Data Mining 2

Topic 01 : Module Introduction

Lecture O1 : Module Overview

Dr Kieran Murphy
Department of Computing and Mathematics, Waterford Institute of Technology.
(Kieran.Murphy @setu.ie)
Spring Semester, 2025
Outline
‘ @ Module motivation and aims.
;“1 @ The three components of a Machine Learning Problem
l“ @ Data mining / Machine Learning workflow
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What? Why? and How? What?

What 1s Data Mining ?

[We are drowning in data but starving for knowledge!]

Necessity is the mother of invention = Data Mining ~ Automated analysis of massive data sets.

Definition 1 (Data Mining)

The non-trivial extraction of implicit, previously unknown and potentially useful knowledge from data in
large data repositories

non trivial — obvious knowledge is not useful (we already know it)
implicit — hidden difficult to observe knowledge

previous unknown — if known then, why go to this effort?

potentially useful — actionable easy to understand
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What? Why? and How? What?

Data Mining vs Knowledge Discovery in Data (KDD)

@ Data mining and KDD are often used interchangeably.
@ Actually data mining is only a part of the KDD process.

Knowledge Discovery in Data (KDD) Process

Interpretation’
Evaluation

Data Mining

[ Selection ] ‘F‘Transfmm:d

Prcpru ces 5:d
* : Data i

Transformation
Pattems
[ Preprocessing

N Target : ' :
Data -  Data ; i i

Knowledge

See A Comparative Study of Data Mining Process Models (KDD, CRISP-DM and SEMMA)
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https://www.researchgate.net/publication/268770881_A_Comparative_Study_of_Data_Mining_Process_Models_KDD_CRISP-DM_and_SEMMA

Data Mining (Model Building) 1s less than half of Data Mining

What? Why? and How? What?
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representation — all before starting on model.

participants, and 61% to 80% for another 39%.

See Study on the Importance of and Time Spent on Different Modeling Steps, 2012

Boxplots: median is 20% on collecting data, 20% on preparing data, and 10% on changing data

Bar chart — data cleaning and preparation consumes at least 80% of project time for 25% of the
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https://www.kdd.org/exploration_files/V13-02-09-Munson.pdf

What? Why? and How? What?

Related Disciplines — Data Mining vs Data Analytics vs Data Science’

@ Data Mining is about finding the patterns in a data set, and using these patterns to make predictions.
@ Data Science is a field of study which includes everything from Big Data Analytics, Data Mining,
Predictive Modelling, Data Visualisation, Mathematics, and Statistics.
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*In other words, have we titled this module correctly? Probably not, and it should be called Data Analytics 2 or Data Science 2
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What? Why? and How?

Data Science Mind Map

Data Structures (python/R)

SQL scripting

Data formatting(type conversion)

Libraries - Pandas and NumPy @ Data Extraction and Wranglin

Profile: Data Analysts(Any deptt.)
Data transformation - joining, slicing, indexing.

Handling missing values - can use tools like trifacta

Defining business-focused questions
Studying data distribution - outliers

Univariate and multivariate analysis

Data Visualization - matplotlib, seaborn, plotly i< EDA, Business acumen and Storytelling
Profiles: Data Analyst, Business
Building dashboards - excel/tableau, jupyter Analysts, Marketing Analyst,

Data Product Manager
Writing concise and insightful reports

Business acumen

g —— i#} Data Science

Strong programming skills
Working with CLI

Building ETL pipelines

@ Data Engineering Using tools - Spark, Kafka, Airflow, etc
Conditionals, List/Dict comprehension
Cloud Services - AWS, GCP, Azure
Object oriented programming . Profiles: Data Engineer,
o ngrammmg DevOps Engineer, Algorithms - MapReduce, YARN
Working with external libraries Data Architect
Deploying ML models in production
Fundamental algorithms - searching, sorting, trees,
graphs, etc. Descriptive - mean, median, mode, std. etc
A : Functional i
dvanced: Functional programming Inferential - hypothesis & A/B testing, Cl, p-value
Scripting - extracting data from Experiment Design
websites, APIs, DBs
Probability - conditional, bayes theorem, etc

_— © Statistics and Mathematics

Profiles: Data Scientist ANOVA, Chi-Square test

Quantitative Analysts Sampling, data distributions, t-tests
Linear Algebra
Single and multivariate calculus
Supervised - classification, regression
Unsupervised - clustering, dimensionality reduction
Reinforcement learning - TF-Agents, optimising rewards
Performance metrics - RMS, accuracy, confusion matrix,
€ Machine Learning AUC-ROC, etc

Profiles: ML Engineer,
Data Scientist Hyperparameter tuning
Statistical ML - KNN, Decision trees, bagging, boosting

Ensemble Models - Random forests, voting classifiers,
adaboost

7 of 31



What? Why? and How? What?

Data Science 1n 2021 — ML Models as assets, ML Deployment Services

Not all are believers. . . ... MLOps

eue < > M = mindmatters.ai 9 [l @E eoe < lin] mifiow.org < a3

i TelProjectv GT R OF Newv Gmal Py WIT W OD FL Modulesv Mainv Teachingv Programmingv TeX > 5 TilProject~ O R OF New~ Omail Py WT W OD FL Modulesv Mainv Teaching > >

... lower barriers and models as assets ...

< |im] booste.io & [l DOCs COMMUNITY CODE

Al: Still Just Curve Fitting, Not Finding a Theory of Everything | Mind Matters

MLflow - A platform for the machine lsaming litecycle | MLfiow

i TeLProjecty GT R OF Newv Gmal Py WT W OD FL Moduesv Manv Teachingv Programmingv TeXv Resourcesv Projectsy C P Researchv Softwarev Kidsv

Booste

A booste

Machine Learning,
Without The Code L An open source platform for the

om machine.le.arning models to your Yolo'3 - maChlne Iearning I|fecyC|e

ftine a finger. Custom Classes:

Get Started

Training Data:

Goosle  Contractor
images

Latest News

We handle the entire ML
Abooste plpe”ne‘

Al: STILL JUST CURVE FITTING, SRV Eh pata Collection
NOT FINDING A THEORY OF B
EVERYTHING Yolov3 EJ/ Data Annotation

Szt 100
St

Model Training
i
4

g Model Deployment
BY GARY SMITH ON DECEMBER 7, 2020 |

Judea Pearl, a winner of the Turing Award (the “Nobel Prize of computing”), has
argued that, “All the impressive achievements of deep learning amount to just curve.
fitting.” Finding patterns in data may be useful but it is not real intelligence.

A recent New York Times article, “Can a Computer Devise a Theory of Everything?”
suggested that Pearl is wrong because computer algorithms have moved beyond
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What? Why? and How? What?

Data Science 1in 2022 — Generative Al and LILLM

Generating code . ..

[ ] ® MO v < )] github.com ¢ ©) @ + 88

GIT R OF Newv Gmal IPy WIT W OD FL https;//www..KI6qutqRP6.. Modules v  Main v »

T+L Project v

QS

O Search or jump to...

Actions  Packages  Securit Codespaces Copilot Code
Features ¢ i . . review

) GitHub Copilot - Your Al pair progra... @ DALLE 2 ® DALLE

Pull requests Issues Codespaces Marketplace Explore

Search Issues Discussions

Your Al pair programmer

GitHub Copilot uses the OpenAl Codex to suggest code and entire functions in
real-time, right from your editor.

Get Copilot > Explore docs

sentimentsits
#1/usr/bin/env ts-node

import { fetch } from "fetch-h2";

vhether tr 1timent of text is positi

async function isPositive(text: string): Promise<boolean> {
const response = await fetch( http://text-processing.com/api/sentiment/"
method: "POST",
body: “text=${text}",
headers: {
"Content-Type": "application/x-www-form-urlencoded",
+
H;

@OpenAI APL

... any text (using chatGPT)

... Images from text ...

openai.com @

A~ < )

T+LProjectv GIT R OF Newv Gmail

Py WIT W OD FL httpsi//www..KIEQUtGRPE.. Modules v Main v

=) ©) GitHub Copilot - Your A. What's Ahead for Alin. @ DALLE2 @ DALLE

Introducing ChatGPT re: Try~ Learn more>

RESEARCH BLOG ABOUT

RIS sicn up

ew Al system that can create realistic
from a description in natural language.

2 SIGN UP
FOLLOW ON INSTAGRAM

@ Tell me a fun fact

@ VIEW API DOCS

0 VIEW RESEARCH

+ EXPLORE

Create a content calendar

chat.openai.com ]

ChatGPT 3.5

®

How can | help you today?

Plan a trip

Help me pick

Message ChatGPT...

ChatGPT can make mistakes. Consider checking important information.

Ot + O

“
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What? Why? and How?

What?

Data Science 1n 2023 — Generative Al going Mainstream

Multimodel models

Text
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Sharing and reusing of models (Hugging Face)

General model classes

Each model specific config inherits
all generic attributes and functions
from PreTrainedConfig and adds
model specific attributes.

PreTrainedConfig
- is_encoder_decoder
- output_attentions
- from_pretrained()

- save_pretrained()

(2
eﬁe‘e(\
‘

Specific to each model

BrandNewBertConfig
inherit from PreTrainedConfig

- vocab_size

- num_hidden_layers

- num_attention_heads

BrandNewBertConfig is the model specific
configuration and contains all parameter that are
required to instantiate a BrandNewBertModel, such
as num_hidden_layers, etc. Every parameter
should have a default value that corresponds to the
main model checkpoint to be added

BrandNewBertPreTrainedModel is the
model specific PreTrainedModel class. It is

PreTrainedModel
- config
- from_pretrained()
- save_pretrained()
- init_weights()
- generate()

Each model specific PreTrainedModel
has access to self.config, inherits all
functions from PreTainedModel and
provides a model specific initialization
method used by init_weights()

BrandNewBertPreTrainedModel

inherit from PreTrainedModel

- base_class_prefix = “brand_new_bert”

- _init_weights()

Both the “base” model without any head
and models with a specific head inherit
from a model specific PreTrainedModel

important to define the initialization
strategy and common class attributes,
such as base_class_prefix for all
BrandNewBert implementations.

O Meta Al

Open sourcing of models

Quantization

Floating point

32 bit

PreTrainedConfig.from_pretrained(dir):
Load serialized configuration object from dir (locally or from url).
File is expected to be found as dir/config.json.

PreTrainedConfig.save_pretrained(dir): Serializes
configuration instance as dir/config.json.

PreTrainedModel.from_pretrained(dir): 1st calls init_weights()
to initialize all weights. Then loads serialized model from dir
(locally or from url) and overwrites all initialized weights found in
led values. Also calls

ed(dir) and sets to self.config.

pined(dir): Serializes model
bin.

Generates output_ids given
el.forward() in a while loop

Integer

BrandNewBertModel
inherit from BrandNewBertPretrainedModel reference
- brand_new_bert_encoder e

- forward()

BrandNewBertModel is the “base” model that has
torch.nn.Modules, such as brand_new_bert_encoder
as attributes and outputs just the encoded hidden
states.

BrandNewBertModel.forward(): defines the
inference function for models. It is called when running
model(input_ids). The goal for every new model
should be that BrandNewBertModel.forward() is a
self-contained function of the model file so that the
reader does not have to look into other files to under it

BrandNewBertForMaskedLM

inherit from Br tPretrai
- brand_new_bert

- masked_Im_head

- forward()

BrandNewBertForMaskedLM is a head-specifc
model that has BrandNewBertModel and a specific
head layer, called masked_Im_head as attributes.

BrandNewBertForMaskedLM.forward(): calls
brand_new_bert.forward() and
masked_Im_head.__call__() to generated the head
specific outputs, e.g. the logits in this case. The
function is usually very short
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What? Why? and How? ~ Why?

Lies, Dammed Lies and Statistics

Children Mortality 10-14 yo, UK ) eoueman
(Source: ONS)

m Covid-19 Deaths Non-Covid-19 Deaths | All Deaths Actually, to understand all this, you
only need to have access to the

ONS and know primer school math.
An understanding of big numbers vs

1 1 smaller numbers. Zero knowledge of
Trl p Ie vacc' nated ’ chem or biology is required...

247.73

Replying to @DrWigley

— Jan 13, 2023

Jan 2021-May 2022

200.00

150.00 =
Unvaccinated

100.00 07.2897.28

Maortality-Rote per 100k Person-years

031 607 639 3.24 499 6.48 0.00 l

Unvaccinated One-Dose Vaccinated Two-Dose Vaccinated Three-Dose Vaccinated 1 of 31
[0}



What? Why? and How? Why?

Lies, Dammed Lies and Statistics

Perspective is everything

Keith Boykin
INTERRACIAL VIOLENT CRIME INCIDENTS 2018 , )
@keithboykin

A factual rebuttal to Elon Musk's crime meme.

600,000

547,948

T

500,000

400,000 355,399

T

300,000 1. White offenders cause more violent crime than every other group.

207,104
200,000

2. The rates at which white victims experience violent crime from Black
w2 offenders is similar to the overall percentage of Black people in the
RIA('KO;J BLACKON WHITEON WHITEON HISPANIC  HISPANIC pOpUIation (14,6%),

WHITE HISPANIC HISPANIC ONWHITE ONBLACK

112,365

100,000 [~ 59,778

p Victimization Survey, 201€ (Table 14)

& ' Kareem Carr | Statistician 1, @kareem_carr - May 8, 2023
| know a lot of you wanted a technical breakdown of this meme so here it is!

WHITE ON

- | don't think you will find this level of detail anywhere else so keep reading if

you don't want to miss out.

— May 9, 2023

Elon Musk & &
2% Odd, why would the media misrepresent the B



What? Why? and How? ~ Why?

Hype ? Again ?

© This article is more than 6 years old

Two years until self-driving cars are on
theroad - is Elon Mus]f richt?

#Tesla in 'self-driving mode' slams on brakes in tunnel for no reason. The
car caused an eight-vehicle crash that injured nine people. Just hours

The Tesla CEOQ has proclaimed that auton« before the crash #Musk had triumphantly announced that Tesla's “Full Self-
problem’ but tech and executivesinrecen  Driving” capability was available in North America.
their exnectations

A

Pedro Domingos €2 @pmddomingos - Jan 15

The less you know about a profession, the sooner you
think it'll be replaced by Al.

QO 70 11 421 QO 2,357 1 3015k &,

Il 0:02 1,716 views
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But chatGPT cando ...

What? Why? and How? ~ Why?

Mike's mum had 4 kids; 3 of them are

Luis, Drake and Matilda. What is the name

of 4th kid?

It is not possible to determine the
name of the fourth child without

more information.

The answer is in the question

| apologize for the confusion. It is
not possible to determine the name
of the fourth child based on the

information provided in the

question. The question states that

Mike's mother had four children and
that three of them are named Luis,
Drake, and Matilda, but it does not

provide a name for the fourth child.

)\ Chris Staudinger &
@ @ChrisStaud
ChatGPT has changed the game.

7 ways ChatGPT can 10x your programming productivity:
7:48 AM - Jan 14, 2023 - 1M Views
Grady Booch & @Grady_Booch - Jan 5
He's right, you know.
@ Forrest Brazeal @forrestbrazeal - Dec 6, 2022

Just saying.
Show this thread

TECHNICAL
OEBT
THINGS THAT ARE THINGS AN AT
ACTUALLY SLOWING CODING ASSISTANT
DOWN OUR DEV TEAMS HELPS WITH
(Pfortesthozeal
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https://twitter.com/ChrisStaud/status/1614167551545675777
https://twitter.com/Grady_Booch/status/1610796871248936961

What? Why? and How? How?

Delivery

>Resources »
@ All lecture slides, handouts and datasets: GitHub — setu-datamining?2.github.io/live

@ All activities: quizzes and assignments: Moodle — moodle.wit.ie/course/view.php?1d=199957

> Delivery >
@ Two 1-hour lectures and one 2-practical session.

e Lecture sessions can tend to get very non-interactive so to help avoid this please ask questions.
e Default mode for lectures and practical sessions is on campus.

@ Slack

e Will use this for all last minute posts and individual/group Q+A, particularly for assignments.

> Strategy to handle module >

@ Prepare — review material in advance of the sessions, install/download the software/datasets.

@ Interact — yes, this is rich coming for an introvert mathematician, but we live in strange times.

@ Time management — give tasks a serious/focused effort, but when stuck ask for help.
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https://setu-datamining2.github.io/live
https://moodle.wit.ie/course/view.php?id=199957

What? Why? and How? How?

Assessment Structure — 100% Continuous Assessment

> Covering skills >
@ Data Wrangling + Feature Engineering (pandas and friends)
@ NLP, Text processing (regex)
@ Model building and optimisation (skilearn, PyTorch, PyTorch Lightning, ...)
> Breakdown »
@ Metric:

e 20% Student engagement + 80% Demonstration of skills/understanding
@ Activities:

e Moodle quizzes based on analysing datasets / model building / etc.
e Data science problems with mixture of Kaggle style grading and traditional grading.

>Calandar »
@ Week 14/15 end of semester individual review interview (similar to S1).

@ 5 weeks + reading week + 5 weeks + Easter break (2 weeks) 4+ 2 weeks +3 weeks for CA

-~

12 teaching weeks
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Three Components of a Machine Learning Problem

Three Components of a Machine Learning Problem

It is easy to get lost among the multitude of choices one needs to make when given data mining problem.
A good decomposition is the following:

Representation Evaluation Optimization

Instances Accuracy/Error rate | Combinatorial optimization
K-nearest neighbor Precision and recall Greedy search
Support vector machines | Squared error Beam search

Hyperplanes Likelihood Branch-and-bound
Naive Bayes Posterior probability | Continuous optimization
Logistic regression Information gain Unconstrained

Decision trees K-L divergence Gradient descent

Sets of rules Cost/Utility Conjugate gradient
Propositional rules Margin Quasi-Newton methods
Logic programs Constrained

Neural networks Linear programming

Graphical models Quadratic programming
Bayesian networks
Conditional random fields

T A Few Useful Things to Know about Machine Learning, Domingos, 2012.
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https://cacm.acm.org/magazines/2012/10/155531-a-few-useful-things-to-know-about-machine-learning/fulltext

Three Components of a Machine Learning Problem

3 Components — Representation

Representation

Evaluation

Optimization

Instances
K-nearest neighbor
Support vector machines

Accuracy/Error rate
Precision and recall
Squared error

Combinatorial optimization
Greedy search
Beam search

L/’WV\/MMWWWWW—WM

Representation refers to formulating the problem as a machine learning problem — typically a

classification problem, a regression problem or a clustering problem.

@ How do we represent the input?

@ What features to use?

@ How do we learn additional features?

@ With each type of problem, we have multiple subtypes.

For example which classifier? a decision tree, a neural network, a support vector machine, a hyperplane that separates the two

classes etc.
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Three Components of a Machine Learning Problem

3 Components — Evaluation

Representation

Evaluation

Optimization

Instances
K-nearest neighbor
Support vector machines

Evaluation refers to an objective function or a scoring function, to distinguish good models from a bad

model.

Accuracy/Error rate
Precision and recall
Squared error

Combinatorial optimization
Greedy search
Beam search

L/’WV\/MMWWWWW—WM

@ For a classification problem, we need this function to know if a given classifier is good or bad. A
typical function can be based on the number of errors made by the classifier on a test set, using

precision and recall.

@ For a regression problem, it could be the squared error, or likelihood. Do we include regularisation?

etc
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Three Components of a Machine Learning Problem

3 Components — Optimisation

Representation

Evaluation

Optimization

Instances
K-nearest neighbor
Support vector machines

Accuracy/Error rate
Precision and recall
Squared error

Combinatorial optimization
Greedy search
Beam search

LWMW—WNWWW

Optimisation 1s concerned with searching among the models in the language for the highest scoring model.

@ How do we search among all the alternatives?

@ Can we use some greedy approaches, branch and bound approaches, gradient descent, linear
programming or quadratic programming methods.
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Data mining / Machine Learning workflow

Data Mining Workflow

> There are many, many ... >

Typical Enterprise Machine Learning Workflow

=

The Machine Learning Process

Feature Engineering

Iterate until Iterate to find
data is ready the best model

)

i 1 <
Machine ~
Preprocessing Learning ( Applications ))
Modules Igorith

From "Introduction ta Micrasoft Azure” by David Chappell

> So why not make YADMW (Yet Another Data Mining Workflow)? >

! H = E E E E EEEEE BN I I I
. 1 ] 1 1 1 1
 E E E E EEEEEEEN I
' [ | [ | | 1 | |
. [ v 1 1 [ 1
vv v | | | v | |
Data Exploratory I Feature I Model I Model I Model I
Problem Cleaning and Data Analysis Engineering, Selection and Optimisation Evaluation Mer]
-> Statement Wrangling (EDA) Transformation, Training (hyperparam) (Test dataset) Review
Selection, ...
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Data mining / Machine Learning workflow

Model
Optimisation
(hyperparam)

Model
Evaluation
(Test dataset)

Model
Selection and
Training

Feature
Engineering,
Transformation,
Selection, ...

Data
Cleaning and
Wrangling

Exploratory
Data Analysis
(EDA)

Model
Review

Problem

-» Statement —>

[What type of problem is it?]

@ Exploratory data analysis
Do we just want to see what the data says?

@ Association / Rule finding
Are we searching for relations/patterns?

@ Hypothesis testing (Statistical)
Do we have a theory we wish to test?

@ Model building

Do we wish to build a representation of some pattern within the data?

@ Supervised <= data spilt into input variables (features) and output variable(s) (target(s))
@ Classification (target is categorical) vs regression (target is continuous)
@ Unsupervised <= no target

@ Clustering — grouping similar cases
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Data mining / Machine Learning workflow

Model
Optimisation
(hyperparam)

Model
Evaluation
(Test dataset)

Model
Selection and
Training

Feature
Engineering,
Transformation,
Selection, ...

Data
Cleaning and

Wrangling -

Exploratory
Data Analysis
(EDA)

Model
Review

Problem
Statement

[How to import and prepare data for subsequent analysis/processing?]

@ Multiple file formats

@ Pandas supports a wide collection of file formats but default options often need to be changed to suit data.
@ Main file format (Comma Separated Values (csv)) does not support meta-data, is slow, and results in large files
—> use other formats (pickle, feather) to store datasets between steps in the workflow.

@ Assumptions made by input parser can be important (i.e., bite you when you least expect)

@ Scientists rename human genes to stop Microsoft Excel from misreading them as dates
@ Pandas vs excel use different heuristics to decide on data type of each variable.

@ Sub-tasks

@ Check dimension (number of rows/cases, number of columns/variables).

@ Check data types (categorical, ordinal, or numerical (discrete/continous)) of each variable.

@ Check for missing values, encoding errors, etc.

@ Merge tables, apply filters, and general data wrangling to generate (tabular) dataset suitable for EDA.
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https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.DataFrame.to_csv.html
https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.DataFrame.to_pickle.html
https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.DataFrame.to_feather.html
https://www.theverge.com/2020/8/6/21355674/human-genes-rename-microsoft-excel-misreading-dates

Data mining / Machine Learning workflow

Model
Selection and
Training

Model
Optimisation
(hyperparam)

Model
Evaluation
(Test dataset)

Feature
Engineering,
Transformation,
Selection, ...

Data
Cleaning and
Wrangling

Exploratory
Data Analysis
(EDA)

Model
Review

Problem
Statement

[What is the data telling us?]

LoyalCH SalePriceMM SalePriceCH PatDiscMM PatDiseCH ListPriceDiff

Cor:0.078  Cor:-0.0613 Cor:-0.0257  Cor:0.14  Cor:0.0722
145 0.0568 *
0.448
3H: 0.434 H
M: 0.422 . 13 M
or :-0.0756 * ” $
L ﬁ ﬁ ﬁl

@ Univariate descriptive statistics — examine each variable

@ What are typical values?
@ What is the variation / spread / range?

Lei0ls  eseUdINd YIJSOAISI HOPSIRD WINOSIOWd 4D80udBles INedudoles  HOleo

@ What does the data look like ...bell curve, bath tub curve, etc. ? T
@ Bi- / multi- variable descriptive statistics EE lI *_ = 5 -#*y
coanlle e i 1 L
@ Identifying relationships between variables. e iﬁfﬁ:fﬁ]:.,, e .- o
h 1 il -_

5,000,520 500 751.001'2 15 18 21 14 16 18 20 000102030400 04 02 0001020304 CH MM No  ves

@ All descriptive statistics methods summarise data:

¢/ A summary is good since it helps to focus on simpler and important aspects.
X A summary is bad if it focuses on irrelevant or the wrong aspects.
= Need to use multiple methods, be aware of their strengths/deficiencies.
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Data mining / Machine Learning workflow

Data Exploratory Feature Model Model Model
Problem Cleaning and Data Analysis Engineering, Selection and Optimisation Evaluation quel
Statement Wrangling (EDA) Transformation, o Training (hyperparam) - (Test dataset) Review
Selection, ...

[Can we transform, encode/bin, select, ..., the given features to improve model training?]

@ Better features can mean:

@ Better model performance and reduce training times.

@ Simpler models become applicable — think linear/logistic regression.

@ More explainable models — the future of machine learning (hopefully).
@ Cheaper and easier models to deploy.

@ Feature selection reduces the number of features used in the model:

@ Drop features that have low variability.

@ Drop features that have no relation to target.

@ Drop features that are highly related to other features — multicollinearity.

@ Keep features whose addition to model have the largest improvement in model score.

@ Feature extraction merges existing features to generate (hopefully) fewer features with essentially all the
variation.
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Data mining / Machine Learning workflow

Data
Cleaning and
Wrangling

Model

Feature
Engineering,
Transformation,
Selection, ...

Exploratory
Data Analysis
(EDA)

Model
Selection and Optimisation

Training o (hyperparam)

Model
Evaluation
(Test dataset)

Problem
Statement

Model
Review

[Which models are suitable?]

@ Models vary greatly in terms of capabilities/deficiencies — usually aim to build a short list of candidate
models, which are subsequently optimised in the next step.

@ Select models based on different algorithms/approaches.

@ Select (loss function and) evaluation metric.

@ Loss function is used to train model, evaluation metric is used to evaluate model (post training).

@ Relative model performance can help identify issues with data.

@ Outliers can negatively affect linear regression but have smaller impact on decision tree based models.
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Data mining / Machine Learning workflow

Model Model
Optimisation Evaluation

(hyperparam) o (Test dataset)

Model
Selection and
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Feature
Engineering,
Transformation,
Selection, ...

Data
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Data Analysis
(EDA)

Model
Review

Problem
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[How do we determine optimal values of the hyper—parameters‘?]

@ Most models have options which control how a model “learns” from the training data.

@ Three search stratagies: Grid search < Random search < Bayesian search

Grid Search Random Search Bayesian Search

Unimportant hyper-parameter
Unimportant hyper-parameter
Unimportant hyper-parameter

Important hyper-parameter Important hyper-parameter Important hyper-parameter
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[How well does the model generalise (to unseen data)?]

@ In the machine learning approach (vs statistical approach) we rely on model nerformance on unseen data to

evaluate models.

@ Split data into train/test, only use train dataset for all
modelling decisions.

@ Data leakage (MachineLearningMastery article), where
information outside the train dataset is used in model building.

@ Is there evidence for overfitting?

@ Does the model perform much better on training
dataset than on the test dataset?

@ Multiple techniques to address overfitting:

@ Regularisation (linear / logistic regression).
@ Trimming (decision trees).
@ Dropout (neural networks), Batch normalisation (CNN).

4

Error

N

too too
simple complex

N

Model "Complexity"
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https://machinelearningmastery.com/data-leakage-machine-learning

Problem
Statement

Data mining / Machine Learning workflow
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[How well have we addressed the problem statement?]

@ A what level of accuracy (or other metrics) does a model become useful?

@ This 1s a business, medical, ... decision

@ The larger the relative payoff the weaker the model can be and still be useful.

@ OK, finally ready to implement/deploy model ...

@ Separate skillset / concerns
@ MLOps = ML + DevOps
@ Monitoring of model drift needed.

@ What is MLOps — Everything You
Must Know to Get Started
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https://towardsdatascience.com/what-is-mlops-everything-you-must-know-to-get-started-523f2d0b8bd8
https://towardsdatascience.com/what-is-mlops-everything-you-must-know-to-get-started-523f2d0b8bd8
https://xkcd.com/2054
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