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Data Preprocessing

predictions.

Introduction to the Libraries

Pandas

numerical tables and time series.

Key Features

Easy data cleaning and preprocessing.
Intuitive handling of missing data.

Efficient merging and joining of datasets.
Powerful group-by functionality for aggregating and transforming data.

Matplotlib

Matplotlib is a Python library for creating static, animated, and interactive visualizations,
offering a wide range of plotting functionalities including line plots, scatter plots, bar charts,
histograms, and customization options for labels, colors, and styles.

Key Features
* Supports a wide variety of plots.
e Publication Quality.
* Runs seamlessly on various operating system.
* Provides options for adding interactivity to plots through widgets and GUI toolkit like
Tkinter.
¢ Simple and intuitive interface for quick and easy plotting pf data.
NumPy

NumPy is the foundation of many other libraries in the Pyt .
in fields such as machine learning, data analysis, engineering simulatjoy, ck and is wj
due to its efficiency and ease of use in handling large datasets and perf S, §nd Scientify
numerical computations. Periormin

hon scientific sta del
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Features
o ge and manipulation of homogenous data

ient stora . :
e Efficien ient operations on entire arrays.

Enables concise and effic

. Efficient handles operations between arrays of different shapes and sizes.
ici

(]
e Enhances performance.

Scikit-learn

.+ learn is widely used for both educational purposes and production-level applications, offering a
Sctlkltt- ;*:fgf tools for data scientists and machine learning practitioners to build and deploy machine
robus

learning models effectively.

Key Features

e Wide range of machine learning algorithms for classification, regression, clustering and
more.

e Tools for model selection, evaluation and validation.

* Easy-to-use interface for building and training machine learning models.

* Utilities for preprocessing data, including scaling, encoding, and splitting datasets.

Data Loading and Statistics

In this section of the lab, we will discuss about the initial steps of data mining process. Loading
of the data into the environment and performing basic statistical analysis to understand its
structure and key characteristics. Data loading uses the libraries like pandas in python to
facilities loading data from various file formats such as CSV, Excel, SQL databases, JSON and

many more. In statistics, it summaries data through measures like mean, median, mode, standard
deviation, variance, range and quartiles.

To analyze and manipulate the dataset, we utilized the pandas library, a powerful tool in Python
llowing code in Jupyter

for data analysis. The dataset was loaded from a CSV file using the fo
Notebook.

Tl demport pendes s pd
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Exploring Loaded Data

After the data is loaded, the next step is to explore it to understand its structure and contents.
This involves viewing a sample of the data, inspecting the column names, and understanding the

data types.
1. The .head() function is used to view the first few rows of the DataFrame. By default, it
displays the first five rows, but you can specify a different number of rows as an
argument.

dnpord panday ¥ pd
dstes pd.read_vxv{“Flights.csv")}

:ggmxmx\mm»\xml\m\ipmmm.mz\aa:emm.ma; Dtypesorning: Columns (7,8) have wixed types. Specify dtype option on ieport or set low s

L dates pd.ovead esv(MElightsiea™)
dsta hesd(}
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The .tail() function is used to view the last few rows of the DataFrame. By default, it displays the
last five rows, but you can specify a different number of rows as an argument.

YEAR MONTH DAY DAY OF WEEK AIRLINE FLIGHT_NUMBER TAIL NUMBER ORIGIN AIRPORT DESTINATION AIRPORT SCHEDULED DEPARTURE .. ARRIVA
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2. The .columns attribute provides a list of the column names in the DataFrame. This is
useful for understanding the structure of the dataset and for referencing specific columns

in subsequent operations.



5.

.info() provides a concise

: Summary of the dataframe, including the number of non-null
values in each column, m

emory usage, and data types.

<class 'pa\d-s.core.frae.(ht“r*B
RangeIndex: 5819079 entries, @ to S819a7g
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Data columns (total 31 columns):

Column

Dtype
YEAR intee
MONTH intea
oAy intea
DAY_OF _WEEK int6d4
AIRLINE object
FLIGHT_NUMBER inteq
TATL_NUMBER object
ORIGIN_AIRPORY object

OESTINATION_AIRPORT object
SCHEDULED_DEPARTURE  inted

ODEPARTURE_YIME floatea
OEPARTURE_DELAY floates
TAXI_OUT float6a
WHEELS_OFF float64
SCHEDULED_TIME floatéd
ELAPSED_TIME floatsa
AIR_VIME floated
OISTANCE intee

WHEELS_ON float6a
YAXI_IN float6s
SCHEDULED_ARRIVAL int64

ARRIVAL_TIME floates
ARRTVAL_DELAY float6a
DIVERTED inté4

CANCELLED int64

CANCELLATION_REASON object

AIR_SYSTEM_DELAY floatés
SECURITY_DELAY floatss
ATRLINE_DELAY float64

-value_counts() is useful for categorical data, it returns a series containing counts of

unique values in a column, helping to identify the frequency distribution of categorical
variables.
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Handling Missing Da¢,
Ha‘ndl'u.lg missing data js 5 Crucial step in datq Preprocessing, as it ensures the accuracy and
eliability of your analyses, Missing data can adversely affect the quality of analysis and g
performanc.e if not properly addressed, Missing data can occur due to various reasons such as
fiata collection errors, data entry issues, or intentional missing values. Ignoring missing data o
improperly handling it cap lead to biaseq results, reduced statistical power, and inaccurate

conlclu§10ns. Therefore, it s €ssential to address missing data before proceeding with further
analysis.

Here’s a step on how to handle missing data in pandas.

I. Checking for missing valyes
"I“o find out if there are missing valyes (NaNs or null values) in our dataset, we can use
snull() and -sum().

The .isnull() method returns a DataFrame of the same shape as df with boolean values
indicating where

the count of missing
values in each column,

DAY

e
-]
]
]
9
8

DAY_OF _WEEK
AIRLINE

FLIGHT_MUMBER

TAIL_MsBER 14721
ORIGIN_ATRPORT 8
DESTIRATION AIRPORT 8
SCHEDULED_DEPARTURE °
DEPARTURE_TIME 86153
DEPARTURE_DELAY 86153
TAXT_ouT 89847
WHEELS_OFF 8947
SCHEDULED_TTME 6
ELAPSED TIME 185071
AIR_TIve 185071
DISTANCE °
WHEELS ON 92513
TAXI_tx 92513
SCHEDULED ARRIVAL °
ARRTVAL_TIME 92513
ARRIVAL_DELAY 195071
DIVERTED )
CANCELLED 0
CAMCELLATION REASON 5729195
ALR_SYSTEM_DELAY 4755640
SECURTTY_DELAY 4755648
AIRLINE DELAY 4755648
LATE_AIRCRAFI_DELAY 4755640
WEATHER_DELAY 4755648

dtype: int64

2. Dropping Missing values
Describe how you can remove rows or co
ways of deletion of Missing Data are:




° Rf)w.-wise Deletion: This involves removing entire rows of data whqe o
Mmissing values are present. While simple, it can lead to loss of potentially
valuable information, especially if the dataset is small.
data.dropna(axis=0,inplace=True)

15]: ’\‘lt;_m;dltj‘copy()

117) ;iM'
1) d.-.t-.capy.im().»m()

YEAR
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DAY_OF_WEEK

ATRUINE
FLIGHT_NUMBER
TAIL_NUMBER
ORIGIN_ATRPORT
DESTINATION_AIRPORT
SCHEDULED_DEPARTURE
DEPARTURE _Y INE
DEPARTURE_DELAY
TAXX_OUT

WHEELS_OFF

Y

S
g
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* Column-wise Deletion: Alternatively, we can remove entire columns (featl.lr.e§)
that have a significant number of missing values if those columns are not critical
for our analysis.
data.dropna(axis=1, inplace=True)
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ORIGIN_AIRPORT
DESTINATION_AIRPORT
SCHEOULED DEPARTURE
DISTANCE
SCHEDULED_ARRIVAL
DIVERTED

CANCELLED

dtype: intés

—
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3. Filling Missing Value
Replacing missing values with the mean, median or mode of the

o respecti )
method is simple and can preserve the overall Statistical Propertieg 0‘; ;:W; colump, Thig
median of the texture length column and then we replaced the nul] or mies .ata. The

Slng

the calculated median tenure length. valyeg With
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Using Label Encoder, the missing value which were named "UNKOWN" are been replaced by
integer value.

Data Normalization

Data normalization is a2 crucial preprocessing step in machine learnin
ensures that all features (variables) in the dataset have a similar scale
performance and stability of machine learning algorithms,

Why Normalize Data?

Scale Consistency: Different features in the dataset may have different r
Normalization scales all features to a uniform range, typically between
around 0 with a standard deviation of 1. Algorithm Sensitjyit
algorithms perform better or converge faster when the featur

8 and data analysis. It
» Which can improve the

anges of values.

0and | o cente '
. re
Y- Many machjpe learning !
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Technique of Normalization

Min-Max Scaling,

o] | stalers mmus“lw()

(527 FOLERTR = UVEAR”, “arRung

ing}

> "OISYANCE! » "CARCELLED "CANCELLAT 1ON_REASON ¢ ]

dotscol_scalan {Tscalar, 3 LI ront Fore(datal col

6% dete.head{10)

Aealar])

&
e .. ARRIVAL TIM
N SCHEDULED DE - ¢
{9701 VEAR MONTN Dav pay OF.WEEK AIRUNE FLIGHT NUMBER TAIL NUMBER ORIGIN AIRPORT DESTINATION AIRPORT . 408.
° o0 ¥ i 4 0076923 98 NAG7AS ANC A 0 - e
5 N 811.C
W 3 20 -
2 oo ; o id
> o N171Us 20 . L
RS .C
s > - 2%
4 oo
| 2% i 6104
- 35 509.
€ ap 612 NB3SNK LAS 36 = 7538
¥ 00
- 0 - 5328
8 00 ' 56
- 1«.‘;& 30 b ’
10 rows x 31 columns
B rL aF e
Sal
S e - .
Initialization:

Columns to Scale: columns_to_scale is a list containin
to scale. Replace ['columnl', 'column?', ‘column3'] with the actya] column names from
your dataset that you wish to normalize.
Fit and Transform: scaler.ﬁt_transform(data[columns_to_scale]) computes the
minimum and maximum values for each specified column

. and then scaleg the valyeg to
the range [0, 1]. The original values in data[columns_to_scale] are replaced with the
scaled values.

Exploratory Data Analysis (EDA) and Visualization

Exploratory Data Analysis (EDA) is a critical step in the data ang]

. YSIS procesg. It i
SUmmarizing the main characteristics of a dataset and visualizing ‘volves

_ the data to

tect anomalies, and test hypotheses. Firstly, need to import the necesg li“n00ver Patterng,
Wpically need pandas for data manipulation and analysis, anq m
vis

rari
plotlib ang geqp - NN

ualization, Optionally, we can use plotly for interactive plots, ®aborn for

MinMaxScaler() is initialized to create an instance of the Min-Max scaler.

g the names of columns you want
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dete| ’SCHEDU{ED_D!E PARTURE®
plt.titlel Distribution of Scheduled Dep.

: o Irtune !
pltixlabel('Schadulad Departura’) it
plt.vishel{" Frequency )
plt.shaw()

I-bist{bincaza)y

Di:sm'bution of Scheduled Departure

350000

Train-Test Split and Its Importance

Train-Test Split is a fundamental technique used in machine learning and data analysis to
evaluate the performance of a model. The dataset is divided i
the testing set. We split the dataset into training and testi

properly evaluated.

nto two subsets: the training set and
ng sets, ensuring that the model can be

Here’s why it’s important and how it's used:

Importance:

* Model Evaluation: By splitting the dataset, we can train oyr model on the training set apq
evaluate its performance on the testing set. This helps assess how wel) your mode] an
generalizes to unseen data.

* Overfitting and Underfitting: It helps in detecting overfittj
well on the training data but poorly on the test data) or yp

performs poorly on both training and test data).

Performance Metrics: It provides an unbiased estimate of mode] perfo

such as accuracy, precision, etc., are computed on the test set to unde TMmance,

mode] is expected to perform on new data ISt

ng (when a

mode]
derﬁtting ( performs

When a mode]

Metrics
M how wejj g,
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This visualization is useful for inspecting the distribution of active years across the dataset of
artists. The random scatter of points indicates that there is no direct relationship between an
artist's name and their active years, suggesting that the duration of an artist's career is
independent of their identity within the dataset. This insight could be a
applying more complex analyses or machine learning models to underst
patterns or correlations in the data.

preliminary step before
and other potential
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U We can see that both plots show a similar spread and density of points across the title
axis, suggesting that the train-test split has maintained a consistent distribution of data.
[ There are vertical clusters of points at specific title values in both the training and
testing data. This indicates that certain title values are associated with a wide range of
education values.
U There doesn't appear to be a strong linear relationship between title and education. The
points are scattered throughout the plot without a clear upward or downward trend. This
suggests that the relationship between title and education might be complex or that other
factors influence education beyond title.

Conclusion

Hence, In this lab on Data Mining and I?ata Warehousing, we explored
preprocessing steps including data loading, handling missin
values to numeric, normalization, and exploratory data anal
like Pandas, Matplotlib, NumPy, and,Sci!(it-learn, We ensur
and well-prepared for analysis. We highlighted the impoy
evaluate model performance and é)re;'etr}t ox;grﬁtting, dem
to uncovering hidden patterns and relationships withip, the 4 Clured 4

making g data for Informeq deci PProach,

CSsential datq
g data, convertjy, '

ysis (EDA). Us; g cat“'89rical
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pecision Tree Visualizatiop,

Dataset

In order to und.erstanc! a decision tree and visualize the model, we will use the dataset. Dataset
helps to visualize the illustrated dataset i g decision tree. In this lab, we'll be using Python with
libraries such as 'scikit-learn' for model creation and 'matplotlib' and 'graphviz' for visualization.

Steps
1. Load the data

First, we should load the data into the memory. Then we can look at the features and take
a peek at some of the samples of each class. Personally, I like the structure of a pandas
DataFrame, so I'll share how to see the data in that form. To get all the data in one

DataFrame.

8T vasT o

Arwm sidearn. podel_selection impore toain test split
{¥nam skleson.metrics dmport clessification_report, accuracy score,confusion matrix
Arom sklearvy import tree i i e ! :

Hrom sklearn.tree import DecisionTreeClassifier, plot tree

dmport wlotlzbmlotm pit i,

ke 1 v rasd contpmtonds Smployme cav®) | B SR 4
[0 databosd() \
k2k: Work-
Employee Years at Monthly Life _ J‘Job Performance  Number of . of  eb ¢
w A9e Gender Job Role Rating Promo Number "
. - . " . Work %
° 8410 31 Male 19  Education 5390 Excellent Medium Average - .
by 3 3 LA R 89
1. 04756 55 female 4 Meds 5584 Peor L BB No
230257 24 Female 10 Healthcare 8159  Good High Low 2 &
% “m 3. Female 527 Vs w y “ - Gond... (:’W SN m h ) No
4 65026 56  Male 41 Education 4821 Fair  Very High Average so Ve
3 10w x 24 columns o No
———— —_—




2. Split the data

X_train, X_test, Y. train

s Y test e ¢
Min_hlt._lant(!.y. test size w 9,3, stratify © y,random_states1)

3. Training the Decision Tree

In order to build the decision tree, we will use the scikit_learn Decsion Tree Classifier
from the tree module.

[51]: ' # model z‘aDecisibﬂ?’rs’eﬂaxsiﬁér(&*&é&i‘b&:‘é&é‘:ﬁ‘b}}y 3

[521: # help(model )

[17]: model.fit(X, y)

fDecisionTreeCla551fier()

When building a decision tree, we often prune the model using hyperpraram eter tuniy,
When left unpruned, a decisn tree is likely to be overfit. Take a look a¢ this helpfy] gd

that goes through hyperparameter tuning decisions that can be made with a deCiSiongltlrl e
For the purposes of this example, we will move forward with the decisiong tree with ee.

defayt hyperparameters.



4. Evaluating the moge]

Now, we run the test data thr. ough the mode| and determine the predictions.

(28]  y_pred = -odel.pmdict(xjen)

acCuracy o accuracy_score (y_pred » Yotest vy lues)

(33): accuracy

{331: 1.e

thssifitatim_ﬂmp ] chssifir:aticm

-report(y_pred, y test.velues). .
{387 prlht(\‘:l‘ttificl‘tibh‘f‘ap) ' L

precision recall f1-scopre support

(] 1.00 1.00 1.00 1

1 1.00 1.80 1.00 2

accuracy 1.e6 3
macrao avg 1.00 1.80 1.88 3
weighted avg 1.e0 1.0 1.00 3

From this classification report, we can sce that the accuracy score is 1.0
meaning got 100% of the predictions correct.

S. Visualizing the decision tree

In order to help make sense of the model and its results, it can be extremely l.le.lpful to
view the decision tree. There are numerous ways to make Ehe de01s1on tree visible.

[22]: [e, 1]

(23]: | 4ree.plot_tree(model)
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. del to
. o ade in the mo
mally, we can display the decision tree to see how the decx§1ons V‘fer: }?lpyter Notebook. From
it the different weather. We can display it in the file dlrectl}" 1n tree allow for continued
e 1i62at' n, we can see how the default parameters of a decision
this visua 10n,

i actice.
is i ing is a very important pr
lits to any depth to perfectly classify the data. This is why pruning is a very
splits to

Conclusion

ain advantages of
ienti decision tree classifiers for many reasons. One. of the m iringctatisical

Data sclentlsts. har ot utputs are easy to read and interpret without requ h & ays to
Secision frees i j[hat el o eful for nontechnical audiences. Beca.use of this, aving w t})ll
knowledge, makclin% ;hf’lrfbl;sthe decision tree classifier is beyond invaluable and using the

i i el bui . . .
V;Sltlatlrlze ;fanrl}(') is a quick way to arrive at an interpretable product
plot_tree libr



Clustering

Supervige( « .
Machine learning where the goal is
ch as customer s A At's wi . g
N “Sientat ’ etethiely used acrogg various domains for tasks
10N, and pattern iti
recognition.

1. K-Means ~
2. Hierarchical Clustering
3. DBCSAN~
4. Mean Shift
In this lab, we will perform g ¢
the K-means algorithm, o ustering analysis on a customer segmentation dataset using
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Steps
1. Installation of Required library

i ot s
Defaulting to user installation
Collecting kneed

Downloading kneed-0.8.5-py3-none-any.whl.metadata (5.5 kB)
Requirement already satisfied: numpy>=1.14.2 in c:\users\del1\appdatl\roudng\pyﬂ‘on\pythmsu\site~pndages (from kneed} (1.26.4)

Requirement siready satisfied: scipy>=1.0.0 in c:\users\dell\nppdtta\muing\pytboo\pythannl\site-packxes {from knead) {1.13.9)
Downloading kneed-8.8.5-py3-none-any.whl (10 kB)

Installing collected packages: kneed

Successfully installed kneed-0.8.5

ges is not writeable

P

'Kneed' is a Python package that provides a knee-point detection algorithm for finding the
knee' or elbow point in a curve, which is often used in optimization problems or data analysis
where selecting the optimal number of clusters or parameters is crucial.

2. Import of the libraries

[23]: dmport pandes as pd
Saport astolotiih. pyplot s plt Bryv ey
Aaport sesborn »s s0s 4
Trom kneed deport Kneslocetor
from silgarn, cluster fmpors KMoans
frou sklesen.preprocessing bapert Stmdsrdsceler

The analysis uses the above libraries

Pandas’; For data manipulation.

‘matplotlib' and 'seaborn’; For data visualization,



3. Loading the datq
The dataset i loadeq

Int
'Cusmmer_segmentation.csvv, ° @ pandas DataFrame from a CSV file named

L1017 date = pd.resd cav(*Customen Segmuntat tan, coyt)
- sCay
(1100  dete

(ETSN Customerid

Gender Age Annuel Incoma (ks)
1 Male 19

Spending Score (1.100)

%5
- o

~

200 rows x 5 columns

4. Feature Selection
In the below figure, three different features are selected for clustering:
e Age
* Annual Income(k$)
* Spending Score(1-100)

YR il

Age Annual lncome (k$) Spending Score (1-100)




IR,

5. Data Visualization

In t}‘]e b.elow figure, Histogram, are plotteqd
distribution. Here to plot the data in histrogra

fig, sxs = pdt‘subplqn(;_ )

# Flotten the subplots wrray into o 1p array
axs = axs.ravel()
cver the cof umng
# Itervte o ml@s OF the X Datyr N ond bheiy corres §
for §, col dn Qnu.qr-toxx.colulms\: i Spomitng fuiptet ares

# Set the title of e subpiot to gn

dcote the cotumn
axs{i].set_title{"Mistogvam of -

* col)

plt tight Jayaut{()

plt.shon{)
Histogram of Age Histogram of Annual Income (ks)
“ -
Y] g N
3 204 8%
CR 107
a«
2 ® 60 & 19

Age Annual income {k$)
Histogram of Spending Score (l-Ioa}w
= 0.8+
m. -
£ 06
g2 04
101 0.2+

. 0 S

¢ 3 s 5 10 60 02 04 06 08

Spending Score {1-100)

1.0

heir
for each selected feature to unc.lerstand t
M and seaborn is used to plot the histogram.

We can see in the above figure, histogram is plotted on the basis of feature selection (Age,

Annual Income and Spending Score).
6. Data Scaling

The features are scaled using 'StandardScaler' to ensure they have a mean of ( and a standard

of deviation of 1.

15 Creote o StandardScalsr object
scaler » StandardScaler()

# Scale the dota viing the £t transfors wmvhed
X scoled « sceler. it stransform(X)

7. Determining Optimal Number of Clusters

: timal number of clusters, The
The Elbow method is used to find th.e op
Squares (‘\:,VIC!:IES) is calculated for different values of K (number of ¢

point is identified using the 'kneeLocator'.

Within-C)

lusters),

uster Sum if
and the 'hlee'



& Gpvts WY for B Sferent veilwes of &

- el

for | dn renge(i, 1)
aans * EMeans (n_clustersal, randos_stetesdl)
tmeony . Fit(X_scoled)
wuen . apperd( hmeens . inertla )

® plet WSS ve re of clustery

ome Jineplot(rerange(l, 11), yumrss)
pit.title( Elbow Mrthod")
pit.xlohel("tmber of clusters )
plt.ylabel('wcss’)

# find the kowe larotion
nae ¢ Kneelocator(range(l, 11), wces, curves'conven', directions'decreasing')

o plot the knee location

plt.viines(knee knea, plt.ylim()[0], plt.ylim()(1), Vinestylese'dashod’)
plt.scatter(hnee. kree, knee.knve_y, colors'red’, 4830)

plt. show()

A TR TSR AR TN 1. 45 i A

2 ‘ 6 8 10
Misenbony a¥ mhiotare

8. K-means Clustering

K-means clustering is performed with the o timal number of
Elbow methad g1sp p r of clusters determined from the

# dnstortiate o ibieas objoct vith 4 clusters
M'MM, randos_statess?)

:m i K aen b ko s “"d ‘“ ,,, ,gm,. the slusier (abels fo» mh data paw
Hoaans 5 Jmanns 141 pradict(X scoled)

The cluster labels are added to the original dataset.



dvtel "clutter'l = y "““'Mmm
dnte
CustomeiD Gender Age
| . W"["“M Spending
4 [ ' Mate 19 - “-»‘ “"‘ﬂ-l.o, ehan
1 L ™ R T 30 2
A e R A ¥
2 3 Female 20 Te . A 1] 2
4 2 Y R s e )
: i L L i S o) 1 - oy 4
. S Female 3 "”‘ bR L ii i
K T — 40
™ = x bRV S Sl Q,__'";, _1 T i o ’:i
1908 198 Female 38 ';o B T § G
3 WA L v
196 197 Fomele s 2 g}';"'AQ.'_"“ P 4';.:‘,,-,-@5 ""%’“‘;m‘.w"—, - 1
"wr 18 Male 32 "'"“' AR A “’ 5 ’T
A ¥ iR vrny - 4 '
19e RO Sy R T T PAN TR 0 g e —
199 200 Male 30 ) PRI

I
83 1

9. 3D Visualization of Clusters

A 3D scatter plot is created to visualize the clusters in the dataset.

(26, €ig = plt.figure({figsirez{10, 8))
ex = fig.edd_subplot {111, projections'34")

# (reate 3 3D scatter plot of the data points :

a=x.scatter3D(data{ 'Age'], dataf'aAcnual Income {k$)'1, data{’Spending Scors (1-188)°1, csdata]'clostec'}, cmaps’virdicis'}
# Set iabeis for eoch axis : . - !

1 ax.set_xiabel(Age')
ax.set_ylabel('Annual Income (k$}')
ax.set_zlabel(Spending Score (1-189)*)

# Set g titie for the piot
pit.titla("K-means Clustering: 30 Plot')

ax.set_box_aspect{aspectsNene, room=@,9)
Flt.shos(} 3

K-means Clustering: 3D Piot

8

8 8 3

~
o
Spending Score {1-100)




- Conclusion

| The analysis successfully Segments the ¢ i 1 :
- ustomers into djstj e,
. annual income, and spending score, T, Into distinct clusters based on their ag

€ optimal number of clusters was determined using
. the Elbow method, and the clugters were visualized in a 3D scatter plot.




ne le.ammg, "association"
€ms in large datasets. This

.o process is commonly
OW certain items often ap

pear together within

h

Association Rule Learning

Association rule learning is a technique to uncoyer inte
petween variables in large databases, This
the goal is to understand the purchase

petween different items in their shopping

. resting relationships or associations
18 often applied in market basket analysis, where

behavior of customers by finding associations
carts,

Objectives

The objecﬁve§ Of this lf‘b is to perform association rule learning on customer shopping data
using the Apriori algorithm, The goal is to identify interesting relationships between items
purchased by customers

. Steps and classification

1. Installation of Required Libraries

Defsulting to user installation becsuse normsl site-packages is not writeable

Reguiresent alresdy satisfied:
fequirement aiready sstisfied:
fequirement siready satisfied:
Requirement already satisfied:
fequirement slready satisfied:
fequirement aiready satisfied:
fequirement aiready satisfied:
kequirement aiready satisfied:
fequirement slready satisfied:
rluu':—nt elresdy satisfied:
3
‘:nuin-m already satisfied:

feguirement eiready satisfied:
slready satisfied:
"&rf:—..x slready sotisfied:
siresdy seotisfied:

b.e.mw)
S et siresdy satisfied:
. siresdy satisfied:
Gt N slresady satisfied:

Hesuinument aiready satistied:
Mend) (1,16.0)

Ce

o

Hacting openpyx]

UFine cacheg oocnpynl»3.1.s-pyz.py;»nona-w'~"l
o Lranant slready satisfied: et xwlfile in € \prog
sl Openpyxl-3.1.5-py2.py3-none - any - wh
L] ]W Colluud p.‘_w‘: mwx)

ting uninste)): openpyxl
“4nd existing insta)letion: openpyx) 3.3-0

Ying cacheg
Lnge,

At
¥

u'i‘,‘lt"'"l to user installetion because norm
Wirement slready satisfied: openpyx) in ci\users

mixtend in c:\users\dell\appdata\rcaming\python\python31il\site-packages (©.23.1)

scipy>=1.2.1 in c:\users\dell\appdata\i ing\python\pyth 11\si?e- (from alxtend) (1-13-_9)

nuspy>=1.16.2 in <:\users\_dell\:pydztn\muin‘\pyﬂtM\pythmni\sx':e-pu&qes {from mlxtend} (1.26.4)

pandas>=0.24.2 in c:\users\dell\appdata\ ing\python\python31i\site-pack {from alxtend) (2.2.2)

scikit-learn>=1.8.2 in c:\users\dell\appdata\roaming\python\python31 l}ﬂte-p-ckms (from mIxtend) (1.8.2)

matplotlib>=3.8.0 in ::\ums‘\dell\nppdna\ma-ing\python\pythonil?\sxte-packages {from mlxtend) {3.8.4)

joblib>=08.13.2 in ::\users\del1\-ppd.tl\rnuing\python\pythonnl\nt,-po(k-ps (from mlxtend) (?.4_2) . .

contourpy>=1.€.1 in c:\users\de.ll\mpda*.\mﬂm\by(hm\lw!hﬂﬂ?i\tl(hpxhlcs {from -tplnthb)xs.ﬂ.a-)-leenc. (2.2.1}
5 PR ,ps\dgl_l\appdch\rm-in;\pythoo\python}ll\nte~p-¢.hges (from matplotlib>=3.8.0->mixtend) (8.12.1)

;y:i.:r>;0;:: ;; ;-i\:st.\ums\de1l\oppé.tu\rou.irw\python\pythovl:)u\sitrp.ckncs (from matplotlib>=3.28.8->alxtend) (&.31._

onttools>=4.22. :

kiwisol: »>=1.3.1 in ('\ums\dell\apvdata\roa-iu\python\py‘thonaxl\;itc-paclug-s {from matplotlib>=3 0.8->elxtend) {1 3.
iwisolver>=1.3. :

- from matplotlib>=l @.8->alxtend) {24
] ) 0y ata\rosming\python\python311\site-packages ( P Y {(.9)
pockaging>=20.8 in c-\::;;::::d“::vd ing\python\python311\site-packages (from matplotlidr=3.8.8->alxtend) (5 & @)
pillowr=8 in m\usm'\\u""ﬂ\ddu :I‘t.\ro..i"u\py(hon\pythmill\ii"‘“‘kms (from aatplotlid>=3.9.8->alxtend) (3.1.2)
'wmmpd;iii.;";in ‘.\U“M\d.n\.den.\",-i,‘.\pyghon\pythmﬂu\uu-pa:kms (from matplotlib>=3_g.a- >mictend) (2.
python-dateu . *

“\ippa.t-\rouinl\yythmx\py(lmnlll\siu-pukqu (from Pandas>=0.24.2- >mlxtend) {2@22.1)
dc11\nppdatc\roni'u\python\py!honnl\sho-pach.u (from Pandas>=@.24.2->alxtend) {2824.1)
s'rl\ddll\lppdltl\l‘o!linl\py!hon\nvﬂnﬂﬂll\!lh-wk*& (fram ‘ci!i?ﬂ.nm&l.a\z;m,tm‘”

pytz>=2020.1 in c:\users\de
tzdete>=2022.7 in c:\wsers\
threadponlct]>=2.0.0 in c:\u

\ -\¢-11\'W""\"""*"‘\"""“"\W"“”""\‘"""""“‘" (from PYthon-dateutil>=2. 7-vaatplatline- 1.0, 0- sal
sixr=1.5 in c:\user

Ehi il

O"JW .sit; packages is not m“ituble
\de11\appdata\roasing\python\python3li\site -packages (3.1.9)

,“C“‘t‘ ().5 kB)
rondota\snacondad\lib\site packages (from openpyxl) (1.1

)
1 (250 kB) )

imullinl openpyx]-3.1.0: .
ey *¥FUlly uningtalled openpyxl-3-3:
Sully nste]led openpyxl-3.1.%



| dpip install openpyxless. s o

pDefaulting to user installetion becay
se M
Collecting openpyxl==3.1.¢ normal site-packa,

Using cached openpyx1-3.1.8-py2 by Sta\anac
fastalling collected packages: m any.whl (250 kg) on9eINLIBs te-packages (fron opmpycdecs. ) (1.1
Attempting uninstal]: openpyxl
Found existing installation:
Uninstalling openpyxl-3.1.5.
Successfully uninstalled openpyx1-3.1 ¢
Successfully installed openpyxl-3.1 9

openpyxl 3.1.5

se: Ensure the required libraries (mlxtend, openpyx]) are installed and up-to-date.

mixtend: Provides the 'aprior :
iati priort” - function for generati itemsets and
‘association_rules' for deriving rules generating - frequent

. I 18 I from these itemsets,
o openpyxl: Ensures compatibility with the version required for reading the dataset from
an Excel file

. Import Libraries

. [1]: dmport numpy ax np
import pandas as pd S
¥rem mlxtend.¥requent _pattarns 4

B & G o S

se: Importing necessary libraries for data manipulation and association rule learning.

Load and Explore Data

I: dmpert numpy as np
Smport pandas as pd ; Gian
from =1 d.frequent_patterns ¢ apriori, ass

(<. oust dsta = pé.red_excz}{‘(ﬁsmerﬂiﬁoppiﬂ&vﬁ#“‘}’@“'}f
st _dare head() dimaan

i ) ' P q i UnitPrice CustomeriD Country
ES invoiceNNo  StockCode L e

6 2010-12-01 08:26:00 255 178500 United Kingdom

178500 United Kingdom

° 536365 851234
2 536365 844068

HOTWATER 7]
4 536365 ganage RED WOOLLY HOTTIE WHITE HEART.

Purpose: Ioad the dataset and display the first few rows to understand its structure.

CREAM CUPID HEARTS COAT HANGER

R

6 2010-12-01 08:26:00 339 178500  United Kingdom

4. Data Cleaning and Preparation

i : :+a] steps in any data analysis or machine learnin .
Datacleamngandpreparanon are vital step d in a suitable format f 8 Project. They,
'SUre that the data js accurate, consistent, an or analysis.

Pro e
°lea.m'ng and preparation lead to more reliable results, better performance of algon'th;sr T::;

Meaningfy) ; nsights. This foundational process is essential for making informeq decisiop
daty, ‘

S based on



| @ Ramove the sonucessury

Pucey
cust dotal '‘Dencription | n the

" tuu_‘.“' = *urt.”m

Oey

CPRpt hig ].""""
¥ Dropwing the rowy withouy | »()
cust_data.dropoa(axiy » o,

cust_date| "InvoiceNn’ ) o o,

Y nveie,

i cust_dote
I InvolceNo  StockCode
Desers,
[ 536365 851237 PHion
WHITE HANGING 1ygany T ey Involeations
N 36308 71083 UGHT HOLopa ¢ UnitPrics  Customeno Coumry
“"" 2010 15 4y
2 saeaes R1406R " METAL L ANTo 6 20101544 i &9 178500 United Kireydom
2 CREAM Cupypy bt G TR
s i - HEARTS COAT HANGER 8 0 — B 50 (red ingdim
0204 D UNION 1 101201
4 3668 R4029¢ Mﬂmm“ﬁ“ 6 301013 —— b 178509 United Kingdom
RED w 1201 ? {
YOy N(\"l' Winty HEAmy 6 o0 m ,” — w
™ - 1912 01 o600 i
119 1785060 (ynited Kingdom
541904 SA15AT 2261y PAC i
L4 P
savS08  SOVSEY amge 0120 SPACEhoy vy > "
’ CHILOREN 111200 178000 nas P
m' 3 2680 0 Franes
906 581587 2328, o trem & 20111208 138006
s ‘ 3254 CHILORENS CONERY 1on 1y gy 216 1y pravee
A ) ' 4 20111 .
savS07  SBVSeY asass 9 12:50:00 413 126000 France
; 2 mmm PARABY ik oy ; :
S4YS0B SRSV nan " 4 v " Feance
AKING SEY 9 pycr RETROSPY
320111200 12:5000 4 7 France
581909 rows x 8 colimns S 26008 !

In the above figure. 'cust_data' removes the
following reasons:

Ensures Consistency

Prevents Errors in Analysis

Facilitates Accurate Grouping and Aggregation
Improving Matching and Merging

Enhances Data Quality.

O O O O O

Dropping rows with missing invoice number for ensuring Data integrity, for making the accurate
transaction Identification and avoiding Analytical Error.

5. Data Subsetting

Data Subsetting is the process of selecting a specific portion of your dataset based on certain
criteria. This is crucial for focusing on relevant data, improving analysis efficiency, and reducing
computational complexity.

In our Lab, we are focusing on subsetting the dataset for transactions from a specific country (The
.~ United kingdom).
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6. One-Hot Encoding

One-Hot Encoding is a purpose of converting categorical data into a binary format, indicat;
resence or absence of each c.ategory (or item) with 1s and 0s, respectively. In ’t:]e icating the
transaction data, one-hot encoding helps transforming the data into a format suitéable for acszgtce.x; of
iation

rule mining algorithms like Apriori.

In our lab, the transaction data are being converting using into a one-hot encoded format where the
presence of an item in a transaction is indicated by 1 and absence by 0.

def one_hot_encoding(x):
if{x¢e @)1
return ©
1 itpoe 1)
return 1

cust_dsta UK encoded = tust_dsta K. map(one_hot_encoding)

cust_data_UK_encoded

B —

12
Office  COLOUR COLOURED PEGS HOUSE NNNOING MESSAGE  12PENCIL  wrongly
Mirror £66s "OEPES T CARDS SMALLTUBE .. coded
Ball

I

SPACEBOY  PARTY  IN PAINTED PLACE
PEN BALLOONS WOOD WOOD mf'l;lg SETTINGS WITH WOODLAND 20713

7. Apply Apriori Algorithm
data helps to identify frequent itemsets and generate

lying the Apriori algorithm to transaction ‘ :
:spszc)i,atfm ‘:'ul:s rovgiding valuable insight for market basket analysis, customer behavior
understandin :j ’c)iata-driven decision making. By transforming the data into a sm.table.format
and ussing thegAa;lﬁOﬁ algorithm, businesses can uncover meaningful patterns and relationships that
inform various strategic initiatives. L , for building the model.
. . iori ithm is being applied here for bulding del.
asshown fnthe ollowing g Aprlgn“:\ lcgn(:irbling the low memory parameter in the Apriori

Here, low_memory is also being used
function h;lps prevent memory errors with large datasets.



# Building the me .

fra_ items i
] uriwx(cust_doh Uk
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An_supporten, oy

# Lollacting thy
\nferred s Ve,
rules = ussociati rules i, £0Lnamesnty
ON_rules(f 2 JOtaf gmg Ve, low_meworysteve
rules = Nltﬂ‘lort_.v.lu“:,:‘:‘ihﬂlg wetricany (¢qe )
onﬂdmu-. .“““ » -ln_m,."ho““)
> Mscendings|p
(171 rules.head() Sla0, Patey)
TR
Sntecedents
Consequents  "Mteced
1694 (REGENCY TEA PUATE Rost “”:"': consequent e
REGENCY TEA pLaTe ""NK). (REGFNO’WAPMW suppory  SUPPOrt confidence leverage
GREEN 0010708
(CHARLOTYE & ) 0015246
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8. Generating Association Rules

It's purpose is to genefatc associ
sort them by confidence and lift in descen

9. Experimen

(36"

¥ @iilding the model : ;
fro_itess = apriord{cust_dats UK_encoded,

L4 ;‘ui«‘hng the inferred roles in o da-tdf?m:
rules = iatd :

= x;:::n_r:hs(ﬁ:q_kfﬁs, mateic="1ift", min_thresholds1)
rules o _values{{ ‘confidence’, Tlifer}, ns:mdingeéﬂlu, False])

min_support=0.21; use_colnames=Trus, low Mrvsfm)

oo

i

conviction thangs metric

17877078

13316562

13.157423

11332885

10321022

0.994515

0966716

0992167

0965543

0.966042

antecedents consequents antecedent consequent
e B support support UPPOTt confidence fift leverage comviction zhangs metric
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a
ding order.

t for different min_support

o diffurant winsoerert [ add

‘ o ez, BH9]1 i

for aln_sup » (901, O-0%, ‘
frq_itess ¥ mmi(mtﬂ'_uuﬂw, ‘::‘W' w’
rules & mmw,ruwu«)m, ww”“ MK M”’l
priet (s Susber of rules with ain_suppot Ten(rules,

Number of rules with win support © ﬂf ::1‘

Number of rules with min support 0.02: . B

Humber of rules with ein suppor 6.05: W — " ;':‘

! 4P ,,'.s-:.'.n‘&tl».

tion rules from the frequent itemsets based on the lift metric and

SRR I Fit e o &%y



Its purpose is to evalygage I
support values. the Mumber of gen .
' °rated rules changes with different minimum

- Conclusion

efficiently.



Ve Bayes Sentiment Classificatiop
Introd“cmn

to determine the sentiment behind a piece q £ text Which‘et otf) movie reviews, Sentiment
’ can be p

_g (NLP) techniqu
1ve,

is aims S

we use 8 combination of natural language processin
Lab’,ithms to classify movie reviews as positive or negat
alg0

ta Loading and Preprocessing

OSitive or negatiye. In this
€s and machine learing

pa
pata Lﬂﬂding

» dataset used in this project contains movie reviews alon

loaded from a CSV file. g with their corresponding sentiment labels.

The &2
The data 1

& Step 1: load the dataset
data = pd.read_csv{'IMDB Dataset - m Dataset.csv’, %ﬁtﬁiﬁgz*uﬁi-z')

review sentiment procassed revie
One of the other reviewers has mentioned i - : L
° e t:;::: positive one reviewer mentioned watching oz episcde
: YGou...

ion br br filming tech._

1
| thought this was a wonderful way to ... thought wonderful way spend time hot
2 . positive
spend ti summer we._.
S little bay jake think t..
i's ” i i tter matteis love time money visually .
4 Petter Mattei's “Love in the T;me. of positive pe iy
Money” is...
Data Preprocessing

analysis.
Preprocessing involves several steps to clean and prepare the text data for analy -
er units called tokens, which ¢

: i 1l
. Tokenization: It is the process of breaking down text into Sma

be words or phrases. ¢ that usually donot ¢

' ‘ s are common words U |
2. Stop Words Removal: Stop word ore meaningful words. - rorent forms
meaning and are often removed to focus onm

treating
- - base or root form,
3. Stemming: It is the process of reducing words to their ba
of the same word as a single entity.

arry sjgm'ﬁcant
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;, step 2: Text Pr‘eprocessing
stop_words = set(stopwords.words ( ‘englishyy
Jjemmatizer = NordNetLematizer()
def preprocess_text(text):

# Convert to lowercase

text = text.lower()

# Remove special characters gng digits

text = re.sub(r'[fa-zA-2\s]', '°

# Tokenize the text

tokens = nltk.wrd_tokenize(text)

# Remove stopwords und lemmatize

tokens = {lmﬂizor.lematiza(token) for token

s text)

in tokens i¢ tok .
return ' . join(tokens) én not in stop_words

# Apply mmes\i{ﬂg to the ‘review! column
data] 'processed_veview'] = data ‘review']. apply(prtpwccssdtext)

dta
review sentiment processed review
° One of the other reviewers has .. one reviewer mentioned watching oz
. positive .
mentioned that .., episode you...
s Awonderfu lttle production br br fiming
2 I thought this was a wonderful way to ositive thought wonderful way spend time hot
spend 4. P summer we..
3~ Peohioccenang ve  basically there famiy litte boy jake think &
4 Petter Mattei's "Love in the Time of ositive petter matteis love time money \n‘sua!!y
Money"” is... P stunni...
g o i o thought movie right good job wasnt
49995 I thought this movie did a down pght positive 9 reativeiOr.
good job...
4999s  Bad plot, bad dialogue, bad acting, nagetive * -~ 209 plated delogue “""*m"‘f"
idiotic di... .
. ial elementary school
49997 I'am a Catholic taught in parochial hegative catholic taught parochial e
elementary... o
lisagree previous comment si
4999g '™ going to have 1o disagree with the negative im going maltin..
previou... : o
, one expects star trek movie high art “:‘
49999 NO One expects the Star Trek movtll“':" negative expec
be high...



# step 3: Split the dataset into training and testing ge¢
X = dataf 'pmcessed_review.] o
y= deta[ 'sentiment ')

X_train, X_test, y_train, y test = t"ai"_«test*split(x, ”

test__size:ta.z, r~andoq_staté-42)

Model Building and Training

machine leaming pipeline is created using
rAl“ﬁdeectorizer‘ coverts the text data into nu
classification.

"TfidfVectorizer' and 'Native Bayes' classifier

merical features, and 'Naive Bayeg' is used for

Step B Crevte 2 ‘D'Epﬂ'fﬂl‘ ﬁi!‘?; "!fiéfvmenizg” Md-ﬁo{vg &’y i
ine = Pipeline({

w:?:hd\‘ *5 Tﬁaﬂ«t«iur(nw*nm“(% 4

{elessifior”, mltimi-mg}} e

), max_festurases000, min_dfsS, max dfe6.7)3,

N

Model Evaluation

The trained model is evaluated using the test set. Evaluation metrics inclide accuracy.
matrix, and classification report.

o Sy . boke
Yrod s piger

pradictions w the bert sut o
ine.predict(x teet) ;

¥ Step v, Evoivots the wodel

S A s ncy . BELYracy ssorely test, ¥ pred))
$rint(~ Mt s gy Makoin: ™y
Mlﬂt(c“&omﬂ;.g,‘y}‘”‘ v prad))
PW'W;»-A!:«;W, Bupord ;4)
M(‘hnwum,rmuw», Yrad)y
Kicurge, . o.856c

(munm M
el
a1y 723

“1 2378

“’"“hatt
N Repart ; .
Pracision recoll  Fi-score  wuppor

001
eheti,, 0.86 0. .84 0.8 4
Fostiiv, 6.8 0.87 0.66 vos
s racy oue  06ee
s vy 0.8 0.86 0.86 10000
sivun gy o.86 o.58 0.46 10000



Testing with New Data
el i tested with new, unseen TEVIEWS to pr di :
o Predict thejy Sentiment

(16 step §: Test with pew reviews
¢ :

ceviews = {
.'.‘TMS govia was axcellent! I loved it.*,
*Jerrible file. 1 hated every minute of it.",

wip avervage wovie, nothing spacial. ™

& Prevrocess raw Téviews

processed_new_reviews £ [preprocess_text(review) for review g4 o
& Moke predictions

pew_predictions x pipeline.predict(processed new_reviews )

for review, sentiment dw rip{new_reviews, new _predictions):
print{f"Review: {review}")

print(F"Predicted Sentiment: {sentimenti\n)

Review: This movie was excellent! I loved it.
Predicted Sentiment: positive

Review: Terrible film. I hated every minute of it.
Predicted Sentiment: negative

Heview: An average wovie, nothing special.
Predicted Sentiment: negative

Conclusion

The Naive Bayes sentiment classification model achiev;d an accur?cy ;Z 86%:: :sggﬁlng
Hovie reviews as positive or negative. The TfidfVectorizer and Nz:m? ;‘:e anced
Proved to be effective for this task. Future work could myolve exp OT;fcy

"0dels and techniques, such as deep learning, to further improve accuracy-




