UNIT v

DESIGN AND ANALYSIS OF
MACHINE LEARNING
EXPERIMENT

N

Guidelines for machine learning experiments, Cross Validation (CV) and
resampling — K-fold CV, bootstrapping, measuring classifier performance, assessing

a single classification algorithm and comparing two classification algorithms — t test,
McNemar’s test, K-fold CV paired t test

5.1. GUIDELINES FOR MACHINE LEARNING EXPERIMENTS

Machine learning projects are highly iterative; as you progress through the ML
lifecycle, you’ll find yourself iterating on a section until reaching a satisfactory level
of performance, then proceeding forward to the next task (which may be circling
back to an even earlier step). Moreover, a project isn’t complete after you ship the
first versidn; you get feedback from real-world interactions and redefine the goals for

the next iteration of deployment.

Machine learning experiments can take a long time. Hours, days, and even weeks
in some cases. This gives you a lot of time to think and plan for additional
experiments to perform. In addition, the average applied machine learning project
may require tens to hundreds of discrete experiments in order to find a data
preparation model and model configuration that gives good or great performance.
The drawn-out nature of the experiments muans that you need to carefully plan and

manage the order and type of experiments that you run.

With this approach, you will be able to:
< Stay on top of the most important questions and findings in your project.
* Keep track of what experiments you have completed and would like to

run.
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5.1.1. PROJECT LIFE CYCLE
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Fig. 5.1.

1. Planning and project setup

X

« Define the task and scope out requirements

)

% Determine project feasibility
*  Discuss general model tradeoffs (accuracy vs speed) |

% Set up project codebase

2. Data collection and labeling

2

« Define ground truth (create labeling documentation)

e

* Build data ingestion pipeline
Validate quality of data

3. Model exploration

« Establish baselines for mode] performance

Start with a simple model using initial data pipeline

*  Overfit simple model to training data

Stay nimble and try many parallel (isolated) ideas during early stages
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R rform error analys;
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festing and Evaluation

o Evaluate model on test distribution; understand differences petween train

and test set distributions (how is “data in the wild” different than what you
trained on)

& Revisit model evaluation metric; ensure that this etric drives desirable
downstream user behavior

& Write tests for: input data pipeline, model inference functionality, model
inference performance on validation data, explicit scenarios expected in

production.

6. Model deployment

4 Expose model via a REST API
Deploy new model to small subset of users to ensure everything
smoothly, then roll out to all users

& Maintain the ability to roll back model to previous versions

*

goes
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0.0

& Monitor live data and model prediction distributions

7.Ongoing model maintenance
& Understand that changes can affect the system i

*

n unexpected ways

% Periodically retrain model 0 prevent model staleness

NING EXPERIMENT

hine learning experiments is that there are
ationships between them. Entities include

512. ANATOMY OF A MACHINE LEAR

The key challenge with tracking mac
9 many entities to track and complex re
Parameters, artifacts, jobs and relationships cou
-one between experiments, trials and entities.

|d be one-to-one, one-to-many, many-
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Example variable sets:
{‘optimizer"; *adam’, ‘model’; resnet “epochs’: 30}
{ optimizer': “sgd’, ‘model": ‘custom’, ‘epochs". 120}

Fig. 5.2. |
5.1.3. PROPERTIES OF AN EXPERIMENT, TRIAL AND TRIAL COMPONENT

An Experiment is uniquely characterized by its objective or hypothesis

* An Experiment usually contains more than one Trial, one Trial fo each
variable set.

A Trial is uniquely characterized by its variable set, sampled from t
variable space defined by you.

A Trial component is any artifact, parameter or job that is associated wit
a specific Trial.

* A Trial component is usually part of a Trial, but it can exist independent of
an experiment or trial.

% A Trial component cannot be directly associated with an Experiment. I |

has to be associated with a Trial which is associated with an Experiment.

< A Trial component can be associated with multiple Trials. This is useful ‘0 ’

track datasets, parameters and metadata that is common across all Trials o
an Experiment.

4
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22, THE VALIDATION SET APPROACH

validation Set approach is very simple method and frequently used method when
fere is sufficiently enough amount of observations to get reasonable results. It is
besically dividing the data that we have to two place as train set and validation set (or
holdout set), and building model on train set , then checking the model accuracy on

validation set. And resulting accuracy from validation set is the estimate about the
real test data(unseen data).

123 ‘ ]

b

‘l 22 13 Training dataset Validation/Holdout dataset 91 ]

Fig. 5.3.
But there are some drawbacks about this method. Firstly, we split the data set
"adomly to train and validation parts and fit our model on those train observations.
° our mode] trains on only those observations and maybe the observations in
Validation set are easy to predict, and this lead to high variability in the accuracy,

k
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Our data has 300 observations:

gdata =

data

And we will fit and check accuracy of model 50 times with Validation Set

Approach:

for

df[0:300)

.shape

iin rangé(frial} g

% = data| geat._u.re_é o

il\f data] "Survi\,‘ledf‘;

X_train, X test, 'y trai

model = sym,SVC(Cs1)
model, £it (X train,y

score = model,acore(X_test,y test)

gcores.append(score)

coresy

.xlabel("Number of trial®) "

nlt.ylabel("Test Accyracy Estimation")
ghow() '

We can see how scores differ during trials:

eét_size = 20)
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Leave One Out Cross Validation method is addressed to the drawbacks of the
(alidation set approach and it is also simple method as validation set approach. Main
point here is to take each observation as a validation set one time. It means that if we
nave “n”’ number of observations, we will fit model “n” times. And in every try we
will keep one observation as a test sample, and will train the model on “n — 17
observations. At the end we will have “n” accuracy scores, and we can take the mean
of these scores as the overall score of the model.
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Fig. 5.5.
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We can s€¢ that score estimation is constant and is about 64, so we can say that
our model is not good choice for this problem. But in Validation set approach, we
ec that our test accuracy is over 80 by chance because of random splitting and

think that it is good model:

0.67

0.66 -

0.65-

0.64
0.63

0.62

0.61

And req] test score is: 0.58. We ¢
ac :
Curate estimations for accuracy on unseen data

-

T L\l

Number of trial

Fig. 5.7.

an see that 5-Fold validation provides more
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real_test = df(301:5001]

x = datalfeatureg)
'y = data( "Burvived"]

x_r = yeal test[faaturesl .
y. ¥ = real tesh["ﬁurvived"l-
final model = svm. SVQ(C‘l)
final model.fit.x,yl e
final model.seore(x‘r;y f)ﬁrj.

0.5829145728643216

In conclusion, based on the size of the data we have, we can use sampling anq *

model selection methods above to estimate accuracy of models, parameter tuning,
and so on.

5.4. RESAMPLING METHODS

Resampling methods are very useful and beneficial in statistics and machine :
learning to fit more accurate models, model selection and parameter tuning. They |
draw samples from train data and fit model to check the variability of model and get
additional information. We cannot best sure of the result of the model by just unique
fit without testing on different sample or samples. It can be computationally
expensive because of fitting model more than one, but recent improvements tackle
this issue easily without too much effort.

For example, cross-validation is effective method to estimate the error of model
on unseen data, to determine the flexibility of model, parameter selection and so on.lt
is a process of repeatedly drawing samples from a data set and refitting a given
model on each sample with the goal of learning more about the fitted model.
Resampling methods can be expensive since they require repeatedly performing the
same statistical methods on N different subsets of the data.

Following are types of resampling methods:

< Bootstrap Sampling

)
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In 2]: | o
data = pd.read csv(' /input/handson—pima/Hands on Exercise Feature Engineering_
pima-indians-diabetes (1).csv)
data.head()
values = data.values
In [3]:

' ated)
#Lets configure Bootstrap s lobe repeated (cre

iven data in
, 50% of the gIve
otstrap s - king only
| n\iterations =10 #No. obe) i sal'ﬂple’ pic
50

$ is that the estimated skill can be presented with
not readily available with other methods such as Cross

. * 0
iz = int(len(data)
Berv hontetran Sample



Machine Learnin
////_‘——_‘—\\' ~

In [4]:
#Lets run Bootstrap

stats = list()

for i in range(n_iterations):

#prepare train & test sets

les
train =  resample(values, ~n_samp

. ning da
T .} t used in training . oy
replacement..whichever is no ) not in train.tolist()]) #picking rest of

~  n_size) #Sampling
ta will be used in test data

test = np.array([x for x in values if x.tolist(
the data not considered in training sample

#fit model

model = DecisionTreeClassifier() o del fit( o
model fit(train[:,:-1], train[:,-1]) #model.ﬁt(X_train,Y_traln) 1.e model.fit(train set
train label as it is a classifier)

#evaluate model
predictions = model.predict(test[:,:-1]) #model.predict(X_test)

Score = accuracy_score(test[:,-1], predictions) #accuracy_score(y_test, y_pred)

#caution, overall accuracy score can mislead when classes are imbalanced

print(score)

stats.append(score)

0.655982905982906

0.7130801687763713
0.6631130063965884
0.6802575107296137
0.7021276595744681
0.6919831223628692
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: cROSS VALIDATION - KFoLD O

. ¢ r . .
Cross valldat1(1>1n i:amp;es W.ltl‘lout replacement and thus produces surrogate data
ts that are smaller than the original. These data sets are produced in a systematic

qay so that after a pre-specified number k of surrogate data sets, each of the n
sriginal cases has been left out exactly once, This is called k-fold cross validation or

1eave-x-011t cross validation withx =n / k, e.g. leave-one-out cross validation omits
1 case for each surrogate set, i.e. k = n.

Primary purpose of CV is measuring performance 6f amodel
& Fit Logistic Regression and compute cross_val_score
& Calculate accuracy of this model

In [7]: | |
4Create separate arrays such that only values are considered as X, ¥
values = data.values
X =values[:,0:8]
¥ = values]:,8]

"Split the data into train,test set

X\train, X _test, y_train, y_test = trainﬂtest‘split(x,y, test_size = 0.50, random_state

In [8).

# .
Lets Configure Cross Validation

,L
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#default valye of n_splits = 10

kfold = KFold(n_splits = 50, random_state = 7)

mode] = LogisticRegression()

results = Cross_val_score(model,X,y,cv = kfold)

In [9]:
print(results)

[8.75 9.625 0.5625 9.75 0.8125 8.8125
8.875 0.75 0.8125 0.8125 9.8125 8.75
9.8125 0.5 0.9375 0.6875 9.75 B.5625
0.6 0.66666667 0.66666667 6.8 8.8 0.86666667
0.8 0.66666667 0.8 8.86666667 8.73333333 8.86666667
9.8 0.66666667 0.8 1. 8.73333333 8.86666667
8.73333333 0.8 9.93333333 1. 9.73333333 B8.73333333
©.73333333 0.6 0.86666667 8.66666667 D.8 B.86666667
0.86666667 0.8 ]

Since 50 n_folds is requested hence you received 50 iterations of this tes
50 test sets,

In [10]:

t set. For
S0 training sets are created and it gives 50 different accuracy scores,

#What's the accuracy of this model using KFold CV

print('Accuracy:%.31%% (%.3f%%)' % (results.mean()*100.0,
results.std()*100.0))

Accuracy: 77.017% (10.621%)

Cross Validation - Leave One Out CV

Here the dataset k is split into k-1 train sets and 1 test set.

< Provide a dataset with values

(J

% Fit LOOCV and print the train, test set values
»» Calculate accuracy of this model
In [11]:
# scikit-learn k-fold cross-validation

# data sample
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,70,80,90,100])

LeaveOneOut()

fof rain, test in loocv.split(data)-

Print('train: 7S, test: %s' o, (datatrajp)

00, test: [20]

i ], test: [30]
grain: [ 10 20 30 50 60 7¢ 80 90 100), test: [40]

train: [ 10 20 30 40 60 70 g 90 100], test: [50]
train: [ 10 20 30 40 50 70 89 99 10, (eq; [60]
train: [ 10 20 30 40 50 60 89 9 100], test: [70]
train: [ 10 20 30 40 50 60 70 99 100], test: [80]
train: [ 10 20 30 40 50 60 70 80 100], test: [90]
train: [10 20 30 40 50 60 70 80 90}, test: [100]

Here the data comprises of an array from 10 - 100, LOOCV will leave one of
these values out as a test value.

K-fold CV, bootstrapping

Cross-validation is a statistical method used to estimate the skill of machine
learning models. It is commonly used in applied machine learning to compare and
select a model for a g.iven predictive modeling problem because it is easy to
understand, easy to implement, and results in skill estimates that generally have a

lower bias than other methods.

5.5.1. WHAT IS K-FOLD CROSS VALIDATION?

K-Fold CV is where a given data set is split into aK number of sections/folds
where each fold is used as a testing set at some point. Lets take the scenario of 5-
Fold cross validation(K = 5). Here, the data set is split into 5 folds. In th? first
lteration, the first fold is used to test the model and the rest are used to train the
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5.5.2. EVALUATING A ML MODEL USING K-FOLD cv
Lets evaluate a simple regression model using K-Fold CV. In this example, v,

will be performing 10-Fold cross validation using the RBF kernel of the SVR modg|
1. Importing libraries

First, lets import the libraries needed to perform K-Fold CV on a simple M|,
model.

import pandas
from sklearn.model_selection import KFold
ﬁ‘omvskleafn.preprocessing import MinMaxScaler
from sklearn.svm import SVR
import numpy as np
Lets see what we have imported,
pandas — Allows easy manipulation of data structures.
numpy — Allows scientific computing.
sklearn — A machine learning library for python.

2. Reading the data set
Now, lets read the data set we will be using, to a pandas data frame.
dataset = pandas.read_csv('housing.csv')

We will be using the Boston House price data set which has 506 records, for i
example.

- y
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; dataset,iloc[:, 13]

\' . .
' above code indicates that )| the ro

I . Ws of .
) ¢ and the column With the jpge, - Olumn index 0-12 are considered as

o Ure . to .

” ot. NoWs lets apply the MinMax Scaling pbe the dependent variable A.K A the
olltp . re-process' e an Gops
e 4000 set. ing technique to normalize

caler = MinMaxScaler(feanue_mnge:(O I

= scaler.fit_transform(X)

This technique re-scales the data betwee specified range(in this case, between

sure that certain feature
)1), 10 €0 S do not affect the final prediction more than the
oher features

)

4, K-Fold CV

Now, lets get down to business.

scores = (]
best_svr = SVR(kernel="rbf))
cv=KFold(n_splits=10, random_state=42, shuffle=False)
for train_index, test_index in cv.split(X):
print("Train Index: ", train_index, "\n")
print("Test Index: ", test_index)
X_train, X_test, y_train, y_test= X[train_index], X[test_index], y{train_index].
yltest_index]
best_svr.fit(X_train, y_train) scores.append(best_sw.scom\X_test, y_test))

We are using the RBF kernel of the SVR model, impkemci‘u;\i using
the sklearn library (the default parameter values are used as the purpose of this article
s to show how K-Fold cross validation works), for the evaluation purpose of this
SXample. First, we indicate the number of folds we want our data set to be split into.

Here, We have used 10-Fold CV (n_split
folds_

s=10), where the data will be split into 10
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K-fold Cross-validation also offers a computational advantage over leave.

cross-\alidation (LOOCV) because it only has to fit a model K times as
10 n times,
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import pandas as pd ANDAS

y ;mport our dataset, first 100 rows
if= pd.read_csv('cars.csv')[O:100]
4 create an array to store all of o, dataframes
dataframes = []
4 we will run this loop the aﬁount of times that we have
# lines of data, in our case, 100 timeg
for i in range(len(df)):
# append ‘e,ach of these data frames to our array
# we set the length to be the original length of
# our dataframe, and turn on replacement

dataframes.append(df. sample(n=len(df), replace=True))
print([df.head() for df in dataframes])

(| Manufacturer— Model- | Transmission | Color Odometer—
- name ‘name value

25 Subaru Tribeca automatic other 2500

3 Subaru Outback automatic blue 3

91 Subaru Forester mechanical blue d few

62 Subaru Outback automatic brown

] subans | ousek | mechnia | g Slow o model 0

-
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2 \’ur&pmdu&d engine el | | .snglm‘ has_gas | cnaim\ type | engine ‘Q.E‘\.\
L 20m gsoline | False el | 0
| 1999 - pasoline ! False |/ gnaokine ! 23
00| gasoline | Falaais oo guaollngccl g
‘ 2008 gusoling ; False | Cgnsoline i) 23
i 2001 gasoline i False | gasoline | s
~~
| feature_1 | feature 2 | feature 3 ‘ feature_4 i feature_§ JSL“L“S‘Q
25 | ... True False ~uls_u True True | False
3 || False False false False False . False
91 True True | False True True True
62 | ... True False False | False False ‘ False
ML | False | False | False' | Fals¢ | False | e
| feature 7 featurg_s foature 9 dumtlon hsted l
25| False True True 2()4 1
38| False False False 0 |
91 True True True 30 :
02 | False True True | 90 ’
70. False False } False : 11
(" vows x 30 Munufucturu'_’nuuw I Model name Color } 'i‘ransmi&%ion
‘umns) | | !
baru Forester mechanieal ' black 260000
u Legacy mechanical E black 270000
 Legacy mechaniea] l black 270000
‘l"m\‘stcr automatie ' blue | 242000
| \\’Q automatic ‘ | 183000
l

orange
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ced cngine_fuel engine h‘.&" engine_type engine_©2 capacit?
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e it .

gasoline False guscline 55
Eecte False gasoline 20
gasoline False e : 1%
gasoline False gasoline 2.5
2012 gasoline False gasoline 20

/;at’u:e—_—li feature 2 feature 3 | fea'ure 4 feature_5S  feature_6
" - — e

T Tme | Fale | e | R | Fabe | F
9 '. True True False | false [ I:alse B Falss
;9 . | True True False | False | False o Kal%sod
5 .| False False | False | False. | False - Fals®
9 | False = True False Tree | Tre | T

45 False False Fale 10
True Q1

59| True True
OOTSTRAPPING IN MACHINE LEARNING

562. ADVANTAGES OF B
{achine [ eaming. Here are 2 ow

BOOISmPme has tons of advantages in A

lmpfove Model! Real-World Accuracy
.ta. bootstrapping  will allow our model to

Since we will create a lof more da .
w know this happens by resampling

“Teralize to the underlying populaton. We no

b L —————




‘

Machine Legy,.
[5.22] Ty
ints will be L
: : s some data pOln N . wm:ﬁ
your data with replacement, which mean true underlying distribution of
new dataset — moving us closer and closer to the‘t;ma’e& lcading o more ac. ;}
population. This reduces the variance of your === 2

b A .tion SUCCESS.
predictions and models with higher production

Increase Training Data Size

. - t
Let’s be honest; sometimes, we're given dataie We can take a o
one of the main advantages of bootstrap sampling. et wig

ints and .
extremely high variance due to our low number of data p.m;:e lead z:fmm q-
sampling. This will increase our dataset’s bias and training . leading 10 2 Mode:

: insufficient
s with insufficient data_ This .

that can converge and provide accurate insights.

Disadvantages of Bootstrapping In Machine Learning
There are some disadvantages to bootstrapping should be considered befors usicg
this method.

Independent Population

When sampling with replacement, there is an underlying assumption that your
data points are independent. Some data, like time series data. violates this. and 2
traditional bootstrap sampling method would not work.

Computational Limits

Since bootstrap sampling will create N new datasets, it is sometimes Impossible ®
fit them into RAM. If our original dataset were 5,000 rows of datz. our boosTx
sample would create 5,000 new datasets. While this parameter can be lowered, thes
is a computational and memory cap on bootstrap sampling that many run into.

What is the Difference Between Bootstrapping and Cross-Validation?

Bootstrapping and Cross-Validation are both sampling methods of stassocs
inference.

In general, statistical inference uses data from a sample 10 make estimass &
predictions about a population. Both bootstrapping and cross-validarion are wsed ¥
estimate the performance of our population’s “standard error” or, more simply. 2%
our machine-learning algorithm will do in 3 production system on unseen dat

The main difference between the tyq Methods is thar hoorsraneing

VDl Sa 5 &= T

aresampling technique, while cross-validation IS apartiioning techaN®

-
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| dA —— — S =
45‘ | a -~
l,g nvolVeS random sampling with replacement from the training data set
1

ew training sets.

bootstrappin
; an thatt - s|tu:§0 g Will lower the variance for our machine-leamning
i s is Br€4 ns where we are overfi
o *l in situations wh itting or want to increase OUf
ime where
* | detri our variance is already low.

‘ias/oss o idation involves partitioning the training data set into multiple subsets

C;alm g the algorithm on each subset. The performance of the algorithm is then
p d o0 2 held-out test set. This means that cross-validation will Lake qu
'valua of our dataset, but without the resampling techniques from bootstr2pp

.anta
i ofin ned 10 only training on the samples we possess.
( js¢0

5. M

-ASURING CLASSIFIER PERFORMANCE

Classification is one of the most common tasks in machine learning. This is the
qs¢ Where the dependent variable only has discrete values. For example, imagine We
ave a dataset consisting of photos. Each photo is of a dog or a cat. As such, the task
fassigning the label of ‘dog’ or ‘cat’ to each photo is a classification problem.

ome terms that will be useful. For

Before diving into the details, let’s define s
me data, 0 and

smplicity, consider the case where only two classes are present in so

| Assume we have a trained classifier. Furthermore, assume some test data is

wailable where we know the true classes:

True Positives (TPTP) are instances where the classifier predicts a 1. and the true
value is 1

False Positives (FPFP) are instances where the clas

value is ()

False Negatives (FNFN) are instanc

sifier predicts a 1, and the true

es where the classifier predicts a 0, and the

Accura cy

Acc“racy measures the fraction of Correctl) classified samples. The following

*Quay
tion defines this value:

%
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. TN + FNTAccumecy = 1P +Fp . |
Accuracy = \ﬁtc{ﬁ‘ﬁ-m}{““w'm a FP*]:\,‘

FNTP+ IN )
Precision
Precision measures the ability o‘-f‘?aechﬁiﬁﬂmmuﬂym
values. The following equation defines thas value:
Precision = \frac{TP) {TP + FP}Precision = TP < FFTP

yﬁx}(“‘n

Reca!!
Rmﬁmm&ediﬁn'm‘memxklk‘ﬁm!ilpm“t\mm‘ .
equation defines this value: Mg
Recall = \frac{TP}{TP + FN}Recall = TP + FNTP

F1 Score

The F1 mk:u@mﬁa\m&dﬁ‘g&ﬁiftaﬂmw&?
following equation defines this value:

F1 = {2 . times Precision | tmes Recal] {?:ei&'mém}ﬁz

Precision ~ Recall? x Precision * Recall !

-

Note that for all of the metrics shove, the best possible outtome 5 1.0, The vy
possible result is 2 0.0. Next ket’s cover the two plottme =chmigmes 1 menipg;
earlier.

ROC Piot

We can measure the Gagnoste shility of @ bmary diessifier by wsimg fhe Rererer
Operating Characterissic (ROC) plot The mw owper fom 2 dessfz =
probabilities for each class in the dataset W cam determime the armel clesses (T e
"I) by using 2 threshold valee @ cvevert these probebiimies. Normalk.
threshold 1s set w thres = 03tres = 03, Therefors. avimy less Tham fresnes:

I 3 &} . 3 x I B S _ . . ] .
ASIgeE U, IS I mminosr v awgmd U R e ROC pim, 1w W

" . w»

- of thresthres s vamed betwesn 1000 md 1010 e merdormamce of e DO

< HNStTr ety .

5 s Moy of e T posmTve mme TPRIPRY mmd s p

oy -t iy . - .
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a
= make classification(n samples=1000,

n_features=20),

n_informative=5,

n_redundant=2,

n_classes=2,

random state=42)

A total of 1000 samples are generated, with 20 features in the matrix \bold [
Of these features, only 5 are informative, and therefore useful for modelling, Ap,,

IX,
they

2 features are redundant, meaning these are linear combinations of the informativc

features. The vector of labels yy contains 2 classes.Our next step is to separa
data into train and test sets, Therefore, we can use the train_test_split function:
## do a train-test split ##

¢ the

|

X_train, X test, y train, y test = train_test_split(X, vy, test_size=()
random_state=42)

Twenty percent of the data is allocated for testing. The remaining 80% wil| pe
used to train our model. Our model here is a decision tree classifier, which does not
require feature scaling. Therefore, let’s proceed to train the model:

## declare and fit a classifier ##

tree = DecisionTreeClassifier()

tree.fit(X_train,y_train)

Now we can generate predictions with our trained classifier on the test dataset

Furthermore, we can evaluate the performance of the model using metrics (1), (2),
(3), and (4). We will make use of the functionality available through scikit-learn:

## obtain predictions & measure performance ##
y_pred = tree.predict(X_test)

acc = accuracy_score(y_test,y pred)

pre = precision_score(y_test,y pred)

rec = recall_score(y_testy pred)

fls  =fl1_score(y testyy pred)

print("Accuracy score: %.2f" % acc )
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i on SCOTE: %.2f" % pre)
| score: 0p.2f" % rec)

R
it cor®: 0. 2" %o f15)

fier 18 functioning well, considering we performed no hyperparameier
r . y arametel
ecision tree does a very good job at correctly identifying the ‘1’ classes

e .
‘f;;isiO“)’ a? the expense of finding all of them (recall). The overall score
we can visualise our results by making a confusion matrix and ROC

_ classt
T e d
ing The

uite reasonable.
plots:

ginallys
‘ produce a confusion matrix ##

&
p1ot_confusion_matrix(tree, X_test, y_test)
plt.ShoWO
1 80
ol 9 | 5 Fa
3 - 60
©
> | 50
2
= L 40
14 12 87
- 30
| —T L-20
0 1
Predicted label
Fig. 5.11.
* produce a ROC plot ##

“obtain prediction probabilities

y’,‘p rob = tree.predict _proba(X_test)

Zj:‘:]ate false & true positive rates
TS roc__curve(yatest, y _prob[:,l])

QCO

-




Plt-plot(fpr,tpr)

Plt.title(Receiver Operating Characteristic’)
Pit.plot([0, 1), Is="--") o
plt.plot({0, 01, [1, 0] , c="8"). pltplot([1, 1], ¢="8")
plt.ylabel('True Positive Rate")

plt.xlabel('False Positive Rate')

plt.show() |
Receiver Operating Characteristic
101
0.8 1
S
<
o) 0.6'
2 ’
.‘c;;
o
e 04-
Q
3
=
0.2-
004 - | I | .
00 02 04 06 YEERY
False Positive Rate
Fig. 5.12.

These plots demonstrate reasonably good results,'consistent with the scores w
calculated earlier. Next steps could include the following two approaches. First, w¢

could- try out different classification models.
hyperparameter tuning to optimise any given model.

5.8. ASSESSING A SINGLE CLASSIFICATION ALGORITHM AND TWO
CLASSIFICATION ALGORITHMS - TTEST

What is the Classification Algorithm?

Second, we could perfom |

The Classification algorithm is 3 Supervised Learni

. \
ng technique that is used ¢
identify the category

. L I |
of new observations on the basis of training dat

. . . X . I
Classification, a program leams from the given dataset or observations and & |

L y
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Multi~class Classifier: If a classification problem has more thap, twg out,

T ‘ \.(,rn“'
then it is called as Multi-class Classifier. )

Example: Classifications of types of crops, Classification of types Ofmugic_

Learners in Classification Problems:
In the classification problems, there are two types of learners:

Lazy Learners: Lazy Learner firstly stores the training dataset ang Wait
receives the test dataset. In Lazy learner case, classification is done on the asi
the most related data stored in the training dataset. It takes less time in train, :
more time for predictions. n

Example: K-NN .algorithm, Case-based reasoning

Ung;| h

Eager Learners: Eager Learners develop a classification model based 0
dataset before receiving a test dataset. Opposite to Lazy learners, Eager Leame, take,

more time in learning, and less time in prediction. Example: Decision Trees, Ny, |
|
Bayes, ANN.

Popular algorithms that can be used for binary classification include:

5.8.1. NAIVE BAYES

na raing,

The Naive Bayes method is a supervised learning algorithm based on applying
Bayes’ theorem with the “naive” assumption of conditional independence betweey
every pair of features given the value of the class variable. Naive Bayes classifier
are a collection of classification algorithms based on Bayes’ Theorem. It i not 2
single algorithm but a family of algorithms where all of them share a common

principle, i.e. every pair of features being classified is independent of each other.
Naive Bayes (Training set)

Estimated Salary
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S o Jssumes the similarity between ¢ .
ew case into the category that is 1
thm stores all the available daty aost
larity. This means when Ney d:d

ell suite category by using K~N§

K-Nearest Neighbour (K-NN) algorithm
case/data and available cases and put the n .
similar to the available categories. K-NN alg.orl'
classifies a new data point based on the simi
appears then it can be easily classified into @ W

algorithm.

5.8.4. SUPPORT VECTOR MACHINE | "

Support vector machine is based on statistical approacﬁes. r we. try to fing ,
hyperplane that best separates the two classes. SYM finding the maximum Marg;
between the hyperplanes that means maximum distances between the twq Classe;
SVM works best when the dataset is small and complex. When the data is perfectly
linearly separable only then we can use Linear SVM. When the data is not linearly
separable then we can use Non-Linear SVM, which means when the data PO
cannot be separated into 2 classes by using a linear approach.

@ A Maximum

Margin "
g Positive
Hyperplane
Maximum \:\ ! \ o ¢
Margin \
Hyperplane
0]
o)
0
09 04
00
Support
Negative Hyperplane Vectors

Fig. 5.16.
5.8.5. DECISION TREE

A' Decision Tree is a non-parametric supervised learning method used '
classification and regression. The goal is to create a model that predicts the value of®
target variable by learning simple decisjop rules (if-else) inferred from the &%

features. Decision trees can perform both classification and recression tasks
9 -
you’'ll see authors refer to them as CART alg

.. M n
orithm: Classification and Regres 1

y
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59, T-TEST T
measure for determining differences between WO

A T-test is the final statistical
neans that may or may not be related. The testing uses randomly selected samples
from the two categories or groups: It is a statistical method in which samples are
chosen randomly, and there is no perfect normal distribution.
The type of T-test t0 be conducted is decided by whether the samples o be

malyzed are from the same category or distine ¢ inference obtained in

probability of the mean
paring population age, length of crop

{ categories. Th
the process indicates the differences to have happened by
thance, The test is useful when €O s from two

different species, student grades, cte-

S9.1, T-TEST EXPLAINED
ed from tWO similar or different groups 10

a set of data gather
an what is usually obtained.

A T-test studies |
difference 1N {he result th

Ueermine the probability Of the
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o (b (pected by chance IF's0, you can rejecy e I what
‘\rould o groups are in fact differen;, ull hypothesis and conclude
\

{he
e g test results

P’
e form the 7 test for your

if ™ “ VAL e hypothesis in R, you will receive the

yelch Two Sample t-test

jata: petal.Length by Species

o -33.719, df = 30.196, p-value < 2 7¢-1g
alternative» hypothesis: true difference
95 percent confidence interval:
_4.331287 -3.836713

sample estimates:

pean in group setosa mean in group virginica

1.456 5.540
The output provides:

in means is not equal to 0

1. An explanation of what is being compared, called data in the output table.

2. The t value: -33.719. Note that it’s negative; this is fine! [n most cases, we
only care about the absolute value of the difference, or the distance from 0.
It doesn’t matter which direction.

3. The degreés of freedom: 30.196. Degrees of freedom is related to your
Samble size, and shows how many ‘free’ data points are available in your
test for making comparisons. The greater the degrees of freedom, the
better your statistical test will work.

4. The p value: 2.2e-16 (i.e. 2.2 with 15 zeros in front). This describes the
probability that you would se¢ a/ value as large as this one by chance.

5. A statement of the alternative hypothesis (Ha). In this test, the Ha is that
the difference is not 0.

6. The 95% confidence interval This is the range of numbers within which

the true difference in means will be 95% of the time. This can be changed
from 95% if you want a larger or smaller interval, but 95% is very

commonly used.
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7. The mean petal length for each group-
t test example

From the output table, we can see that the difference in means for our San.mle dat,
is ~4.084 (1.456 — 5.540), and the confidence interval shows that the tru? differen,
in means is between -3 836 and —4.331. So, 95% of the time, the true differenc, ia
means will be different from 0. Our p value of 2.2e-16 is much smaller than 005 )
We can reject the null hypothesis of no difference and say with a high degre. of

confidence that the true difference in means is not equal to zero.

5.10. MCNEMAR' STEST

This is a non-parametric test for the paired nominal data. This test is used whep
we want to find the change in proportion for the paired data. This test is also known

as McNemar's Chi-Square test. This is because the test statistic has a chi-squar:
distribution.

Assumptions for the McNemar Test:

Below are the main assumptions for the test:

We must have one nominal variable with two categories (dichotomous variables)
and one independent variable with two connected groups. Two sets of the dependent
variables must be mutually exclusive. In simple words, participants cannot be part of
more than one group. The sample must be a random sample. Mc Nemer test is
utilized for two related examples as a part of circumstances where the states of mind

of individuals are noted previously, then after the fact treatment to test the
essentialness of progress in sentiment if any.

The Mc Nemer test is especially helpful when the information speaks the truth
two related samples. For the most part this information is utilized as a part of
circumstances where the states of mind of individuals are noted before overseeing
the treatment and are then contrasted and investigations in the wake of managing the

treatment. It can along these lines be said that utilizing McNemer test we can judge if

there is any adjustment in the demeanors or supposition of individuals subsequent
regulating the treatment with the utilization of table as demonstrated as follows:

-
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x; = (A =DI=1A+D)x2=(A-D|-1pa+D)
Acceptance Criteria: If the calculated value is less then the table value, accept
wll hypothesis.

Rejection Criteria: If the calculated value is more than table value then null
hypothesis is rejected.

llustration
In a before and after experiment the responses obtained from 300 respondents

were classified as follows:

Do not favour
e e—]
/
tment
Before Treatment After Trea
e
| Fmow
120=
W r test if there is any significant
. me
d o at 5% significance Jevel, using McNe ;
G ff le after the treatment:

Cre . g
fce in the opinion of peoP
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Solution: fter the experiment
. arter the €x ent,
There is no difference in the opinion of people even

The test statistic is calculated using the formula: B0 S0
X; = (JA-D| - 1)¥A + D) = (/60 — 30| —1) (6 ‘
= (|A=D|-1)%A +D) = (|60 - 30| —1)2(60 + 30) = 9.3'4
The value of test at 5% significance level for 1. D.F. {s 3.:314. S{n?e the teg is
greater than the table value, the null hypothesis is rejected i.e. the opinion of Peopl,

has changed after the treatment.

—_—

3.11. K-FOLD CV PAIRED T TEST

K-fold cross-validated paired t-test procedure is a common method for Comparing
the performance of two models (classifiers or regressors) and addresses some of the
drawbacks of the resampled t-test procedure; however, this method has stj]] the
problem that the training sets overlap and is not recommended to be used in Practice.

To explain how this method works, let's consider to estimator (e.g., classiﬁers) A
and B. Further, we have a labeled dataset D. In the common hold-out method, we
typically split the dataset into 2 parts: a training and a test set. In the k-fold cross.
validated paired t-test jarocedure, we split the test set into k parts of equal size, ang

each of these parts is then used for testing while the remaining k — 1 parts (joined
together) are used for training a classifier or regresson.

In each k-fold cross-validation itération, we then compute the difference in

p=— bk

. ~\2
\[Z (ph-r) /(k~1)
i=1

Here, p(i) computes the difference

between the mode] performances in the "
the average difference between the

4

iteration, p(i) = p(i)A - PGB, p represents
classifier performances, P=lkY ki=1 p(i).
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from sklearn.linear _mode] i,

Ort Logie

from sklearn.tree i import e, Sou, gsilcRegfession
as

from mlxtend data nnport lrls d " Slﬁer

from sklearn.mode] —Selection i,

p It t l‘aln test p] "
X,y =iris_data()

dfl = LogisticRegression(random _state=])

clf2 = DeCI810nTreeClass1ﬁer(random state=])

X _train, X_test, y_ tram y_test=\
tram_test_spht(X, Y, test_size=0,25,
random_state=123)
seore] = clf1.fit(X_train, y_train).score(X test, y_test
Score2 = clf2.fit(X _train, y_train).score(X_esh y_tes) *
print('Logistic regression accuracy: %.204% % (s:?(r)zl)) 100))
Print('Decision tree accuracy: %2{%% % ore

0
Logistic regression accuracy: 97.37%

Decision tree accuracy: 94.74%

s are
Note that these accuracy value #
sy splits are genrated duﬂnn ol
{ Serving the purpose of intuitio

jure as new
he paired t1€st procedure o
- X ure, the values above

0ce fa
e resampl ng pe gmﬁcance threshold o
| um

Jet's s
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=0.05 o = 0.05 for rejecting

s-validated t-test:
well on the dataset and conduct the k-fold cros -
port paired_ttestﬂkfo 5

[
“uig),
Y

from mixtend.evaluate im -
Lp= paired_ttest_kfoldacv(eshmator '
estimator2=clf2,
X:X, yzy,

random_seed=1)

print('t statistic: %.3f % t)
print('p value: %.3f % p)
t statistic: -1.861

p value: 0.096

Since p > ap > a, we cannot reject the null hypothesis and may conclude that the
performance of the two algorithms is not significantly different. While it is generaly
not recommended to apply statistical tests multiple times without correction f,
multiple hypothesis testing, let us take a look at an example where the decision tree

algorithm is limited to producing a very simple decision boundary that woulq resul
in a relatively bad performance: ‘

clf2 = DecisionTreeClassiﬁer(random_state=1, max_depth=1)

score2 = clf2 fit(X_train, y_train).score(X_test, y_test)

print('Decision tree accuracy: %.2{%%' % (score2*1 00))

tp= paired_ttest~kfold_cv(estimator1=clf1,
estimator2=clf2,
X=X, y=y,

random_seed=| )

prini('t statistic: % 3p % t)
print(‘'p value: %.31 v, p)



4

AnaIYSiS of Machip, Lo

an
— e
‘ r
' tree accuracy: 6316% Im""ll;

lwcisw 13491

f
A,'d" d

W/

ue
ol that we conducteq this,

F mine the null al

, S th LTI
;.\\5 1ce the p-value (p < 000] at b()lh \lknlhr_a,.“
S

Cst

P < m‘)dq, l8ve
o 001y, ' perf, f A
‘J edifference between the modﬁl perfg 3 Smill](‘r th o i) 1
. v 1an . o i
y ) arc not normal dlStribute ' Ceg ([)(1 L | thi

i S o ek , |
P at the p(p(i)'s themseiy, ®Chuge i P
are No

 What are the guidelines for machip, learnin

. . 5 gax N
Machine learning projects are il feng Periments
. ; ve:
ML lifecycle, youw'll find yourself iterating op , section unti]
unti reaching a

atisfactory level of performance, thep Proceeding forward ¢
(which may be circling back to an evey earlier step). Moreovef :h er;e’ft mk
complete after you ship the first Version; you get feedback f;onf reJ:luv::lc;
interactions and redefine the goals for the next iteration of deployment.
). State the Model exploration |
% Establish baselines for model performance

% Start with a simple model using initial data pipeline

o

% Overfit simple model to training data
(isolated) ideas during early stages

available) and reproduce

7

% Stay nimble and try many parallel

“ Find SoTA model for your problem domain (if

baseline
results, then apply to your ataset 85 % SCCO“.dl mponent:
3 x ] . rial and triat €0 ' .
List the Properties of an exper iment, ¢ its objective of hypothesis

*  An Experiment is uniquely ch one Trial for each

tains MOre

"Q

* An Experiment usually 0"
variable set.
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SE—
i iable set, samp]
* A Trial is uniquely characterized by 1ts varia Pled f,
o rial 1s
i u.
variable space defined by yo _— |
at is

* A Trial component is any artifact, parameter or job ass0ciate

m the

Wity
a specific Trial.

i t of a Trial, but it can exist indepey,
** A Trial component is usually part o . e
an experiment or trial.

* A Trial component cannot be directly associated w1t.h an Exper
has to be associated with a Trial which is associated with an Exper

mem‘ h
imep
What is the Validation Set Approach?

Validation Set approach is very simple method and frequently yseq Methyg

get reasongp,
as train get ang
, then checking
m validatiop St

when there is sufficiently enough amount of observations to
results. It is basically dividing the data that we have to two place
validation set (or holdout set), and building model on train set
the model accuracy on validation set. And resulting accuracy fro
is the estimate about the real test data(unseen data).

Define LOOCY,

mple method as validation set approach,
Main point here is to take each observation as a validation set one time, Jt means
that if we have “n” number of observations, we will fit model “p”

n” times. And in
every try we will keep one observation as a test sample, and will train the model
on “n - 1” observations, ‘

List down the Ypes of resampling methods:

o Bootstrap Sampling
“ K Fold Cross Validation

* Leave One Oyt Cross Validation

State the Resampling Method,
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alidatt®
i do you mean by Bootstrapping ?
gootstrapping s & resampling method that s useg in mach
i despfead technique due to its flexibility singe it 4 machine leaming. It is a
L it doe :
e than YOUr training dataset. Bootstrap Sampling :O’:e‘sre;uue :nythmg
' . om h
round just the Boostrap. The Bootstrap is a flexible and powerful statx'sti:al“teﬁ
it brings US closer to our sample’s true population parameters )

0
eXactly on S'""”gate data sets, each
o omits 1 case for each Surtogat X=nlk,eg leave.op
eset,ie k= ave-one-out cross
1€ k=np,

Cross

1, What is The Difference Between Bootstrapping And Cross- Validation?
Bootstrapping and Cross-Validation are both sampling methods of statistical

inference-
In general, statistical inference
predictions about a population. Bo
{9 estimate the performancé of our population’s “standard ¢
simply, how our machine-leamning algorithm will do in a production system on

uses data from a sample to make estimates Of

th bootstrapping and cross-validation are used
rror” or, more

unseen data.
ifference petween the two methods 18 that bootstrapping is
partitioning technique.

The main d
the training

aresampling techniqu®;

Bootstrapping involves T
data set to create multiple new raining Sets: |
for our machine-

Tlﬁs means that bootstrapping will lower the variance

leam'mg model.
o
'L What is the Classificai”" Algorithim?
ithm 1 rvise
The Clasgiﬁcation algor! 154 SUPC' oy .
0 identify the category of new observation

alidation is a

while cross-V
h replacement from

andom sampling Wit

d Learning technique that is used

s of training data. In
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Classification, a program leams from the prer - . f"’m Suck 1 f‘f"‘
classifies new observation into a number of classes (vﬁ! s o e ‘»8!% o
No, 0 or 1, Spam or Not Spam, cat or dog, e, Classes - T
targets/labels or categories

12. Define Naive Bayes

The Naive Bayes method is 2 supervised leaming Zgor i s o,
applying Baves’ theorem with the “nzive” assuwmplon of  songa g
independence between every pair of feawres given e vaiue of g Sy
variable. Naive Bayes classifiers are 2 collection of cassifizinn A e
based on Bayes’ Theorem It is not 2 single Zigoritar ow 2 Greilly of AE A e

- . - . - g "' . <
Whereauofﬂmnsha:cacomonpmm?kﬁm.evﬁ} ;ﬁtﬁﬂaxﬂqm
classified is independent of each other.

Write about Support Vector Machine

SlxpponvectmmachineismdonﬁaMaszfmm ez wee vy 15 g

2 hyperplane that best scparaies the ™wo classes. SV fuding fee mzsim,

A T-test is the final starigyics| measre o TN Sy Seesy
W0 means that may or may not be relamed The i 4L b T e
samples from the two Calegories o groups. 11 2 SEUSY g zxe:km I e
samples are chosen randomly, and thers i x, P noemy) Esrivmny

IS. Define McNemar's test

McNemar's Test: 77, IS 2 BOn-pramenr. R Ir fe s TomIE EE
This test is used When we wan 1, find the Cramps o _I!":m’:m:_ ir fie pars
data. This test is also knowny 2 McNemar's Cu-Sopzr= 4 J '- »
test statistic has a chi-square - -
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- ded to be used in Practice

PART-B & ¢

about the guidelines for machipe |
eam]ng Y ners

pisCuS |
| . project lifecycle :
n Pro) yele in machine learning

Explal
iscuss

) — and contrast types of resampling methods

Demonstr

5 » will you Evaluate a ML model using K-Fold CV?

What 1S BOOtSt
n measuring classifier performance.

Broadly explain 0
Briefly explain the Popular algorithms that can be used for binary classification

. Explain the method of Performing at test.
{1, Demonstrate the McNemar Test.

on the term Cross Validation
ate on Cross Validation

rapping? How do you implement it in python?
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