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What? Why? and How? What?

What is 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

See A Comparative Study of Data Mining Process Models (KDD, CRISP-DM and SEMMA)
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What? Why? and How? What?

Data Mining (Model Building) is less than half of Data Mining

Table 1: Number of systems completed by survey respon-
dents.

# Systems Frequency
0 3

1–3 34
4–10 16
11+ 4
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Time Spent in Different Modeling Stages

Figure 2: Allocation of time spent building systems with ma-
chine learning or data mining components. Time estimates
were collected from practitioners with experience deploying
systems. Boxes show the 25th and 75th quantiles of time
spent per stage; the line within each box marks the median
time spent. Whiskers show the minimum and maximum
time spent.

The relative time spent in each stage also varied greatly by
project (Figure 2). Data collection and preparation were the
most time consuming stages, based on median values (both
20% of project time). In the typical project, only 14% of the
e↵ort was actually spent learning the model. In comparison,
practitioners spent 10% of project time on each of the other
steps (median values). In other words, the stages that pre-
cede and follow model building are individually roughly as
time consuming as learning the model. However, projects
with such an even distribution of e↵ort across all steps were
relatively rare. Out of 57 responses, only four reported time
allocations in which the longest and shortest step were sep-
arated by 15 percentage points or less. Instead, individual
projects usually required larger time commitments on one or
two stages and smaller time commitments for a single step
(usually 5% or less of project time).

Respondents generally rated most modeling steps as impor-
tant to building successful systems; in contrast, they felt
that the research community focuses the bulk of its energy
on learning algorithms (Figure 3 vs. Figure 4). As with an-
swers about how much time was spent per step, respondents
individually attributed varying importances to the di↵erent
steps. Twenty-two respondents rated at least one step not
important or slightly important. Conversely, 51/57 partici-
pants rated four or more steps important (or critically im-
portant), and 30/57 participants rated five or more steps
important. Unlike the relative evenness of time spent per

step (Figure 2) and step importance (Figure 3), the energy
spent by researchers shows a strong concentration on the
Learn Model step (Figure 4).

The distribution of conference papers at ICML 2009 and
KDD 2009 reinforces the results from Figure 4. Figure 5
shows that researchers spend more energy, by a wide mar-
gin, on learning algorithms than on other steps. Non-trivial
energy is being spent on other steps, however. The majority
of respondents felt that all stages except data collection re-
ceived at least moderate research attention (Figure 4). Sim-
ilarly, a significant fraction of ICML papers studied how to
change data representations, and 5% or more of KDD pa-
pers addressed each of the modeling steps. Of note, many
KDD papers were case studies of applying machine learning
and data mining to solve real problems (included in Other).
Arguably, some of these papers might also be counted to-
wards other steps since they likely contain lessons that could
be generalized to other applications.

Of the twenty-two comments, eleven elaborated on why cer-
tain modeling step(s) were the most important for success
(often in particular domains), and eight pointed out survey
shortcomings. Specifically:

• Question wording implied that modeling is a water-
fall process with each stage executed once in a se-
rial pipeline. In reality modeling is an iterative pro-
cess, and estimating time spent in discrete steps is not
straightforward.

• The meaning of the Change Representation step was
unclear.

• Steps were missing. Specifically, a) convincing busi-
ness users of a model’s utility; b) integrating modeling
results into a larger system; c) project planning; d)
publishing results; and e) turning a research prototype
into industrial-strength software.

• The survey over emphasized batch-oriented modeling
(vs. online learning).

A handful of participants agreed to be quoted; their com-
ments are listed in Appendix A.

4. DISCUSSION

4.1 Results in Context
This study quantifies the time practitioners spend on dif-
ferent modeling steps, the importance of those steps to ap-
plication success, and how much energy the research com-
munity spends per modeling step. The results show that
only a small percentage, 14%, of the modeling process is
spent building models from data. This is consistent with
conventional wisdom and with results from Rexer Analytics
(Table 2). The two studies subdivide the process into dif-
ferent stages, but there are other obvious similarities: (a)
collecting and preparing data are the most time consuming
activities (36% of time vs. 20%+20% median time in Fig-
ure 2); (b) evaluation requires about 10% of time. One can
also compare this study’s results to a poll from KDnuggets
which found that most data miners spend at least 40% of
their time, and often more than 60%, on data cleaning and
preparation (Table 3). The times reported here are lower
(40% median time in total for the two steps), but this is
partially due to having a distinct step for changing data
representations (commonly considered part of data prepa-
ration).

SIGKDD Explorations Volume 13, Issue 2 Page 67

Boxplots: median is 20% on collecting data, 20% on preparing data, and 10% on changing data
representation — all before starting on model.
Bar chart — data cleaning and preparation consumes at least 80% of project time for 25% of the
participants, and 61% to 80% for another 39%.

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

Machine
LearningBig

Data
Analytics

*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? What?

Data Science Mind Map
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What? Why? and How? What?

Data Science in 2021 — ML Models as assets, ML Deployment Services
Not all are believers. . .

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

. . . MLOps
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What? Why? and How? What?

Data Science in 2022 — Generative AI and LLM
Generating code . . .

. . . images from text . . .

. . . any text (using chatGPT)
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What? Why? and How? What?

Data Science in 2023 — Generative AI going Mainstream
Multimodel models

Open sourcing of models

Sharing and reusing of models (Hugging Face)

10 of 31



What? Why? and How? Why?

Lies, Dammed Lies and Statistics

— Jan 13, 2023
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What? Why? and How? Why?

Lies, Dammed Lies and Statistics

— May 9, 2023
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What? Why? and How? Why?

Hype ? Again ?
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What? Why? and How? Why?

But chatGPT can do . . .
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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-datamining2.github.io/live
All activities: quizzes and assignments: Moodle — moodle.wit.ie/course/view.php?id=199957

Delivery

Two 1-hour lectures and one 2-practical session.
Lecture sessions can tend to get very non-interactive so to help avoid this please ask questions.
Default mode for lectures and practical sessions is on campus.

Slack
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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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:

20% Student engagement + 80% Demonstration of skills/understanding

Activities:
Moodle quizzes based on analysing datasets / model building / etc.
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) + 2 weeks︸ ︷︷ ︸

12 teaching weeks

+3 weeks for CA
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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:Table 1: The three components of learning algorithms.

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

with one branch for each feature value, and have class predic-
tions at the leaves. Algorithm 1 shows a bare-bones decision
tree learner for Boolean domains, using information gain and
greedy search [21]. InfoGain(xj ,y) is the mutual information
between feature xj and the class y. MakeNode(x,c0,c1) re-
turns a node that tests feature x and has c0 as the child for
x = 0 and c1 as the child for x = 1.

Of course, not all combinations of one component from each
column of Table 1 make equal sense. For example, dis-
crete representations naturally go with combinatorial op-
timization, and continuous ones with continuous optimiza-
tion. Nevertheless, many learners have both discrete and
continuous components, and in fact the day may not be
far when every single possible combination has appeared in
some learner!

Most textbooks are organized by representation, and it’s
easy to overlook the fact that the other components are
equally important. There is no simple recipe for choosing
each component, but the next sections touch on some of the
key issues. And, as we will see below, some choices in a
machine learning project may be even more important than
the choice of learner.

3. IT’S GENERALIZATION THAT COUNTS
The fundamental goal of machine learning is to generalize
beyond the examples in the training set. This is because,
no matter how much data we have, it is very unlikely that
we will see those exact examples again at test time. (No-
tice that, if there are 100,000 words in the dictionary, the
spam filter described above has 2100,000 possible different in-
puts.) Doing well on the training set is easy (just memorize
the examples). The most common mistake among machine
learning beginners is to test on the training data and have
the illusion of success. If the chosen classifier is then tested
on new data, it is often no better than random guessing. So,
if you hire someone to build a classifier, be sure to keep some
of the data to yourself and test the classifier they give you
on it. Conversely, if you’ve been hired to build a classifier,
set some of the data aside from the beginning, and only use
it to test your chosen classifier at the very end, followed by
learning your final classifier on the whole data.

Algorithm 1 LearnDT(TrainSet)

if all examples in TrainSet have the same class y∗ then
return MakeLeaf(y∗)

if no feature xj has InfoGain(xj ,y) > 0 then
y∗ ← Most frequent class in TrainSet
return MakeLeaf(y∗)

x∗ ← argmaxxj InfoGain(xj ,y)
TS0 ← Examples in TrainSet with x∗ = 0
TS1 ← Examples in TrainSet with x∗ = 1
return MakeNode(x∗, LearnDT(TS0), LearnDT(TS1))

Contamination of your classifier by test data can occur in
insidious ways, e.g., if you use test data to tune parameters
and do a lot of tuning. (Machine learning algorithms have
lots of knobs, and success often comes from twiddling them
a lot, so this is a real concern.) Of course, holding out
data reduces the amount available for training. This can
be mitigated by doing cross-validation: randomly dividing
your training data into (say) ten subsets, holding out each
one while training on the rest, testing each learned classifier
on the examples it did not see, and averaging the results to
see how well the particular parameter setting does.

In the early days of machine learning, the need to keep train-
ing and test data separate was not widely appreciated. This
was partly because, if the learner has a very limited repre-
sentation (e.g., hyperplanes), the difference between train-
ing and test error may not be large. But with very flexible
classifiers (e.g., decision trees), or even with linear classifiers
with a lot of features, strict separation is mandatory.

Notice that generalization being the goal has an interesting
consequence for machine learning. Unlike in most other op-
timization problems, we don’t have access to the function
we want to optimize! We have to use training error as a sur-
rogate for test error, and this is fraught with danger. How
to deal with it is addressed in some of the next sections. On
the positive side, since the objective function is only a proxy
for the true goal, we may not need to fully optimize it; in
fact, a local optimum returned by simple greedy search may
be better than the global optimum.

†A Few Useful Things to Know about Machine Learning, Domingos, 2012.
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Three Components of a Machine Learning Problem

3 Components — Representation
Table 1: The three components of learning algorithms.

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

with one branch for each feature value, and have class predic-
tions at the leaves. Algorithm 1 shows a bare-bones decision
tree learner for Boolean domains, using information gain and
greedy search [21]. InfoGain(xj ,y) is the mutual information
between feature xj and the class y. MakeNode(x,c0,c1) re-
turns a node that tests feature x and has c0 as the child for
x = 0 and c1 as the child for x = 1.

Of course, not all combinations of one component from each
column of Table 1 make equal sense. For example, dis-
crete representations naturally go with combinatorial op-
timization, and continuous ones with continuous optimiza-
tion. Nevertheless, many learners have both discrete and
continuous components, and in fact the day may not be
far when every single possible combination has appeared in
some learner!

Most textbooks are organized by representation, and it’s
easy to overlook the fact that the other components are
equally important. There is no simple recipe for choosing
each component, but the next sections touch on some of the
key issues. And, as we will see below, some choices in a
machine learning project may be even more important than
the choice of learner.

3. IT’S GENERALIZATION THAT COUNTS
The fundamental goal of machine learning is to generalize
beyond the examples in the training set. This is because,
no matter how much data we have, it is very unlikely that
we will see those exact examples again at test time. (No-
tice that, if there are 100,000 words in the dictionary, the
spam filter described above has 2100,000 possible different in-
puts.) Doing well on the training set is easy (just memorize
the examples). The most common mistake among machine
learning beginners is to test on the training data and have
the illusion of success. If the chosen classifier is then tested
on new data, it is often no better than random guessing. So,
if you hire someone to build a classifier, be sure to keep some
of the data to yourself and test the classifier they give you
on it. Conversely, if you’ve been hired to build a classifier,
set some of the data aside from the beginning, and only use
it to test your chosen classifier at the very end, followed by
learning your final classifier on the whole data.

Algorithm 1 LearnDT(TrainSet)

if all examples in TrainSet have the same class y∗ then
return MakeLeaf(y∗)

if no feature xj has InfoGain(xj ,y) > 0 then
y∗ ← Most frequent class in TrainSet
return MakeLeaf(y∗)

x∗ ← argmaxxj InfoGain(xj ,y)
TS0 ← Examples in TrainSet with x∗ = 0
TS1 ← Examples in TrainSet with x∗ = 1
return MakeNode(x∗, LearnDT(TS0), LearnDT(TS1))

Contamination of your classifier by test data can occur in
insidious ways, e.g., if you use test data to tune parameters
and do a lot of tuning. (Machine learning algorithms have
lots of knobs, and success often comes from twiddling them
a lot, so this is a real concern.) Of course, holding out
data reduces the amount available for training. This can
be mitigated by doing cross-validation: randomly dividing
your training data into (say) ten subsets, holding out each
one while training on the rest, testing each learned classifier
on the examples it did not see, and averaging the results to
see how well the particular parameter setting does.

In the early days of machine learning, the need to keep train-
ing and test data separate was not widely appreciated. This
was partly because, if the learner has a very limited repre-
sentation (e.g., hyperplanes), the difference between train-
ing and test error may not be large. But with very flexible
classifiers (e.g., decision trees), or even with linear classifiers
with a lot of features, strict separation is mandatory.

Notice that generalization being the goal has an interesting
consequence for machine learning. Unlike in most other op-
timization problems, we don’t have access to the function
we want to optimize! We have to use training error as a sur-
rogate for test error, and this is fraught with danger. How
to deal with it is addressed in some of the next sections. On
the positive side, since the objective function is only a proxy
for the true goal, we may not need to fully optimize it; in
fact, a local optimum returned by simple greedy search may
be better than the global optimum.

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
Table 1: The three components of learning algorithms.

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

with one branch for each feature value, and have class predic-
tions at the leaves. Algorithm 1 shows a bare-bones decision
tree learner for Boolean domains, using information gain and
greedy search [21]. InfoGain(xj ,y) is the mutual information
between feature xj and the class y. MakeNode(x,c0,c1) re-
turns a node that tests feature x and has c0 as the child for
x = 0 and c1 as the child for x = 1.

Of course, not all combinations of one component from each
column of Table 1 make equal sense. For example, dis-
crete representations naturally go with combinatorial op-
timization, and continuous ones with continuous optimiza-
tion. Nevertheless, many learners have both discrete and
continuous components, and in fact the day may not be
far when every single possible combination has appeared in
some learner!

Most textbooks are organized by representation, and it’s
easy to overlook the fact that the other components are
equally important. There is no simple recipe for choosing
each component, but the next sections touch on some of the
key issues. And, as we will see below, some choices in a
machine learning project may be even more important than
the choice of learner.

3. IT’S GENERALIZATION THAT COUNTS
The fundamental goal of machine learning is to generalize
beyond the examples in the training set. This is because,
no matter how much data we have, it is very unlikely that
we will see those exact examples again at test time. (No-
tice that, if there are 100,000 words in the dictionary, the
spam filter described above has 2100,000 possible different in-
puts.) Doing well on the training set is easy (just memorize
the examples). The most common mistake among machine
learning beginners is to test on the training data and have
the illusion of success. If the chosen classifier is then tested
on new data, it is often no better than random guessing. So,
if you hire someone to build a classifier, be sure to keep some
of the data to yourself and test the classifier they give you
on it. Conversely, if you’ve been hired to build a classifier,
set some of the data aside from the beginning, and only use
it to test your chosen classifier at the very end, followed by
learning your final classifier on the whole data.

Algorithm 1 LearnDT(TrainSet)

if all examples in TrainSet have the same class y∗ then
return MakeLeaf(y∗)

if no feature xj has InfoGain(xj ,y) > 0 then
y∗ ← Most frequent class in TrainSet
return MakeLeaf(y∗)

x∗ ← argmaxxj InfoGain(xj ,y)
TS0 ← Examples in TrainSet with x∗ = 0
TS1 ← Examples in TrainSet with x∗ = 1
return MakeNode(x∗, LearnDT(TS0), LearnDT(TS1))

Contamination of your classifier by test data can occur in
insidious ways, e.g., if you use test data to tune parameters
and do a lot of tuning. (Machine learning algorithms have
lots of knobs, and success often comes from twiddling them
a lot, so this is a real concern.) Of course, holding out
data reduces the amount available for training. This can
be mitigated by doing cross-validation: randomly dividing
your training data into (say) ten subsets, holding out each
one while training on the rest, testing each learned classifier
on the examples it did not see, and averaging the results to
see how well the particular parameter setting does.

In the early days of machine learning, the need to keep train-
ing and test data separate was not widely appreciated. This
was partly because, if the learner has a very limited repre-
sentation (e.g., hyperplanes), the difference between train-
ing and test error may not be large. But with very flexible
classifiers (e.g., decision trees), or even with linear classifiers
with a lot of features, strict separation is mandatory.

Notice that generalization being the goal has an interesting
consequence for machine learning. Unlike in most other op-
timization problems, we don’t have access to the function
we want to optimize! We have to use training error as a sur-
rogate for test error, and this is fraught with danger. How
to deal with it is addressed in some of the next sections. On
the positive side, since the objective function is only a proxy
for the true goal, we may not need to fully optimize it; in
fact, a local optimum returned by simple greedy search may
be better than the global optimum.

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

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

Table 1: The three components of learning algorithms.

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

with one branch for each feature value, and have class predic-
tions at the leaves. Algorithm 1 shows a bare-bones decision
tree learner for Boolean domains, using information gain and
greedy search [21]. InfoGain(xj ,y) is the mutual information
between feature xj and the class y. MakeNode(x,c0,c1) re-
turns a node that tests feature x and has c0 as the child for
x = 0 and c1 as the child for x = 1.

Of course, not all combinations of one component from each
column of Table 1 make equal sense. For example, dis-
crete representations naturally go with combinatorial op-
timization, and continuous ones with continuous optimiza-
tion. Nevertheless, many learners have both discrete and
continuous components, and in fact the day may not be
far when every single possible combination has appeared in
some learner!

Most textbooks are organized by representation, and it’s
easy to overlook the fact that the other components are
equally important. There is no simple recipe for choosing
each component, but the next sections touch on some of the
key issues. And, as we will see below, some choices in a
machine learning project may be even more important than
the choice of learner.

3. IT’S GENERALIZATION THAT COUNTS
The fundamental goal of machine learning is to generalize
beyond the examples in the training set. This is because,
no matter how much data we have, it is very unlikely that
we will see those exact examples again at test time. (No-
tice that, if there are 100,000 words in the dictionary, the
spam filter described above has 2100,000 possible different in-
puts.) Doing well on the training set is easy (just memorize
the examples). The most common mistake among machine
learning beginners is to test on the training data and have
the illusion of success. If the chosen classifier is then tested
on new data, it is often no better than random guessing. So,
if you hire someone to build a classifier, be sure to keep some
of the data to yourself and test the classifier they give you
on it. Conversely, if you’ve been hired to build a classifier,
set some of the data aside from the beginning, and only use
it to test your chosen classifier at the very end, followed by
learning your final classifier on the whole data.

Algorithm 1 LearnDT(TrainSet)

if all examples in TrainSet have the same class y∗ then
return MakeLeaf(y∗)

if no feature xj has InfoGain(xj ,y) > 0 then
y∗ ← Most frequent class in TrainSet
return MakeLeaf(y∗)

x∗ ← argmaxxj InfoGain(xj ,y)
TS0 ← Examples in TrainSet with x∗ = 0
TS1 ← Examples in TrainSet with x∗ = 1
return MakeNode(x∗, LearnDT(TS0), LearnDT(TS1))

Contamination of your classifier by test data can occur in
insidious ways, e.g., if you use test data to tune parameters
and do a lot of tuning. (Machine learning algorithms have
lots of knobs, and success often comes from twiddling them
a lot, so this is a real concern.) Of course, holding out
data reduces the amount available for training. This can
be mitigated by doing cross-validation: randomly dividing
your training data into (say) ten subsets, holding out each
one while training on the rest, testing each learned classifier
on the examples it did not see, and averaging the results to
see how well the particular parameter setting does.

In the early days of machine learning, the need to keep train-
ing and test data separate was not widely appreciated. This
was partly because, if the learner has a very limited repre-
sentation (e.g., hyperplanes), the difference between train-
ing and test error may not be large. But with very flexible
classifiers (e.g., decision trees), or even with linear classifiers
with a lot of features, strict separation is mandatory.

Notice that generalization being the goal has an interesting
consequence for machine learning. Unlike in most other op-
timization problems, we don’t have access to the function
we want to optimize! We have to use training error as a sur-
rogate for test error, and this is fraught with danger. How
to deal with it is addressed in some of the next sections. On
the positive side, since the objective function is only a proxy
for the true goal, we may not need to fully optimize it; in
fact, a local optimum returned by simple greedy search may
be better than the global optimum.

Optimisation is 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 Workflow
There are many, many . . .

So why not make YADMW (Yet Another Data Mining Workflow)?
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Model
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Training
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Model
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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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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
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https://www.theverge.com/2020/8/6/21355674/human-genes-rename-microsoft-excel-misreading-dates
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What is the data telling us?

Univariate descriptive statistics — examine each variable

What are typical values?
What is the variation / spread / range?
What does the data look like . . . bell curve, bath tub curve, etc. ?

Bi- / multi- variable descriptive statistics

Identifying relationships between variables.

All descriptive statistics methods summarise data:

✔ A summary is good since it helps to focus on simpler and important aspects.
✘ 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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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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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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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
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Bayesian Search
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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 performance 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).
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simple

too
complex

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

Q: Why don’t we automate all of this sh/ tuff?

Tools are getting better and easier to use, but need

intervention/direction (data can be weird in weird ways)

– xkcd.com/2054
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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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