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Model Selection - Training Model - Model Representation and Interpretability -
Evaluating Performance of a Model - Improving Performance of a Model - Feature
Engineering: Feature Transformation - Feature Subset Selection

UNIT-2 PART-A( 2 Marks)
1. What is a model in context of machine learning?
Soln:-

The basic learning process, irrespective of the fact that the learner is a human
or a machine, can be divided into three parts such as Data Input,Abstraction
and Generalization

v’ Abstraction is a significant step as it represents raw input data in a

summarized and structured format, such that a meaningful insight is obtained
from the data. This structured representation of raw input data to the meaningful
pattern is called a model.

2.What is bootstrap sampling. Why is it needed?

Soln:-

Bootstrapping is a popular way to identify training and test data sets from the
input data set. It uses the technique of Simple Random Sampling with
Replacement (SRSWR), which is a well known technique in sampling theory for
drawing random samples. This technique is particularly useful in case of input
data sets of small size, i.e. having very less number of data instances.

3. What is Random forest?

Soln:-
Random Forest is another ensemble-based technique. It is an ensemble of
decision trees - hence the name random forest to indicate a forest of decision
trees.

4.What is the process of ensemble of models. What role does in play in
machine

learning?
Soln:-
Ensembling is usually done using the concept of bagging with different feature
sets. The reason for using large number of trees in random forest is to train the
trees enough such that contribution from each feature comes in a number of
models. After the random forest is generated by combining the trees, majority
vote is applied to combine the output of the different trees.

5. Differentiate Predictive vs. descriptive models
Soln:-




Predictive Model:-

Predictive modeling isa commonly used statistical technique to predict
future behavior. Predictive modeling solutions are a form of data-mining
technology that works by analyzing historical and current data and generating a
model to help predict future outcomes.

Descriptive model:-

v Models for unsupervised learning or descriptive models are used to describe a

data set or gain insight from a data set. There is no target feature or single
feature of interest in case of unsupervised learning. Based on the value of all
features, interesting patterns or insights are derived about the data set.

v' Descriptive models which group together similar data instances, i.e. data
instances having a similar value of the different features are called clustering
models.

6. Write short notes on LOOCV
Soln:-
Leave-one-out cross-validation (LOOCV) is an extreme case of k-fold cross-
validation using one record or data instance at a time as a test data. This is done
to maximize the count of data used to train the model. It is obvious that the
number of iterations for which it has to be run is equal to the total number of
data in the input data set. Hence, obviously, it is computationally very expensive
and not used much in practice.
7.Write short notes on F-measure
Soln:-
F-measure is another measure of model performance which combines the
precision and recall. It takes the harmonic mean of precision and recall as
calculated as

F-measure= (2 x Precision x Recall) / (Precision +Recall)
8. What is Silhouette width?
Soln:- Silhouette coefficient, which is one of the most popular internal
evaluation methods, uses distance (Euclidean or Manhattan distances most
commonly used) between data elements as a similarity measure. The value of
silhouette width ranges between -1 and +1, with a high value indicating high
intra cluster homogeneity and inter-cluster heterogeneity.
For a data set clustered into ‘K’ clusters, silhouette width is calculated as:

Silhouette width =(b(i) - a(i)) / max{a(i),b(i) }




9. Differentiate Cross-validation vs. bootstrapping

CROSS-VALIDATION BOOTSTRAPPING

It1s a special variant of holdout method, called — Ttuses the technigue of Simple Random
repeated holdout. Hence uses stratified random — Sampling with Replacement (SRSWR). 5o the
sampling approach (without replacement ). same data instance may be picked up multple
Data set is divided into 'k random partitions, times in 4 sample.

n

k

number of unique data elements, where i’ is the

total number of data elements and *k’ 15 the total

number of folds,

with each partition containing approximately

The number of possible training/test data samples  In this technique, since elements can be repeated
that can be drawn using this lechmique is finite, —— in the sample, possible number of training/lest
data samples is unlimited.

10. Whatis ROC curve?

Soln:-

Receiver Operating Characteristic (ROC) curve helps in visualizing the
performance of a classification model. It shows the efficiency of a model in the
detection of true positives while avoiding the occurrence of false positives. To
refresh our memory, true positives are those cases where the model has
correctly classified data instances as the class of interest.

11. Whatis the process of K-fold cross-validation.

Soln:-

As multiple holdouts have been drawn, the training and test data (and also
validation data, in case it is drawn) are more likely to contain representative data
from all classes and resemble the original input data closely. This process of
repeated holdout is the basis of k-fold cross-validation technique.

12. Differentiate Model underfitting vs. overfitting

Soln:-

Underfitting

If the target function is kept too simple, it may not be able to capture the essential
nuances and represent the underlying data well.Many times underfitting happens
due to unavailability of sufficient training data.

Overfitting

Overfitting refers to a situation where the model has been designed in such a way
that it emulates the training data too closely. In such a case, any specific deviation
in the training data, like noise or outliers, gets embedded in the model.




13. What do you mean Model Training?
Soln:-

The process of assigning a model, and fitting a specific model to a data set is
called model training.

14. Compare Euclidean distance with Manhattan distance?

Soln:-Euclidean Distance represents the shortest distance between two points.
Manhattan Distance is the sum of absolute differences between points across all
the dimensions. Manhattan distance is usually preferred over the more common
Euclidean distance when there is high dimensionality in the data.

15. Whatis the process of encoding nominal variables.

Soln:-

Feature construction can be used to create new dummy features which are
usable by machine learning algorithms. The dummy features have value 0 or 1
based on the categorical or nominal value for the original feature in that row. To
avoid the duplication, we can just leave one feature and eliminate the other.

16. What is SVD?

Soln:-

Singular value decomposition (SVD) is a matrix factorization technique
commonly used in linear algebra. SVD of a matrix A (m x n) is a factorization of
the form:

A=U YV

where, U and V are orthonormal matrices, U is an m x m unitary matrix, Vis an n

x n unitary matrix and X is an m x n rectangular diagonal matrix.

17. Whatis a feature?

Soln:-

A feature is an attribute of a data set that is used in a machine learning process.
18. Define Feature Construction

Soln:-

Feature construction process discovers missing information about the
relationships between features and augments the feature space by creating
additional features. Hence, if there are ‘n’ features or dimensions in a data set,
after feature construction ‘m’ more features or dimensions may get added. So at
the end, the data set will become ‘n + m’ dimensional.

19. What are the different situations which necessitate feature
construction?

Soln:

There are certain situations where feature construction is an essential activity
before we can start with the machine learning task. These situations are when
features have categorical value and machine learning needs numeric value inputs




when features having numeric (continuous) values and need to be converted to
ordinal values when text-specific feature construction needs to be done

20. What are the merits and de-merits of wrapper approach of feature
selection?

Soln:-

In the wrapper approach, identification of best feature subset is done using the
induction algorithm as a black box. The feature selection algorithm searches for a
good feature subset using the induction algorithm itself as a part of the
evaluation function. Since for every candidate subset, the learning model is
trained and the result is evaluated by running the learning algorithm, wrapper
approach is computationally very expensive. However, the performance is
generally superior compared to filter approach.

21. What is the process of transforming numeric features to categorical
features.

Soln:-

Sometimes there is a need of transforming a continuous numerical variable into a
categorical variable. For example, we may want to treat the real estate price
prediction problem, which is a regression problem, as a real estate price category
prediction, which is a classification problem. In that case, we can ‘bin’ the
numerical data into multiple categories based on the data range.

22. When can a feature be termed as irrelevant? How can it be measured?
Soln:-

A model is inducted based on the training data set - so that the inducted model
can assign class labels to new, unlabelled data. Each of the predictor variables, is
expected to contribute information to decide the value of the class label. In case
a variable is not contributing any information, it is said to be irrelevant.

23. When can a feature be termed as redundant? What are the measures to
determine the potentially redundant features?

Soln:-

if two features {X1, Xz} are highly correlated, then the two features become
redundant features since they have same information in terms of correlation
measure. In other words, the correlation measure provides statistical association
between any given a pair of features.

24. What are the different distance measures that can be used to determine
similarity of features?

Soln:-The four of most commonly used distance measures in machine learning
are as follows: Hamming Distance. Euclidean Distance. Manhattan Distance and
Jaccard distance.




25. Differentiate feature transformation with feature selection

Soln:- Feature transformation transforms data into a new set of features which
can represent the underlying machine learning problem There are two variants
of feature transformation:

1. feature construction

2. feature extraction

Feature subset selection is intended to derive a subset of features from the full
feature set. No new feature is generated.




UNIT 2 PART-B(13 Marks)

1. (i). What is a target function? Express target function in context of a
real-life example. How is the fitness of a target function measured? (8)
Soln:-

A machine learning algorithm creates its cognitive capability by building a
mathematical formulation or function, known as target function, based on the
features in the input data set. Just like a child learning things for the first time
needs her parents guidance to decide whether she is right or wrong, in machine
learning someone has to provide some non-learnable parameters, also called
hyper-parameters. Without these human inputs, machine learning algorithms
cannot be successful.

v" In machine learning paradigm, the potential causes of disturbance, e.g. average

income of the local population, weapon sales, the inflow of immigrants, etc. are
input variables. They are also called predictors, attributes, features,
independent variables, or simply variables.

The number of criminal incidents is an output variable (also called response or
dependent variable).

Input variables can be denoted by X, while individual input variables are
represented as X, X, X, .., Xand output variable by symbol Y. The relationship
between X and Y is represented in the general form:

Y = f(X) + e, where ‘f’ is the target function and ‘e’ is a random error term.

1.(ii). Explain “No Free Lunch” theorem in context of machine learning.

(5)
Soln:-
v Certain problems are related to grouping of data like finding customer

segments that are using a certain product, movie genres which have got more
box office success in the last one year, etc. So, it is very difficult to give a generic
guidance related to which machine learning has to be selected. In other words,
there is no one model that works best for every machine learning problem. This
is what ‘No Free Lunch’ theorem also states.

Any learning model tries to simulate some real-world aspect. However, it is
simplified to a large extent removing all intricate details. These simplifications
are

based on certain assumptions - which are quite dependent on situations. Based
on the exact situation, i.e. the problem in hand and the data characteristics,




assumptions may or may not hold. So the same model may yield remarkable
results in a certain situation while it may completely fail in a different situation.

2. Describe the process of predictive modeling for numerical values. How
is it different from predictive modeling for categorical values? (13)

Soln:-

v' Models for supervised learning or predictive models, as is understandable

from the name itself, try to predict certain value using the values in an input data
set. The learning model attempts to establish a relation between the target
feature, i.e. the feature being predicted, and the predictor features.

v' Predictive models, in turn, may need to predict the value of a category or class
to which a data instance belongs to. Below are some examples:

1. Predicting win/loss in a cricket match
2. Predicting whether a transaction is fraud
3. Predicting whether a customer may move to another product

v' Predictive models may also be used to predict numerical values of the target
feature based on the predictor features. Below are some examples:

1. Prediction of revenue growth in the succeeding year
2. Prediction of rainfall amount in the coming monsoon
3. Prediction of potential flu patients and demand for flu shots next winter

v' The models which are used for prediction of the numerical value of the
target feature of a data instance are known as regression models. Linear
Regression and Logistic Regression models are popular regression models.
v' The models which are used for prediction of target features of categorical
value are known as classification models. The target feature is known as a class
and the

categories to which classes are divided into are called levels.

Some of the popular classification models include k-Nearest Neighbor

(kNN), Naive Bayes, and Decision Tree.
v’ Categorical values can be converted to numerical values and vice versa.

For example, for stock price growth prediction, any growth percentage lying
between certain ranges may be represented by a categorical value, e.g.

0%-5% as ‘low’,

5%-10% as ‘moderate’,

10%-20% as ‘high’ and

> 20% as ‘booming’.




In a similar way, a categorical value can be converted to numerical value,
e.g. in the tumor malignancy detection problem, replace ‘benign’ as 0 and
‘malignant’ as 1. This way, the models can be used interchangeably, though it
may not work always.

There are multiple factors to be considered while selecting a model.

For example, while selecting the model for prediction, the training data size is an
important factor to be considered.

v" If the training data set is small, low variance models like Naive Bayes are

supposed to perform better because model overfitting needs to be avoided in this
situation.

v’ Similarly, when the training data is large, low bias models like logistic
regression should be preferred because they can represent complex
relationships in a more effective way. Few models like Support Vector Machines
and Neural Network can be used for both classifications as well as for regression.

3. Explain, in details, the process of evaluating the performance of a
classification model. Explain the different parameters of measurement.(13)
Soln:-

Supervised learning (classification)

In supervised learning, one major task is classification. The responsibility of the
classification model is to assign class label to the target feature based on the
value of the predictor features.

For example, in the problem of predicting the win/loss in a cricket match, the
classifier will assign a class value win/loss to target feature based on the values
of other features like whether the team won the toss, number of spinners in the
team, number of wins the team had in the tournament, etc. To evaluate the
performance of the model, the number of correct classifications or predictions
made by the model has to be recorded. A classification is said to be correct if, say
for example in the given problem, it has been predicted by the model that the
team will win and it has actually won.

Based on the number of correct and incorrect classifications or predictions made
by a model, the accuracy of the model is calculated. If 99 out of 100 times the
model has classified correctly, e.g. if in 99 out of 100 games what the model has
predicted is same as what the outcome has been, then the model accuracy is said
to be 99%. However, it is quite relative to say whether a model has performed
well just by looking at the accuracy value.

There are four possibilities with regards to the cricket

match win/loss prediction:




1. the model predicted win and the team won
2. the model predicted win and the team lost
3. the model predicted loss and the team won
4. the model predicted loss and the team lost
In this problem, the obvious class of interest is ‘win’.
v" The first case, i.e. the model predicted win and the team won is a case

where the model has correctly classified data instances as the class of

interest. These cases are referred as True Positive (TP) cases.

Actual Outcome

Win

Predicated Outcome

Loss

Falsc Negative (FN) Truc Negative (TN)

FIG. 3.7 Details of model classification

v The second case, i.e. the model predicted win and the team lost is a case
where the model incorrectly classified data instances as the class of
interest. These cases are referred as False Positive (FP) cases.

v" The third case, i.e. the model predicted loss and the team won is a case
where the model has incorrectly classified as not the class of interest.
These cases are referred as False Negative (FN) cases.

v The fourth case, i.e. the model predicted loss and the team lost is a case
where the model has correctly classified as not the class of interest. These
cases are referred as True Negative (TN) cases. All these four cases are
depicted in Figure 3.7 .

For any classification model, model accuracy is given by total number of correct
classifications (either as the class of interest, i.e. True Positive or as not the class
of interest, i.e. True Negative) divided by total number of classifications done.

TP + TN
TP + FP + FN + TN

Model accuracy =




A matrix containing correct and incorrect predictions in the form of TPs, FPs, FNs
and TNs is known as confusion matrix. The win/loss prediction of cricket match
has two classes of interest — win and loss. For that reason it will generate a 2 x 2
confusion matrix. For a classification problem involving three classes, the
confusion matrix would be 3 x 3, etc.

Let’s assume the confusion matrix of the win/loss prediction of cricket match
problem to be as below:

ACTUAL WIN ACTUAL LOSS

Predicted Win 85 4
Predicted Loss 2 Y

In context of the above confusion matrix, total count of TPs = 85, count of FPs = 4,
count of FNs = 2 and count of TNs = 9.

TP+IN 8549 o
TP+FP+EN+ TN 85 +4+2+9 100

*. Model accuracy = = 04%

The percentage of misclassifications is indicated using error rate which is
measured as

Error rat Ll
ate =

TP + FP + FN + TN
In context of the above confusion matrix,

FP + FN 426
TP+FP+FN+TN 85+4+249 100

= |-Model accuracy

Error rate = =06%

Sometimes, correct prediction, both TPs as well as TNs, may happen by mere
coincidence. Since these occurrences boost model accuracy, ideally it should not
happen.

Kappa value of a model indicates the adjusted the model accuracy. It is
calculated using the formula below:

Kappa value(k)=P(a) - P(pr) / 1-P(pr) Where

P(a)=Proportion of observed agreement between actual and predicted in overall
data set




P(pr)=Proport of expected agreement between actual and predicted data both in
case of class of interest as well as the other classes
P(a)=TP+TN / TP+FP+FN+TN
P(p:)=TP+FP/ TP+FP+FN+TN x TP+FN / TP+FP+FN+TN + FN+TN /
TP+FP+FN+TN x

FP+TN / TP+FP+FN+TN

Kappa value can be 1 at the maximum, which represents perfect agreement
between model’s prediction and actual values.

The sensitivity of a model measures the proportion of TP examples or positive
cases which were correctly classified. It is measured as

TP

Sensitivity TP + FN
Sensitivity measure gives the proportion of tumours which are actually
malignant and have been predicted as malignant. It is quite obvious that for such
problems the most critical measure of the performance of a good model is
sensitivity. A high value of sensitivity is more desirable than a high value of
accuracy.

Specificity is also another good measure to indicate a good balance of a model
being excessively conservative or excessively aggressive. Specificity of a model
measures the proportion of negative examples which have been correctly
classified. In the context, of malignancy prediction of tumours, specificity gives
the proportion of benign tumours which have been correctly classified.

In the context of the above confusion matrix for the cricket match win prediction
problem,

TN 9 9
Tl Tl AT — — — e o] o,
Specificity INTFP 9+4 13 69.2%
There are two other performance measures of a supervised learning model
which are similar to sensitivity and specificity. These are precision and recall.
While precision gives the proportion of positive predictions which are truly

positive, recall gives the proportion of TP cases over all actually positive cases.
Precision = ; L.

TP + FP

Precision indicates the reliability of a model in predicting a class of interest.

When the model is related to win / loss prediction of cricket, precision indicates

how often it predicts the win correctly.




Recall indicates the proportion of correct prediction of positives to the total
number of positives. In case of win/loss prediction of cricket, recall resembles
what proportion of the total wins were predicted correctly.

™"
Recall =
cea TP + FN

F-measure

F-measure is another measure of model performance which combines the
precision and recall. It takes the harmonic mean of precision and recall as
calculated as

. 2 > precision > recall
Feomeasure = F—
precision + recall

Receiver operating characteristic (ROC) curves

Receiver Operating Characteristic (ROC) curve helps in visualizing the
performance of a classification model.It shows the efficiency of a model in the
detection of true positives while avoiding the occurrence of false positives.

4.(i).How would you evaluate the success of an unsupervised learning
model?

What are the most popular measures of performance for an

unsupervised
learning model? (5)
Soln:-

v" Twin sample validation can be used to validate results of unsupervised
learning. It should be used in combination with internal validation.

v" It can prove to be highly useful in case of time-series data where we want
to ensure that our results remain same across time.

v" For unsupervised learning (clustering), silhouette coefficient (or width) is
one of the most popular internal evaluation methods. A high value of
silhouette width indicates high intra-cluster homogeneity and inter-cluster
heterogeneity.

v In case, class label is known for the data set, purity is another popular
measure which evaluates the extent to which clusters contain a single class.

4. (ii).Can the performance of a learning model be improved? If yes, explain
how?. (8)
Soln:-




v' One effective way to improve model performance is by tuning model
parameter. Model parameter tuning is the process of adjusting the model
fitting options.

v' For example, in the popular classification model k-Nearest Neighbour
(KNN), using different values of ‘K’ or the number of nearest neighbours to
be considered, the model can be tuned. In the same way, a number of
hidden layers can be adjusted to tune the performance in neural networks
model.

v" Most machine learning models have at least one parameter which can be
tuned. As an alternate approach of increasing the performance of one
model, several models may be combined together.

v The models in such combination are complimentary to each other, i.e. one
model may learn one type data sets well while struggle with another type
of data set.

v Another model may perform well with the data set which the first one
struggled with. This approach of combining different models with diverse
strengths is known as ensemble (depicted in Figure 3.11 ).

Ensemble helps in averaging out biases of the different underlying models and
also reducing the variance. Ensemble methods combine weaker learners to
create stronger ones. A performance boost can be expected even if models are
built as usual and then ensembled. Following are the typical steps in ensemble
process: Build a number of models based on the training data For diversifying the
models generated, the training data subset can be varied using the allocation
function. Sampling techniques like bootstrapping may be used to generate
unique training data sets.
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Alternatively, the same training data may be used but the models combined are
quite varying, e.g, SVM, neural network, kNN, etc. The outputs from the different
models are combined using a combination function. A very simple strategy of
combining, say in case of a prediction task using ensemble, can be majority
voting of the different models combined. For example, 3 out of 5 classes predict
‘win’ and 2 predict ‘loss’ - then the final outcome of the ensemble using majority
vote would be a ‘win’.

5. What is feature selection? Why is it needed? What are the different
approaches of feature selection in detail? (13)
Soln:-

Feature selection is the process of selecting a subset of features in a data set.
There are four types of approach for feature selection:

1. Filter approach

2. Wrapper approach

3. Hybrid approach

4. Embedded approach

In the filter approach (as depicted in Fig. 4.13), the feature subset is selected
based on statistical measures done to assess the merits of the features from the
data perspective. No learning algorithm is employed to evaluate the goodness of
the feature selected. Some of the common statistical tests conducted on features
as a part of filter approach are - Pearson’s correlation, information gain, Fisher
score, analysis of variance (ANOVA), Chi-Square, etc.

Performance
EEEE—

Full featureset | gupoethes | Optimal feature
" subset "

Learning

Algorithm

subset

FIG. 4.13 Filter approach

FIG. 4.13 Filter approach

In the wrapper approach (as depicted in Fig. 4.14), identification of best feature
subset is done using the induction algorithm as a black box. The feature selection

algorithm searches for a good feature subset using the induction algorithm itself
as a part of the evaluation function. Since for every candidate subset, the learning
model is trained and the result is evaluated by running the learning algorithm,
wrapper approach is computationally very expensive. However, the performance
is generally superior compared to filter approach.
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FIG. 4.14 Wrapper approach

Hybrid approach takes the advantage of both filter and wrapper approaches. A
typical hybrid algorithm makes use of both the statistical tests as used in filter
approach to decide the best subsets for a given cardinality and a learning
algorithm to select the final best subset among the best subsets across different
cardinalities.

Embedded approach (as depicted in Fig. 4.15) is quite similar to wrapper
approach as it also uses and inductive algorithm to evaluate the generated
feature subsets. However, the difference is it performs feature selection and
classification simultaneously.

Selecting the best subset

Generate a Feature subsel [,ua[nltlg
‘ s = Algorithm +
Full feature set i e Performance

FIG. 4.15 Embedded approach




6. Write the difference between Bagging vs. Boosting

Soln:-

Differences Between Bagging and Boosting

S.NO

1.

Bagging

The simplest way of combining
predictions that
belong to the same type.

Aim to decrease variance, not bias.

Each model receives equal weight.

Each model is built independently.

Different training data subsets are
selected using row sampling with
replacement and random sampling
methods from the entire training
dataset.

Bagging tries to solve the over-fitting
problem.

If the classifier is unstable (high
variance), then apply bagging.

In this base classifiers are trained
parallelly.

Example: The Random forest model
uses Bagging.

(6)

Boosting

A way of combining predictions
that
belong to the different types.

Aim to decrease bias, not variance.

Models are weighted according to
their performance.

New models are influenced
by the performance of previously
built models.

Every new subset contains the
elements that were misclassified by
previous models.

Boosting tries to reduce bias.

If the classifier is stable and simple
(high bias) the apply boosting.

In this base classifiers are trained
sequentially.

Example: The AdaBoost uses
Boosting techniques

(ii). Differentiate between Lazy vs. Eager learner (5)

Soln:-

Property Lazy Learning

Training Speed Fast, stores the data while
training

Prediction Too Slow tries to apply

Speed functions and learnings in the

prediction stage

Eager Learning

Slow, Tries to learn from data
while training

Faster, predicts very fast as
there are pre-defined functions




Learning Scope Medium, it can learn from data Medium, it can learn from data

while training while testing
Pre Calculated Absent, calculations are done At present, here calculations
Algorithm while the testing phase are already done in the

training phase

7. Write short notes on any two:
(i). PCA (8)
Soln:-

v Every data set, as we have seen, has multiple attributes or dimensions -

many of which might have similarity with each other.

v" For example, the height and weight of a person, in general, are quite
related. If the height is more, generally weight is more and vice versa. So if
a data set has height and weight as two of the attributes, obviously they are
expected to be having quite a bit of similarity.

v" In general, any machine learning algorithm performs better as the number
of related attributes or features reduced. In other words, a key to the
success of machine learning lies in the fact that the features are less in
number as well as the similarity between each other is very less. This is the
main guiding philosophy of principal component analysis (PCA) technique
of feature extraction.

v In PCA, a new set of features are extracted from the original features which
are quite dissimilar in nature. So an n-dimensional feature space gets
transformed to an m-dimensional feature space, where the dimensions are
orthogonal to each other, i.e. completely independent of each other. To
understand the concept of orthogonality, we have to step back and do a bit
of dip dive into vector space concept in linear algebra.

v' We all know that a vector is a quantity having both magnitude and
direction and hence can determine the position of a point relative to
another point in the Euclidean space (i.e. a two or three or ‘n’ dimensional
space).

v A vector space is a set of vectors. Vector spaces have a property that they
can be represented as a linear combination of a smaller set of vectors,
called basis vectors. So, any vector ‘v’ in a vector space can be represented
as
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where, a represents ‘n’ scalars and u represents the basis vectors. Basis vectors
are orthogonal to each other.
v" Orthogonality of vectors in n-dimensional vector space can be thought of

an extension of the vectors being perpendicular in a two-dimensional
vector space.

v" Two orthogonal vectors are completely unrelated or independent of each
other. So the transformation of a set of vectors to the corresponding set of
basis vectors such that each vector in the original set can be expressed as a
linear combination of basis vectors helps in decomposing the vectors to a
number of independent components.

v Now, let’s extend this notion to the feature space of a data set. The feature
vector can be transformed to a vector space of the basis vectors which are
termed as principal components.

v" These principal components, just like the basis vectors, are orthogonal to
each other. So a set of feature vectors which may have similarity with each
other is transformed to a set of principal components which are completely
unrelated. However, the principal components capture the variability of
the original feature space. Also, the number of principal component
derived, much like the basis vectors, is much smaller than the original set
of features.

The objective of PCA is to make the transformation in such a way that
1. The new features are distinct, i.e. the covariance between the new
features, i.e. the principal components is 0.
2. The principal components are generated in order of the variability in the
data that it captures. Hence, the first principal component should capture
the aximum variability, the second principal component should capture
the next highest variability etc.
3. The sum of variance of the new features or the principal components
should be equal to the sum of variance of the original features.

v PCA works based on a process called eigenvalue decomposition of a covariance

matrix of a data set. Below are the steps to be followed:

1. First, calculate the covariance matrix of a data set.

2. Then, calculate the eigenvalues of the covariance matrix.

3. The eigenvector having highest eigenvalue represents the direction in
which there is the highest variance. So this will help in identifying the first
principal component.




4. The eigenvector having the next highest eigenvalue represents the
direction in which data has the highest remaining variance and also
orthogonal to the first direction. So this helps in identifying the second
principal component.
5. Like this, identify the top ‘k’ eigenvectors having top ‘K’ eigenvalues so as
to get the ‘K’ principal components.
7 (ii). Vectorization (5)
Soln:-
Text data, or corpus which is the more popular keyword, is converted to a
numerical representation following a process is known as vectorization. In this
process, word occurrences in all documents belonging to the corpus are
consolidated in the form of bag-of-words.
There are three major steps that are followed:
1. tokenize
2. count
3. normalize
In order to tokenize a corpus, the blank spaces and punctuations are used as
delimiters to separate out the words, or tokens. Then the number of occurrences
of each token is counted, for each document. Lastly, tokens are weighted with
reducing importance when they occur in the majority of the documents. A matrix
is then formed with each token representing a column and a specific document of
the corpus representing each row. Each cell contains the count of occurrence of
the token in a specific document.

8. Explain, with an example, the main underlying concept of feature
extraction. What are the most popular algorithms for feature extraction?

(13)
Soln:-

In feature extraction, new features are created from a combination of original
features. Some of the commonly used operators for combining the original
features include

1. For Boolean features: Conjunctions, Disjunctions, Negation, etc.

2. For nominal features: Cartesian product, M of N, etc.

3. For numerical features: Min, Max, Addition, Subtraction,Multiplication,
Division, Average, Equivalence, Inequality, etc.

For example, we have a data set with a feature set Fi (F1, F2, ..., Fn ). After feature
extraction using a mapping function f Fi(F1,F2,..Fn) say F’i (F'1, F2, ..., F'n ) we
will have a set of features Fi=f{F’i) and m < n.

For example, F’=k1F1+k2F2. This is depicted in Figure 4.7.




Feat, Featg Feat, Featp Feat, Feat,

34 34.5 23 233 41.25 185.80
44 45.56 11 3.44 54.20 53.12
78 22.59 21 4.5 — 43.73 35.79
22 65.22 11 3223 65.30 264.10
22 33.8 355 45.2 3702 238.42
11 122.32 63 232 113.39 16774
Feat; = 0.3 X Featy + 0.9 X Fealy
Featy = Featy, + 0.5 Featg + 0.6 X Feale

FIG. 4.7 Feature extraction

Let’s discuss the most popular feature extraction algorithms used in machine
learning:

1.PCA:-

Every data set, as we have seen, has multiple attributes or dimensions - many of
which might have similarity with each other.

BEFor example, the height and weight of a person, in general, are quite related.
If the height is more, generally weight is more and vice versa. So if a data set has
height and weight as two of the attributes, obviously they are expected to be
having quite a bit of similarity.

BRIn general, any machine learning algorithm performs better as the number of
related attributes or features reduced. In other words, a key to the success of
machine learning lies in the fact that the features are less in number as well as
the similarity between each other is very less. This is the main guiding
philosophy of principal component analysis (PCA) technique of feature
extraction.

PIPIn PCA, a new set of features are extracted from the original features which
are quite dissimilar in nature. So an n-dimensional feature space gets
transformed to an m-dimensional feature space, where the dimensions are
orthogonal to each other, i.e. completely independent of each other. To
understand the concept of orthogonality, we have to step back and do a bit of dip
dive into vector space concept in linear algebra.

PIPWe all know that a vector is a quantity having both magnitude and direction
and hence can determine the position of a point relative to another point in the
Euclidean space (i.e. a two or three or ‘n’ dimensional space).

PIPIA vector space is a set of vectors. Vector spaces have a property that they can
be represented as a linear combination of a smaller set of vectors, called basis
vectors. So, any vector ‘v’ in a vector space can be represented as




"
V= ai;
f=]

where, a represents ‘n’ scalars and u represents the basis vectors. Basis vectors
are orthogonal to each other.

BROrthogonality of vectors in n-dimensional vector space can be thought of an
extension of the vectors being perpendicular in a two-dimensional vector space.

PRPTwo orthogonal vectors are completely unrelated or independent of each
other. So the transformation of a set of vectors to the corresponding set of basis
vectors such that each vector in the original set can be expressed as a linear
combination of basis vectors helps in decomposing the vectors to a number of
independent components.

PIZINow, let’s extend this notion to the feature space of a data set. The feature
vector can be transformed to a vector space of the basis vectors which are
termed as principal components.

PR These principal components, just like the basis vectors, are orthogonal to each
other. So a set of feature vectors which may have similarity with each other is
transformed to a set of principal components which are completely unrelated.
However, the principal components capture the variability of the original feature
space. Also, the number of principal component derived, much like the basis
vectors, is much smaller than the original set of features.

The objective of PCA is to make the transformation in such a way that

1. The new features are distinct, i.e. the covariance between the new features, i.e.
the principal components is 0.

2. The principal components are generated in order of the variability in the data
that it captures. Hence, the first principal component should capture the
maximum variability, the second principal component should capture the next
highest variability etc.

3. The sum of variance of the new features or the principal components should be
equal to the sum of variance of the original features.

ARPCA works based on a process called eigenvalue decomposition of a
covariance matrix of a data set. Below are the steps to be followed:

1. First, calculate the covariance matrix of a data set.

2. Then, calculate the eigenvalues of the covariance matrix.

3. The eigenvector having highest eigenvalue represents the direction in which
there is the highest variance. So this will help in identifying the first principal
component.




4. The eigenvector having the next highest eigenvalue represents the direction in
which data has the highest remaining variance and also orthogonal to the first
direction. So this helps in identifying the second principal component.

5. Like this, identify the top ‘K’ eigenvectors having top ‘k’ eigenvalues so as to get
the ‘k’ principal components.

2. Singular value decomposition

Singular value decomposition (SVD) is a matrix factorization technique
commonly used in linear algebra. SVD of a matrix A (m x n) is a factorization of
the form:

A=UZXV

where, U and V are orthonormal matrices, U is an m xm unitary matrix, Vis an n x
n unitary matrix and ¥ is an m x n rectangular diagonal matrix. The diagonal
entries of ¥ are known as singular values of matrix A.

The columns of U and V are called the left-singular and right-singular vectors of
matrix A, respectively.

SVD is generally used in PCA, once the mean of each variable has been removed.
Since it is not always advisable to remove the mean of a data attribute, especially
when the data set is sparse (as in case of text data), SVD is a good choice for
dimensionality reduction in those situations.

SVD of a data matrix is expected to have the properties highlighted below:

1. Patterns in the attributes are captured by the right-singular vectors, i.e. the
columns of V.

2. Patterns among the instances are captured by the left-singular, i.e. the columns
of U.

3. Larger a singular value, larger is the part of the matrix A that it accounts for
and its associated vectors.

4. New data matrix with ‘K’ attributes is obtained using the equation
D=Dx[vl,v2,..,vn]

Thus, the dimensionality gets reduced to k SVD is often used in the context of text
data.

3. Linear Discriminant Analysis:-

Linear discriminant analysis (LDA) is another commonly used feature extraction
technique like PCA or SVD. The objective of LDA is similar to the sense that it
intends to transform a data set into a lower dimensional feature space. However,
unlike PCA, the focus of LDA is not to capture the data set variability.

Instead, LDA focuses on class separability, i.e. separating the features based on
class separability so as to avoid over-fitting of the machine learning model.
Unlike PCA that calculates eigenvalues of the covariance matrix of the data set,
LDA calculates eigenvalues and eigenvectors within a class and interclass scatter
matrices. Below are the steps to be followed:

1. Calculate the mean vectors for the individual classes.




2. Calculate intra-class and inter-class scatter matrices.
3. Calculate eigenvalues and eigenvectors for S and S, where S is the intra-class
scatter matrix and S is the inter-class scatter matrix

Sw= Ei 19
S; = E (.r—m,](,r—m,f
XED,

where, m is the mean vector of the i-th class

Sp = 2 Ni(m;—m) (m; - m}J
=1

where, mi is the sample mean for each class, m is the overall mean of the data set,
Ni is the sample size of each class
4. Identify the top ‘K’ eigenvectors having top ‘k’ eigenvalues .




UNIT-2 PART-C(15 Marks)
1. While predicting malignancy of tumour of a set of patients using a
classification model, following are the data recorded: (15)

1. Correct predictions - 15 malignant, 75 benign

2. Incorrect predictions - 3 malignant, 7 benign
Calculate the error rate, Kappa value, sensitivity, precision, and F-measure
of the model.
Soln:-
Let's assume the confusion matrix of the malignant/benign predicting
malignancy of tumour of a set of patients problem to be as below:

ACTULAL ACTUAL
MALIGNANT BENIGN
Predicted 15 75
Correct
Predicted 3 7
Incorrect

In context of the above confusion matrix, total count of TPs = 15, count of FPs =
75, count of FNs = 3 and count of TNs = 7.
1. Model Accuracy=TP+TN / TP+FP+FN+TN=(15+7) / (15+7+3+75)
=22/100=22%
2.Error Rate=FP + FN / TP+FP+FN+TN
=(75+3)/(15+7+3+75)=78/100=78%
3. Kappa value of a model indicates the adjusted the model accuracy. It is
calculated using the formula below:
Kappa value(k)=P(a) - P(pr) /1 -P(pr) Where
P(a)=Proportion of observed agreement between actual and predicted in overall
data set
P(pr)=Proport of expected agreement between actual and predicted data both in
case of class of interest as well as the other classes
P(a)=TP+TN / TP+FP+FN+TN
P(p:)=TP+FP/ TP+FP+FN+TN x TP+FN / TP+FP+FN+TN + FN+TN /
TP+FP+FN+TN x
FP+TN / TP+FP+FN+TN
In context of the above confusion matrix, total count of TPs = 15, count of FPs =
75, count of FNs = 3 and count of TNs = 7.
P(a)=15+7/100=22/100=.22
P(pr)=15+75/100 x 15+3/100 + 3+7/100 x 75+7 /100
=90/100x 18/100 + 10/100 X 82/100
=90 X.18 +.10 X.82=.244




Kappa Value=(.22 - .244) /(1-.244)=-0.024 / .756=.0317

4. Sensitivity:-

The Sensitivity of a model measures the proportion of TP examples or positive
cases which were correctly classified. It is measured as

Sensitivity=TP / (TP+FN)=15/(15+3)=15/18=.83

5.Precision:-
Precision indicates the reliability of a model in predicting a class of interest.
Precision=TP /(TP+FP)=15 /(15+75)=15/90=.16

6.F-measure:-
F-measure is another measure of model performance which combines the
precision and recall.
Recall=TP /(TP + FN)=15/(15+3)=15/18=.83
F-measure= (2 x Precision x Recall) / (Precision +Recall)
=(2x.16x.83) / (.16 +.83)=

3.  (i).Compare the Jaccard index and similarity matching coefficient of
two features having values (0,1,1,0,1,0,1,0)and (1,1,0,0, 1,0, 0, 0) (7)
Soln:-

Jaccard index/coefficient is used as a measure of similarity between two
features. The Jaccard distance, a measure of dissimilarity between two features,
is complementary of Jaccard index is shown in Fig.
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Fig. Distance measures between features

For two features having binary values, Jaccard index is measured as
J=n11 / (n01+n10+n11
where,
nll1=number of cases where both the features have value
nl = number of cases where the feature 1 has value 0 and feature 2 has value 1




n10 = number of cases where the feature 1 has value 1 and feature 2 has value 0

Jaccard distance,d=1-]
Let’s consider two features F and F having values (0,1,1,0,1,0,1,0) and (1, 1, O,
0,1,0,0,0). Figure b shows the identification of the values of n, n and n.
As shown, the cases where both the values are 0 have been left out without
border - as an indication of the fact that they will be excluded in the calculation
of Jaccard coefficient. Jaccard coefficient of Fand F, ] =
nll /(n01+n10+n11=2/(1+2+2)=2/5or 0.4

~ Jaccard distance between Fand F,d=1 -] = or 0.6.

Simple matching coefficient (SMC) is almost same as Jaccard coeficient except
the fact that it includes a number of cases where both the features have a value of
0.

SMC=n11 +n00 / n00+n01+n10+n11

where,

nl1 = number of cases where both the features have value 1

n01 = number of cases where the feature 1 has value 0 and feature 2 has value 1
n10 = number of cases where the feature 1 has value 1 and feature 2 has value 0
n00 = number of cases where both the features have value 0

The total count of rows, n = n00 + n01 + n10 + n11 . As shown in Figure c, all
values have been included in the calculation of SMC.

SMC of F1 and F2 =2+3 /(3 +1+2+2)=1/2 or 0.5

2. (ii). Explain the process of ensemble of models. What role does in play in
machine learning? (8)
Soln:-As an alternate approach of increasing the performance of one model,
several models may be combined together. The models in such combination are
complimentary to each other, i.e. one model may learn one type data sets well
while struggle with another type of data set. Another model may perform well
with the data set which the first one struggled with. This approach of combining
different models with diverse strengths is known as ensemble (depicted in
Figure 3.11).

Ensemble helps in averaging out biases of the different underlying models and
also reducing the variance. Ensemble methods combine weaker learners to
create

stronger ones. A performance boost can be expected even if models are built as
usual and then ensembled.




Following are the typical steps in ensemble process:
Build a number of models based on the training data For diversifying the models
generated, the training data subset can be varied using the allocation function.
Sampling techniques like bootstrapping may be used to generate unique training
data sets.
Alternatively, the same training data may be used but the models combined are
quite varying, e.g, SVM, neural network, kNN, etc. The outputs from the different
models are combined using a combination function. A very simple strategy of
combining, say in case of a prediction task using ensemble, can be majority
voting of the different models combined. For example, 3 out of 5 classes predict
‘win’ and 2 predict ‘loss’ - then the final outcome of the ensemble using majority
vote would be a ‘win’.
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One of the earliest and most popular ensemble models is bootstrap aggregating
or bagging. Bagging uses bootstrap sampling method (refer section 3.3.3) to
generate multiple training data sets. These training data sets are used to generate
(or train) a set of models using the same learning algorithm. Then the outcomes
of the models are combined by majority voting (classification) or by average
(regression).

Bagging is a very simple ensemble technique which can perform really well for
unstable learners like a decision tree, in which a slight change in data can impact
the outcome of a model significantly.

Just like bagging, boosting is another key ensemble based technique. In this type
of ensemble, weaker learning models are trained on resampled data and the
outcomes are combined using a weighted voting approach based on the
performance of different models.

Adaptive boosting or AdaBoost is a special variant of boosting algorithm. It is
based on the idea of generating weak learners and slowly learning




Random forest is another ensemble-based technique. It is an ensemble of
decision trees — hence the name random forest to indicate a forest of decision
trees.

For example, the first dilemma comes about which model to select. Again, in case
of supervised learning, how can we deal with the unavailability of sufficient
training data. In the same way, once the model is trained in case of supervised
learning or the grouping is done in case of clustering, how we can understand
whether the model training (for supervised) or grouping done (for
unsupervised) is good or bad.

4, Explain the process of evaluating a linear regression model. (15)
Soln:-

There are couple of popular approaches which are adopted for cluster quality
evaluation.

1. Internal evaluation

In this approach, the cluster is assessed based on the underlying data that was
clustered. The internal evaluation methods generally measure cluster quality
based on homogeneity of data belonging to the same cluster and heterogeneity
of data belonging to different clusters. The homogeneity/heterogeneity is
decided by some similarity measure.

For example, silhouette coefficient, which is one of the most popular internal
evaluation methods, uses distance (Euclidean or Manhattan distances most
commonly used) between data elements as a similarity measure. The value of
silhouette width ranges between -1 and +1, with a high value indicating high
intracluster homogeneity and inter-cluster heterogeneity.

For a data set clustered into ‘k’ clusters, silhouette width is calculated as:

b(i) — af(i)
max {a(i), b(i)}

Silhouette width =

a(i) is the average distance between the i th data instance and all other data
instances belonging to the same cluster and

b(i) is the lowest average distance between the i-the data instance and
data instances of all other clusters.

Let’s try to understand this in context of the example depicted in figure 3.10.
There are four clusters namely cluster 1, 2, 3, and 4. Let’s consider an arbitrary
data element ‘i’ in cluster 1, resembled by the asterisk. a(i) is the average of the
distances a, a, ..., a of the different data elements from the i th data element in
cluster 1, assuming there are n data elements in cluster 1. Mathematically,




=
T
e &)?-Oc'\ 1>
¥ e sn s <
S BTS2 s el
° oS S T e S
—. S 1
atn,)oPa eSS =228 21aC1)

-—_ . - s -

T T T TR
a2t = = -
= = > - }--—- -

= = = o= m

: =L

ErTC. = -2xo Silhooette wwidtih calcalation

In the same way, let’s calculate the distance of an arbitrary data element ‘i’ in
cluster 1 with the different data elements from another cluster, say cluster 4 and
take an average of all those distances.

Hence,

Dig(1) + D1y(2) + ... + byy(nyg)

(14)

where n is the total number of elements in cluster 4. In the same way, we can
calculate the values of b (average) and b (average).

b4 (average) =

B (i) is the minimum of all these values. Hence, we can say that, b(i) = minimum
[b (average), b (average), b (average)]

2. External evaluation

In this approach, class label is known for the data set subjected to clustering.
However, quite obviously, the known class labels are not a part of the data used
in clustering. The cluster algorithm is assessed based on how close the results are
compared to those known class labels. For example, purity is one of the most
popular measures of cluster algorithms - evaluates the extent to which clusters
contain a single class.

For a data set having ‘n’ data instances and ‘c’ known class labels which generates
‘K’ clusters, purity is measured as:

Purity = ﬁzrtmx{k N¢)
X




5. (i). Explain the process of feature engineering in context of a text
categorization problem. (10)
Soln:-

@B @1In the current world, text is arguably the most predominant medium of
communication.

BWhether we think about social networks like Facebook or microblogging
channels like Twitter or emails or short messaging services such as Whatsapp,
text plays a major role in the flow of information.

P Hence, text mining is an important area of research - not only for technology
practitioners but also for industry practitioners. However, making sense of text
data, due to the inherent unstructured nature of the data, is not so
straightforward.

@In the first place, the text data chunks that we can think about do not have
readily available features, like structured data sets, on which machine learning
tasks can be executed.

B@All machine learning models need numerical data as input. So the text data in
the data sets need to be transformed into numerical features.

PIPText data, or corpus which is the more popular keyword, is converted to a
numerical representation following a process is known as vectorization.

BR1In this process, word occurrences in all documents belonging to the corpus
are consolidated in the form of bag-of-words.

There are three major steps that are followed:

1. tokenize

2. count

3. normalize

BRIn order to tokenize a corpus, the blank spaces and punctuations are used as
delimiters to separate out the words, or tokens. Then the number of occurrences
of each token is counted, for each document.

A Lastly, tokens are weighted with reducing importance when they occur in the
majority of the documents. A matrix is then formed with each token representing
a column and a specific document of the corpus representing each row.

BIREach cell contains the count of occurrence of the token in a specific document.
This matrix is known as a document-term matrix (also known as a term-
document

matrix).

Figure 4.6 represents a typical document-term matrix which forms an input to a
machine learning model.




This House Build Feeling Well Theatre Movie Good Lonely

FIG. 4.6 Feature construction (text-specific)

(ii).Why is cosine similarity a suitable measure in context of text
categorization? Two rows in a document-term matrix have values - (2, 3, 2,
023,3,0,1)and (2,1,0,0, 3, 2,1, 3, 1). Find the cosine similarity.

(5)

Soln:-

Cosine similarity which is one of the most popular measures in text classification
is calculated as:

XV

-l i

cos (x, y) =
~ n - b
where, x.y = vector dot product of xand y = 21 i

Ikl =V dand Iyl = V32

Let’s calculate the cosine similarity of x and y, where x=(2,4,0,0,2, 1, 3,0, 0)
and y=(2,1,0,0,3,2,1,0,1).
In this case, x.y = 2*2 + 4*1 + 0*0 + 0*0 + 2*3 + 1*2 +3*1 + 0*0 + 0*1 =19

W= V2+ @+ P+ 0+ 2+ B+ 340040 = V3= 583
M=VE+ L2400 +3+ 2+ 12+0+ P = Vi = 447

19
Seos (X y) = S 0,729




