Such areas can also be explored with Azure alongside conventional approach to check
how much Azure ML can be useful. Other Cloud vendors like Google and Amazon Web
service could be explored for similar structure of thesis topic to check which one has

better support and usability to conduct Al or ML based operations.
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