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Introduction to pandas Data Structure

scientific computing.

1) Series
2) DataFrame

A Series is a one-dimensional labeled array that
can hold any data type. Think of it like a single
column in a spreadsheet with an index.

For example:
pd.series(data, index) creates a Series with
data values and custom indexes

Pandas Series can be created from lists,
dictionaries, scalar values, etc,

import pandas as pd

s = pd.series([10, 20, 30], index=["a’, 'b’, 'c'])

Pandas and NumPy are essential Python libraries for data analysis and

Pandas generally provide two data structures for manipulating data. They are:

DataFrames are two-dimensional labeled data
structures with columns potentially of different
types. They resemble tables with rows and columns
and are the most common pandas object

For example:
pd.DataFrame(data, columns) constructs
DataFrame with specified column names.

a

Pandas Series can be created from lists, dictionaries,

scalar values, etc.

import pandas as pd
df = pd.DataFrame({'Name': [‘Alice’, 'Bob'], 'Age": [25,

| 30)))
Index:a b ¢ Name age
Data: 10 20 30 Alice 25
Bob 30
To Read a CSV file
-~ ¢ import pandas as pd
h df = pd.read_csv("emp.csv™)
print(dFf)
Ei} enoc enams desg sal deptno
2 <28l smith sales Person 28000 1e
1 eo202 Jones Manager 45000 22
2 eO283 King Analyst 32020 1@
3 e@@Ed krishna Data Engineer 40000 ia
4 =885 khan Analyst 35000 29




2. Essential functionality -

2.1 Indexing and Re-Indexing

v" Indexing in Pandas refers to selecting specific rows and columns from a DataFrame.
v" also known as Subset Selection.
v" The three main types of indexing in Pandas are:

2.1.1) DastaFrame/]: Known as the indexing operator, used for basic
selection.

2.1.2) DataFrame.loc[]: Label-based indexing for selecting data by
row/column labels.

2.1.3) DataFrame.iloc[]: = Position-based indexing for selecting data by
row/column integer positions.

2.1.1) DataFrame[]:

¥v" Known as the indexing operator, used for basic selection.
v" The most straightforward way to index data in Pandas is by using the [| operator.
v" This method can be used to select individual columns or multiple columns

a) To retrieve All Rows and Specific Column/Columns using [] operator

[110] print(df[ eno’])

S5v @ eeoel
1 8002
2 ep@e3
3 egeo4
4  eP0BS5

Name: eno, dtype: object

o print(df[["eno","ename”]])

eno ename
e0el smith
o2 Jones
0003 King
ego@d krishna
efoes khan

()

BwWwNE O

b) To retrieve Specific Row/Rows and All Columns using [] operator




# specific row and all columns
print(df[df[ 'ename’ J=="smith"])

%)

eno ename age desg sal deptno DESIGNATION Dependents
@ e@00l smith 34 sales Person 20000 10 Nahl 2

¥ [118] # specific rows and all columns
- print(df[df[ ‘sal’]>=40000])

EE} eno ename age desg sal deptno DESIGNATION Dependents
1 eB002 Jones 25 Manager 45000 20 NaN 1
3 e@0@4 krishna 35 Data Engineer 40000 10 NaN 2

¢) To retrieve Specific Rows and Specific Columns using [] operator

t’ # specific rows and specificlcolumns
print(df.loc[df[ "sal’] >= 40000, ['eno’, 'sal']])

eno sal
1 e0002 45000
3 e0004 40000

b4]

DataFrame.loc and DataFrame.iloc

[1] import pandas as pd
df = pd.read_csv("emp.csv")

print(df)
3+ eno ename desg sal deptno
20001 smith sales Person 2000¢ 1e
20002 Jones Manager 45000 20
0003 King Analyst 30000 1e
e@@ed krishna Data Engineer 408000 1e
0005 khan Analyst 35000 2e
‘, df.set_index("ename"” ,inplace=True)
print(df)
a3 eno desg sal deptno
e@0@1 sales Person 20000 10
20002 Manager 45000 20
e0003 Analyst 30000 10
e@@04 Data Engineer 40000 10

20005 Analyst 35000 20




loc

Hloc.

Label-based indexing for selecting data by
row/column

Position-based indexing for selecting
data by row/column

To retrieve Specific Row

4 © print(df.loc| krishna'])
3> eno 0004
desg Data Engineer

sal 49000

deptno 1e

Name: krishna, dtype: object

Y @ print(df.iloc[3])

3+ eno e0004
desg Data Engineer
sal 40000
deptno 10

Name: krishna, dtype: object

ecific Rows

To retrieve S
[5] print(df.loc[[ smith’, " Jones"]])
5> eno desg  sal deptno
ename
smith e@081 sales Person 20000 1@
Jones e8002 Manager 45000 20

° print(df.iloc[0:2])

e eno desg sal dept
ename
smith e@@@1 sales Person 20000
Jones @002 Manager 45000

To retrieve Specific Column

print(df.loc[:,["desg"]])

desg
ename
smith sales Person
Jones Manager
King Analyst
krishna Data Engineer
khan Analyst

print(df.iloc[:,[1]1])

desg
ename
smith sales Person
Jones Managenr
King Analyst
krishna Data Engineer
khan Analyst




To retrieve Spéciﬁc Columns

[11] print(df.loc[:,['eno’, "sal’]]) [12] print(df.iloc[:,[@,2]])

e eno  sal 3> eno  sal
ename ename
smith eb00l 20000 smith @001 20000
Jones 0002 45000 Jones e0002 45000
King €003 30000 King e0Pe3 30000
krishna e00@4 40000 krishna ¢804 40000
khan 0005 35000 khan e@0e5 35000

To retrieve Specific Rows and Specific Columns

print(df.loc[['smith', " Jones'],['eno’, sal"]]) print(df.iloc[[0@,1],[0,2]])

eno sal eno sal
ename ename
smith e0001 20000 smith 9001 20000
Jones 0002 45000 Jones 0002 45000

To retrieve All Rows and All Columns

print(df.loc[:,:]) print(df.iloc[:,:])

eno desg  sal deptno eno desg  sal deptno
ename ename
smith  e@@@1 sales Person 20000 10 smith 0001 sales Person 26000 1@
Jones 20002 Manager 45000 20 Jones 20002 Manager 45000 20
King 20003 Analyst 30000 10 King €00a3 Analyst 3000 10
krishna 0004 Data Engineer 40000 10 krishna e@224 Data Engineer 40000 10
khan 20005 Analyst 35000 20 khan 0085 Analyst 35000 20

2.2) Selection and filtering

Filtering and selection are fundamental operations when working with data in Pandas.
They allow you to extract specific subsets of data that meet certain conditions

Single Condition Filtering with Comparison Operators

# To get employees whose salary is greater than or equal to 30000
sal_ft =df['sal’] >= 30000
print (df[sal ft])

eno desg sal deptno
ename
Jones 20002 Manager 45000 20
King 0003 Analyst 30000 10
krishna e0004 Data Engineer 40000 10
khan 0005 Analyst 35000 20

Combining Multiple Conditions with Logical Operators

# To get employees whose salary is greater than or equal to 30000 and deptno = 10
sal_ft = (df[’'sal’] >= 30000) & (df[ 'deptno’ |==10)
print (df[sal_ft])

eno desg sal deptno
ename
King e0eo3 Analyst 30000 10
krishna 0004 Data Engineer 408000 10




Using .query() Method
print{df.guery{'sal >= 320" ))

=no desg sal deptno
ename
smith e@eal sales Person 28020 1&
Jones a2 Manager 45088 2
King (=16 o e Analyst 20000 14
krishna =284 Data Enginesr 40022 1a
khan =00a5 Analyst 35000 20

print(df.query('sal >= 3000 & deptno==10'))

eno desg sal deptno
ename
smith e@d@1 sales Person 20000 1@
King 0003 Analyst 30000 10
krishna e80@4 Data Engineer 40000 1e

 Filtering with String Conditions

res = df[’'desg’ ]=="Analyst’
print(df[res])

eno desg sal deptno
ename
King e00@3 Analyst 30000 1@
khan e0805 Analyst 35000 20
Filtering with isin() Method
desg_ft = df['desg’].isin(['Analyst’, 'Data Engineer'])
print(df[desg_ft])
eno desg sal deptno
ename
King 0003 Analyst 30000 10
krishna e80@4 Data Engineer 406000 1@
khan 0005 Analyst 35000 20
2.3) reshaping

v" Reshaping in Pandas is a fundamental set of operations that allows to change the
structure (the number of rows and columns) of the DataFrame or Series.

v This is often necessary to prepare data for analysis, visualization, or integration
with other datasets.

Reshape DataFrame in Pandas

v Below are the two methods that are used to reshape the layout of data
in Pandas:
1) Using Pandas stack() method
2) Using unstack() method
1) Reshape the Layout of Tables in Pandas Using stack() method




v" Pivots a DataFrame from a "wide" format to a "long" format by stacking columns
into rows, creating a hierarchical index (Multilndex) on the rows.

v" Use stack() to go from wide to long when you want column labels to become part
of a hierarchical row index.

Original Data Frame
print(df)

eno desg sal deptno
ename
smith efoal sales Person 20000 1@
Jones egoa2 Manager 45000 20
King 20003 Analyst 30000 10
krishna e@004 Data Engineer 40000 10
khan 0005 Analyst 3500 20
Stacked Dataframe

stacked_df = df.stack()
print(stacked_df)

@ ename smith
eno 0ol
desg sales Person
sal 20000
deptno 10

1 ename Jones
eno 0002
desg Manager
sal 45000
deptno 20

2 ename King
eno e0ee3
desg Analyst
sal 30000
deptno 10

3 ename krishna
eno ebeed
desg Data Engineer
sal 40000
deptno 19

4  ename khan
eno 2205
desg Analyst
sal 35000
deptno 20

2) Reshape a Pandas DataFrame Using unstack() method
v The inverse of stack(). It pivots a DataFrame or Series with a Multilndex
(typically created by stack()) from a "long" format back to a "wide" format,
with the inner level of the row index becoming the new column labels.
v" Use unstack() to go from long (with a Multilndex) back to wide, making an
inner level of the row index the new columns.




unstacked_df = stacked_df.unstack()
print(unstacked_df)

ename eno desg sal deptno
<] smith e@@@1 sales Person 20000 10
1 Jones eB002 Manager 45000 20
2 King e0003 Analyst 30000 1@
3 krishna e00804 Data Engineer 40000 1@
4 khan e8805 Analyst 35000 20

2.4) summarizing and computing descriptive statistics,

v" Python Pandas provides a rich set of tools and methods for summarizing and
aggregating the data within DataFrames and Series.
v" These operations allows to get concise overviews, calculate descriptive
statistics, and group data for more insightful summaries.
v" Two methods of computing summary statistics using Pandas are
1) Using describe() for Descriptive Statistics
2) Using Individual Aggregation Functions:

1) Using describe() for Descriptive Statistics

.describe(): This is the most common and powerful function for getting a quick statistical
summary of your numerical columns. It provides:

count: Number of non-missing values.

mean: Average.

std: Standard deviation.

min: Minimum value.

25% (Q1): First quartile.

50% (median or Q2): Second quartile.

75% (Q3): Third quartile.

max: Maximum value.

print(df[ 'deptno’].describe())

count 5.000000
mean 14. 000000
std 5.477226
min 10.eeeoee
25% 10. oo
50% 10.000000
75% 20.000000
max 20.000000

Name: deptno, dtype: floatfd

2) Using Individual Aggregation Functions:
.mean () : Calculate the mean.

.median () : Calculate the median.

.std () : Calculate the standard deviation.

.min () : Get the minimum value.

.max () : Get the maximum value.

.count () : Count non-missing values.




ename
smith
Jones
King
krishna
khan

Lo VI S

print(“sum of salaries”,df[ 'sal”].sum())
print{“Average of Salaries”,df["sal'].mean())
print("Max of Salaries”,df['sal’].max())
print("Min of Salaries”,df['sal’].min())
print("Number of Employees” ,df["eno’].count())

eno
2001
e0002
0003
20004
8085

desg

sales Person
Manager
Analyst

Data Engineer
Analyst

sum of salaries 172000
Average of Salaries 346€0.0
Max of Salaries 45220
Min of Salaries 208060
Number of Employees 5

2.5) Handling missing data,

v" In Pandas, missing values, often represented as NaN (Not a Number), can cause problems

sal deptno

20000
45000
30000
40000
35000

during data processing and analysis.

v" These gaps in data can lead to incorrect analysis and misleading conclusions.
v Pandas provides several functions and methods to

1) identify, and
2) handle

3)

1) Identifying Missing Values:

v isna() or isnull(): These functions detect missing values and return a DataFrame or
Series of boolean values. True indicates a missing value (NaN), and False indicates a

non-missing value.

To find Missing Values in Each Column using isnull() and isna()

1@
20
10
10
20




© df1 = pd.read csv('stu.csv')

print(dfl)

S sno sname branch markl mark2 mark3
@ 100 Ivan MCA 79.0 66.0 77.0
1 101 Korth NaN 65.@ 45.8 56.0
2 182 James Gosling MBA NaN NaN 87.0
3 1e3 Chris Bates MCA 66.0 54.0 NaN
4 1e4 Nageswar Rao NaN 89.@ NaN NaN
5 185 Bala Guruswamy MCA NaN 55.@¢ 66.0

[35] print(dfl.isnull())

sno sname branch markl mark2 mark3
False False False False False False
False False True False False False
False False False True True False
False False False False False True
False False True False True True
False False False True False False

b

i hs W = O

print(dfl.isna())

¥ ©

sno sname branch markl mark2 mark3
False False False False False False
False False True False False False
False False False True True False
False False False False False True
False False True False True True
False False False True False False

Vs wN=o

To find Number of Missing Values in Each Column

" #to get number of missing values in each column
print(dfl.isnull().sum())

4]

sSNo
sname
branch
markl
mark2
mark3
dtype: int64

MMM O

andling Missing Values:
2.1) Dropping Missing Values:
o dropna(): This function removes rows or columns that contain missing
values,

= axis=0 (default): Drops rows containing at least one missing value.
= axis=1: Drops columns containing at least one missing value.
= how='any’ (default): Drop row/column if any missing values are present.
= hows='"all": Drop row/column if all values are missing.
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print{dfl)

L 2] cname branch markl mark2
a8 188 Ivan MCA 708 B6.0
1 1p1 Korth HaM E&5.& 4L.8
2 18 Jemes Gosling MEL U haM
I 1g1 Chriz Bates My 66.82 2 54.8
4 Ipd Nageswar Rao Nzl Eo.& Mam
5 185 Bala Guruswamy MCA NaM 55.8
HDropping Rows with AU Least One Mull Valuee
print(dfl.dropgnal ) )

Lo sname branch markl markl markd
8 1pd Iwvan MCA To.B EBEB 772
B drop rows with all NaN valises
print{dFl. dropna(axic=2) )

cno sname branch markl markl marckd
@ 188 Iwvan MCA 7o.B EE.B8 T77.0

Hdrop columns with all MaM wvalwes
print{dFl.dropna(axis=1)}

Sno Sname
B 188 Ivan
1 181 Korth
& 182 Jame:s Gosling
I 183 Chr-is Bates
4 14 Nageswar Rao
& 1BE Bala Guruswamy

HEropping Rows with A1l Mull Valwes

print (dfl.dropna(how="2all"})

S0 sname branch ma
& 188 Iwvan MCx 7
1 1: Korth MaN &
2 182 James Gosling MEA
3 183 Chris Bates MCA &
4 14 Nageswar Rao NN E
5 1g: Bala Guruswamy MCA

Mah

rkl mark2
o8 46,8
5.8 45.8
Nal EL
& 4.8

o.a Mak

L
L1
‘

=]

UDropping Rows/Columns with ANY Null Valwes

print (dF1. dropna (how="any " ) )

markl
Tr.e
6.8
B7.@
MaN
Man
&6.8

maikd
Tr.a
56,8
B7.@
Mak
Mah
5.8




2.2.1) using fillna()
2.2.2) using replace()

2.2.1) Using fillna()

2.2.1.1) fillna(value)
2.2.1.2) fillna(method="pad|ffill")
2.2.1.3) fillna(df[‘col’l.mean() |median() |mode())

2.2.1.1) fillna(value): Replaces all missing values with a specified scalar value.

Original data

# Importing pandas and numpy
import pandas as pd
import numpy as np

# Sample DataFrame with missing values

d = {'First Score’': [18@, 9@, np.nan, 95],
"Second Score’: [38, 45, 556, np.nan],
"Third Score’: [np.nan, 49, 89, 98]}

df = pd.DataFrame(d)

print(df)

First Score Second Score Third Score

(5] 16e.e 3g.9 NaN

1 cg.o 45.@ 46.8

2 Nal 56.98 88.8

3 85.98 NaN 98.8
Fillna(value)

@ print(df.fillna(1eees))

3~ First Score Second Score Third Score
8 1e0.0 36.0 16000.8
1 8.8 45.@ 49.8
2 16606.0 56.@ 80.0
3 85.8 16866.6 83.8




2.2.1.2) fillna(method = ‘pad|ffill’

v~ fillna(method="ffill' or 'pad'): Forward fill - propagates the last valid
observation forward to the next missing value.

v~ fillna(method='bfill' or 'backfill'): Backward fill - propagates the next
valid observation backward to the previous missing value.

v ffill will not fill leading NaN values (as there's no previous valid
value).

v"  Dbfill or pad will not fill trailing NaN values (as there's no
subsequent valid value).

First Score Second Score Third Score

e 1ee.0 30.0 NaN
1 90.0 45.0 40.0
2 NaN 56.90 80.0
3 95.0 NaN 98.0

Example: Fill with Previous Value (Forward Fill)

df fillna(method="pad') 2 Forward FiLl

Qutput
First Score  Second Score  Third Score
0 100.0 300 Na
1 800 450 00
l %o 5.0 800
1 95.0 58.0 380

Example: Fill with Next Value (Backward Fill)

¢f . fillna(method="bfill') # Bochword Fill
Output

First Score  Second Score Third Score

0 1000 00 400
1 900 450 400
2 8540 5.0 800

) 90 NaN 5.0




221.3) Imputation using statistical measures: You can fill missing values with the
mean, median, or mode of the respective column.

O print(df)

S~ First Score Second Score Third Score
=] 16a.8 38.0 MNah
1 o3.8 45.0 46.8
2 hah 56.0 86.6
3 0L.8 NaN 092.8

[59] print(df[ 'First Score’].fillna(df[ 'First Score’].mean()))

3> 0  100.9
1 96.0
2 95.8
3 95.8

Name: First Score, dtype: floatsd

[61] print(df['Second Score'].fillna(df[ "Second Score’].median()))

2> 8  30.0
1 45.8
2 56.8
3 45.0

Name: Second Score, dtype: floattd

o print(df][ 'Third Score'].fillna(df[ "Third Score’].mode()))

S5y o 40.0
1  40.8
2  80.0
3 98.0

* %

2.6) filter and query methods,

v’ Use df.query() when you want a more readable, string-based way to filter rows
based on column values.

v" Use dffilter() when you need to select columns or rows based on the names or
patterns of their labels.

df.filter (items=None, like=None, regex=None, axis=None)

Parameters:




« items: A list-like of labels to keep. These should be in the axis specified.
* like: Keep labels where the string 1:ike is found in the label.
* regex: Keep labels matching the regular expression regex.
* axis: The axis to filter on.
o 0or 'index"' (default): Filters rows based on index labels.
o 1or 'columns': Filters columns based on column labels.

Examples:

O #filter method
res = df2.filter(items=["eno","sal"])
print(res)

EE} eno sal
2 e28al 28088
1 eBaaz ASga8
2 28483 Iaaaa
3 28485 48848
- e@aas 35888

[ ] df2.set_index("ename’,inplace=True)
res=df2 _filter{regex="g&', axis=56)
print{res)

o eno desg sal deptno
ename
King =eg@2a2 Analyst Sagaa 1a

[ 1 res=df2.filter{like='n", axis=8)
print(res)

EE} eno desg sa2l deptno
ename
Jones e2ea2 Manager 45828 2@
King egaa3 Analyst I8aga 1a
krishna e2884 Data Engineer 40229 12
kihham egEas Analyst 35398 2@

import pandas as pd
data = {'Name': ['Alice', 'Bob', 'Charlie', 'David', 'Eve'],

"Agets [25, 30; 22, 35; 28];
'City': ['New York', 'London', 'Paris', 'London', '"New York'],

'Score Math': [80, 90, 75, 85, 922],
'"Score Science': [70, 85, 80, %0, 781}
df = pd.DataFrame (data)
print ("Original DataFrame:\n", df)

print ("\n--- df.query() Examples (Filtering Rows by Column Values)

____l|)




# 1. Basic condition on a single column
query age over 25 = df.query('Age > 25')
print ("\nRows where Age > 25:\n", query_age over_ 25)

# 2, Multiple conditions using 'and'

query london_age_over 25 = df.query('City == "London" and Age > 25'")
print ("\nRows where city is 'London’ and Age > 253 o',
query london age over 25)

# 3. Using 'or’

query score math over 90 or age under 23 = df.query('Score Math > 90 or
Age < 23")
print ("\nRows where Score Math > 90 or Age < 230",

query_ score math over 90 or age under 23)

# 4. Using a Python wvariable in the query

min_score = 80

query score math above variable = df.query('Score Math > @min_ score')
print (£"\nRows where Score Math > {min score}:\n",
query score math above variable)

# 5: Using "in!

cities of interest = ['New York'y 'Paris']

query city in list = df.query('City in @cities of interest')

print (f"\nRows where City is in {eities of Interestli:a",
gquery city in list)

print ("\n--- df.filter() Examples (Filtering Columns or Index Labels)

___ll]

# Set 'Name' as index for row filtering examples
df indexed = df.set index('Name')
print("\nDataFrame with 'Name' as index:\n", df indexed)

# 1. Filtering columns using 'items'
filter cols items = df.filter(items=['Name', 'Age'])
print ("\nColumns 'Name' and 'Age':\n", filter cols_items)

# 2. Filtering columns using 'like!'
filter cols like store = df.filter(like='Score ')
print ("\nColumns containing 'Score ':\n", filter cols like score)

# 3. Filtering columns using 'regex'
filter cols regex ends_th = df.filter (regex='th$', axis='columns')

print ("\nColumns ending with 'th':\n", filter cols regex ends th)

# 4. Filtering index labels using 'items'




filter rows items = df indexed.filter(items=['Alice', 'Charlie'],
axis="index')

"

print ("\nRows with index 'Alice' and 'Charlie':\n", filter rows_ items)
# 5. Filtering index labels using 'like'

filter rows like a = df indexed.filter(like='a', axis='index"')
a':\n", filter rows_like_a)

print ("\nRows with index containing

# 6. Filtering index labels using 'regex

filter rows regex starts with D = df indexed.filter (regex='"D',
axis='index')
print {"\nRows with index starting with e Rt

filter rows regex starts with D)

2.7) Grouping

v’ groupby() as a way to split your DataFrame into smaller chunks or groups based on
the unique values found in one or more specific columns.

v" Once groups are created , then apply calculations or transformations to each group
independently and finally combine the results back into a structured format.

v' groupby () follows a "Split-Apply-Combine" strategy:

1) Split: The DataFrame is divided into multiple groups based on the values in the specified
column(s). For example, if you group by a 'City’ column, you'll get separate groups for
each unique city (e.g., one group for 'London’, one for 'Paris’, etc.).

2) Apply: You then apply a function to each of these individual groups. Common
operations include:

a. Aggregation: Calculating summary statistics like mean(), sum(), count(), min(), max(),

etc., for each group.
3) Combine: The results of the applied function on each group are then combined back into a

new DataFrame or Series.




[2]

(3]

[18]

[+]

[11]

(%]

M

I Department number wice total salary
res = df2.groupby( 'deptne’ )] 'sal’ |.sum()
print{res )

deptno
1@ SB0Ee
s Eooea

Name: sal, diype: int6d

i deptno wise minimum salary
res = dF2. groupby( "deptno’ )| 'sal” |.ming)
pirrint{res )

deptno
18 ZBaea
i 5 I5a8a

Name: <al, diype: int64

Hdepinge wise Maximum salary
res = dF2.groupby( 'deptno’ )| "sal’ |.max()
print{res)

deptno
18 4BB6a
2a 456668

Name: sal, ditype: intéd

# designation wise number of employees
resl= dfl.groupby( 'desg' )| 'eno’ |.count()
print{resl)

desg

Analyst 2

Data Englineer 1
Manager 1
sales Person 1
Name: eno, diype: inlbd




3) reading and writing data in text format -

3.1) read_csy,

3.2) read_table.

3.1) read_csv:

v" CSV files are the Comma Separated Files. It allows users to load tabular data into
a DataFrame, which is a powerful structure for data manipulation and analysis.

v~ To access data from the CSV file, we require a function read_csv() from Pandas that
retrieves data in the form of the data frame

v~ Syntax: pd.read_csv(filepath, sep=", , header="infer, index_col=None, usecols=None,
engine=None, skiprows=None, nrows=None)

filename The path to the CSV file
sep Default(‘,’)
header v" default ‘infer’
v" Specifies which row(s) to use as the column names
v" 0: Use the first row as the header.
v 1: Use the second row as the header (0-indexed).
¥" None: The file has no header row, and Pandas will assign default integer
column names.
index_col v default None
v' Specifies which column(s) to use as the row index of the DataFrame
usecols v default None
v A list of column names or column numbers (0O-indexed) to read from the
file.
skiprows | v default None
v Number of rows to skip at the beginning of the file (int).
Nrows v default None
v" Number of rows of the file to read
ename eno desg sal deptno
a =mith e@8d1 =sales Person 28000 18
1 Jones e@@d2 Manager 458¢8 28
2 King e@8a3 Analyst 3688098 18
3 krishna e80884 Data Engineer 48000 1@
- khan 2835 Analyst 35008 28

df3 = pd.read_csv('emp.csv',usecols=[0,1,2],skiprows=[2,3])

print(df3)
enoc

4 e@Bol

1 ed204

2 e0B85

gname desg
smith sales Person

krishna Data Engineer

khan Analyst




3.2) read_table.

The primary purpose of pd.read_table() is to read data from a file (or a URL, file-like object,
etc.) where values are separated by a delimiter other than a comma (although it can also
handle comma-separated files).

v’

Syntax: pd.read_csv(filepath, sep=", , header='infer, index_col=None, usecols=None,
engine=None, skiprows=None, nrows=None)

filename The path to the CSV file
sep Default(* \t")
header v" default ‘infer’
v" Specifies which row(s) to use as the column names
v 0: Use the first row as the header.
v’ 1: Use the second row as the header (O-indexed).
v" None: The file has no header row, and Pandas will assign default integer
column names.
index_col v" default None
v" Specifies which column(s) to use as the row index of the DataFrame
usecols v" default None
v" A list of column names or column numbers (0-indexed) to read from the
file.
skiprows | v default None
v Number of rows to skip at the beginning of the file (int).
Nrows v" default None
v" Number of rows of the file to read
S emplixt X + = X |
File  Edit  View D A B
e AT ?g'éaa dfd = pd.read_table('empl.txt',sep="\1")
191 B 25008 ' -
102 c 27000| print(dfd)
EN0 ename zal
2 1@a A 20088
1 181 B 25008
Ln 4, Cal 12 49 characters 100%; Windey UTF-8| 2 162 C 2?668
Feature pd.read csv() pd.read table()
Primary Use Comma-separated files (.csv) General delimited files
Default sep , (comma) \t (tab)
Flexibility Less flexible regarding separator  More flexible (explicitly set sep )

Convenience

More convenient for CSV files Requires specifying sep for non-tab delimited




4 NUMPY

v" NumPy stands for Numerical Python.

v” It is a Python library used for working with an array.

v" In Python, we use the list for the array but it’s slow to process.

v" NumPy array is a powerful N-dimensional array object and is used in linear
algebra, Fourier transform, and random number capabilities.

v" It provides an array object much faster than traditional Python lists.

v" Types of Array:

1. One Dimensional Array
2. Multi-Dimensional Array
1. One Dimensional Array:
v~ A one-dimensional array is a type of linear array.

1 2 3 4 5
One Dimensional Array
Example:
# importing nu odul ¢ b D
import numpy as np
list = ;.; 2, 3, 4
;emnle;ar?au.-.1D:a"é;yi__;:}
print(“List in python : *, list)

print("Numpy Array in pythan :%,
sample_array)

Qutput:

List in python : [1, 2, 3, 4]
Numpy Array in python : [1 2 3 4]




Example:

import numpy as np

-

list 1 =1, 2, 3, 4]
list 2 = [5, &, 7, 8]
1ist 3 = [9, 18, 11, 12]

sample_array = np.array([list_1,
list_2,
list_3])

print("Numgy multi dimensional array in pythen\n*,
sample_array)

Output:

Numpy multi dimensional array in python
[[1 2 3 4]

[5 6 7 8]

[ 210 11 12]]

numpy.array(object, dtype=None, copy=True, order="K', ndmin=0)
This is the full syntax for the np.array() function in NumPy. Let's break down each parameter:
¢ object (required):
o This is the array-like object you want to convert into a NumPy array. It can be a:

* Python list or nested list
=  Python tuple or nested tuple
=  Another NumPy array
=  Any object that exposes the array interface
=  Any object whose __array__method returns an array

s dtype (optional):

o  The desired data type of the resulting array. If None (the default), NumPy will try to infer
the data type from the object.

o You can explicitly specify a NumPy data type (e.g., np.int32, np.float64, np.str_).
* copy (optional, default=True):
o If True, a new copy of the object is made.

o If False, NumPy will try to return a view of the original object if possible. Be careful with
this, as modifications to the view might affect the original object.

¢ order (optional, default="K'):
o Specifies the memory layout of the array:
= 'C": C-like row-major order.
= 'F": Fortran-like column-major order.

= A" Allow any order (NumPy might choose based on input).




= 'K":Keep order (try to match the input's order as closely as possible).

* ndmin (optional, default=0):

[s]

Specifies the minimum number of dimensions that the resulting array should have.
NumPy will add leading axes (dimensions of size 1) to meet this requirement.

In simpler terms, you'll often use np.array() with just the object you want to convert and sometimes
specify the dtype. The other parameters are for more advanced control over how the array is created.

Function
Name

Purpose

Basic Syntax

Example

np.array()

Creates an array from an existing
list, tuple, or array-like object.

np.array(object, dtype=None,
copy=True, order="K’,
subok=False, ndmin=0)

np.array([1, 2, 3])

np.zeros()

Creates an array filled with zeros.

np.zeros(shape, dtype=floart,
order='C")

np.zeros((2, 3)) (createsa 2x3
array of zeros)

np.ones()

Creates an array filled with ones.

np.ones(shape, dtype=float,
order='C")

np.ones(5)  (creates an array
of five ones)

np.empty()

Creates an array without
initializing entries (can contain
garbage values).

np.empty(shape, dtype=float,
order='C')

np.empty((2, 2)) (creates a 2x2
uninitialized array)

np.full()

Creates an array filled with a
specified scalar value.

np.full(shape, fill_value,
dtype=None, order='C")

np.full((3,), 7) (creates an array
of three sevens)

np.arange()

Creates an array with evenly
spaced values within a given
interval.

np.arange([start,] stop, [step,]
dtype=None, *, like=None)

np.arange(0, 10, 2) (creates [0,
2,4,6,8])

np.identity()

Creates a square identity array
(similar to np.eye() for square
matrices).

np.identity(n, dtype=None, *,
like=None)

np.identity(4) (createsa4x4
identity matrix)




[2] ¥ Creating single Dimensional Array from List using Muspy
import numpy as np
11=[45,23,67,54)
al= mp.array(ll)
print{"Single Dimencio Array with Mumpy “,21)

[4]

Single Dimensio Array with Numpy [45 23 67 54]

—

4] B Creating Two Dimedsicnal Array From Lists wsing Numpy
13=[3,2,3]
12=['hai', 'helle”, "hi’]
13=[2.4,5.6,3.4]
a2 = np.array([11,12,13])
print(a2)

T ([ 2 )
["hai® “helin® "hi®)
[rz.&" 's.6" '3.4"]]
[7] ¥ Creates an array filled with zeros,

zarr= np.zeros{(2,3))
print{zare)

5% [[e. 8. B.)
[e. 8. B.]]
[8] ¥ Creates an array Tilled with ones.

oarr= np.ones((2,3))
print{earr)

F (1. 1. 1)
(1.1 1.]]
[14] #Creates an array without Initlalizing eatries (can contain garbage values).

eart = np.empty((2,2))
printleart)

[[2.22e-322 1.14e-322]
[3.31e-322 2.67e-322]]

M|

[16] ¥ Creates an array filled with a specified scalar wvalus.
res = np.full{(3),7)
priatirez)

S [777]

[iB] ¥ Creates an array with evenly spaced values within a given Interval.
resl = np arange(@ 18, 2)
print{resl)

5% [ 2468




Universal Functions - Basic Unary Functions

np.abs(np.array([-1,-2,3])) -> (1,2, 3]

| np.abs() Element-wise absolute value.

| np.fabs() Element-wise absolute value (for floating-point types). np.fabs(np array([-1.5,-2.8, 3.1])} ->[1.5, 2.8, 3.1}
np.sqre() El wise square root. np.sqri(np.array((4, 9. 16])) -> [2,, 3., 4]
np.expl) El wise exponential (e”x). np.exploparray([0, 1,2])) -> [1., 271828183, 7.3850561 |
np.ceil() El ise ceiling (smallest integer >= x). np.ceilinp.array([1.2,2.7,-1.5)) -> [ 2,3, -1.]
np.floor() Element-wise floor (largest integer <= x). np.floor(nparray([1.2, 2.7,-1.5]1 -=[ 1. 2.-2]
np.round() El wise rounding to the nearest integer. np.round(np.array([14,16,-14,-1.6])) ->[1.,2,-1,-2]

np.rint(} Element-wise rounding to the nearest integer.

np.rint(np.array([1.4, 1.6,-14,-16]))->[1..2.,-1..-2]

np.sign() El wise sign (+1 for positive, -1 for negative, 0 for zero), np.sign{np.array([-2,0,31)) -» [-1,0,1]
np.cos{) El t-wise cosine, np.cos{nparray([0,np.pil)) = [ 1.,-1]

| np.sin{) Element-wise sine, np.sin(np.array([0, np.pi/21))}->[0., 1]
np.tan{) Element-wise tangent. np.tan(np.array([0, np.pi/4])) -> [ 0., 1.]
np.isnan() El wise check for NaN (Not a Number). np.snan(np.array([1 np.nan, 3])) -> [False, True, False|
np.isfinite( ) El wise check for finite numbers (not NaN or inf). npisfinite(np.array([1, np.inf, np.nan])) - [ True, False, False|
np.isinf(} El wise check for infinity. np.isinf{np.array([ 1, np.inf, np.nan|}) -> |False, True, False|




Binary tunctions,

| np.add() Element-wise addition. np.add(nparray([1, 2]), np.areay([3, 4])) - [4, 6]
np:subtesee() Element-wise subtraction (second array from the first). np.subtract{np.array([5, 3]}, np.array([2, 1]}) -= [3,2]
ap.multiply() El wise multiplication, np.multiply(nparray([2, 3]}, nparray([4, 51)) -= [ 8, 15]
np.divide() Element-wise division (first array by the secand). np.divide(nparray([10, 6]), np.array([2, 3])) -> [5, 2.]
floor divide() Element-wise floor division. npfloor_divide(np.array{[10, 7]), nparray([3, 3])) -> [3, 2]
" felizn;;}tl—wise exponentiation (first array to the power of the np;power(np.arcay((2,3]), nparray([3, 21)) -» (8, 9]
| npmod() El t-wise modulo (remainder of division). np.mod{np.array([7, 9]), np.array([3, 4]}) -> [1, 1]
| np.equal() Element-wise equality comparison. np.equal{nparray([1, 2]), np.array([1, 3]}) -» | True, False]
np.not_equal() Element-wise inequality comparison. np.not_equal{nparray([ 1, 2]), np.array(|1, 3])) -> [False, True]
| np.less() Element-wise less than comparison. npless(nparray([1, 2]), np.array([2, 1])) -= | True, False]
np.greater() Element-wise greater than comparison. npgreater{np.array([1, 2]), nparray([0, 3])) -= [ True, False|
| npless_equal() Element-wise less than or equal to comparison. npless_equal(nparray([1, 2]), nparray([2, 2])) -> [ True, True]
i st Bualt) Element-wise greater than or equal to comparison. np.greater_equal({np.array([1, 2|), nparray((0, 2])) -> | True, True]
logical and() Element-wise logical AND, nplogical_and{np.array{|True, False|), np.array([True, True|)) -> | True, False|
| nplogical_or() Element-wise logical OR. nplogical_or(np.array(| True, False]), nparray([False, True])) -> [ True, True]
np.logical not() Element-wise logical NOT (unary, but related). nplogical not(np.array([True, False])) -> [False, True]




6) File Input and Output with arrays

When working with numerical data using the NumPy library in Python, two fundamental tasks frequently
arise:

Saving Arrays: The need to store NumPy arrays, whether created through computation or manipulation,
to disk. This persistence allows for later use, sharing of data, and the preservation of work across different
sessions or systems.

Loading Arrays: The requirement to read data stored in files back into NumPy arrays for analysis and
pracessing. This enables the utilization of previously saved datasets or data originating from external
sources.

Building complete data analysis workflows with NumPy crucially requires understanding the input and
output capabilities, as they allow to persist the data and load it back seamlessly for further computation
and analysis.

Saving NumPy Arrays:

) np.save(file, arr): Saves a single NumPy array to a binary .npy file.

2) np.savez(file, *args, **kwds): Saves one or more NumPy arrays to a single
uncompressed .npz archive.

3) np.savez compressed(file, *args, **kwds): Savesone or more NumPy arrays
to a single compressed .npz archive.

4) np.savetxt(fname, X, fmt='%.18e', delimiter=' ', ...): Savesa NumPy
array to a plain text file.

Loading NumPy Arrays:
I) np.load(file, mmap mode=None, allow pickle=True, ...): Loads arrays from
.npy or .npz files. Returns a single array for .npy or a dictionary-like object for
.npz.

2) np.loadtxt(fname, dtype=float, delimiter=None, skiprows=0, ...): Loads
data from a plain text file into a NumPy array.

Saving NumPy Arrays

1) np.save (file, arr): Saves a single NumPy array to a binary .npy file.

import numpy as np

# Create a NumPy array
my_array = np.array([[1, 2, 3], [4, 5, 6]])

# Save the array to a .npy file
np.save( 'my_array.npy’', my_array)

print(“Array saved to my_array.npy”)

Array saved to my array.npy




import numpy as np

arrayl = np.array([106, 28, 38])
array2 = np.array([[©.1, ©.2], [@.3, e.4]])

# Save multiple arrays to a .npz file
np.savez('multiple arrays.npz’, arrl=arrayl, arr2=array2)

print("Multiple arrays saved to multiple_arrays.npz")

Multiple arrays saved to multiple arrays.npz

import numpy as np

large_array = np.random.rand(1008, 1000)

# Save a compressed archive
np.savez_compressed( ' compressed_array.npz’', data=large_array)

print(“Large array saved to compressed_array.npz (compressed)")

Large array saved to compressed_array.npz (compressed)

import numpy as np
text_array = np.array([[1.1, 2.2, 3.3], [4.4, 5.5, 6.6]])

# Save to a text file
np.savetxt('text array.txt', text array, delimiter=',’, fmt="%.2f", header='Columni,Column2,Column3’)

print("Array saved to text array.txt")

Array saved to text array.txt




Loading NumPy Arrays:

1) np.load(file, mmap mode=None, allog_pick1e=rrue, e Loadsanﬁysfhnn
.npy or .npz files. Returns a single array for .npy or a dlctmnary like object for .npz.

import numpy as np

# Load the single array from .npy file
loaded_array = np.load( 'my_array.npy’)
print("\nLoaded array from .npy:\n", loaded_array)

# Load multiple arrays from .npz file

loaded_multiple = np.load('multiple_arrays.npz')

print("\nLoaded arrays from .npz:")

print(“Array 1:", loaded multiple[‘arrli'])

print("Array 2:", loaded multiple[‘'arr2’'])

loaded multiple.close() # It's good practice to close .npz files

Loaded array from .npy:
[[12 3]
[4 5 6]]

Loaded arrays from .npz:
Array 1: [10 20 3@]
Array 2: [[@.1 @.2]

[6.3 8.4]]

2) np.loadtxt (fname, dtype=f10at delimiter=None, skiprows=0, ...):Loads data

import numpy as np

# Load from the text file
loaded_text_array = np.loadtxt('text_array.txt', delimiter=',', skiprows=1) # Skip the header row
print("\nLoaded array from text file:\n", loaded text_array)

Loaded array from text file:
[[1.1 2.2 3.3]
[4.4 5.5 6.6]]

i For saving and loading single NumPy arrays with full precision and type information, use
np.save () and np.load().

i For saving and loading multiple NumPy arrays in a single file, use np.savez() and
np.load(). Consider np.savez compressed () for large datasets to save disk space.

i For saving data in a human-readable format or for interoperability with other tools, use
np.savetxt () and np. Loadtxt (). Be mindful of potential loss of type and shape information.




7) Linear Algebra -
7.1) commonly used linalg functions
Transpose:

You can transpose a matrix using the T
attribute or the np.transpose() function.

import numpy as np

A = np.array([[1, 2], [3, 4]])
print(“Original Matrix A:\n", A)
print("Transpose of A (A.T):\n", A.T)

Original Matrix A:

[f1 2]

[3 4]]

Transpose of A (A.T):

[[1 3]

[2 4]]

Tr of A (np.tr P

(8)):

print(“Transpose of A (np.transpose(A)):\n", np.tr p {A))

[[1 3]
[2 4]]

Matrix Multiplication:

You can perform matrix multiplication
using the @ operator (Python 3.5+) or the
np.matmul() function. For element-wise
multiplication, use the * operator.

b= W-ﬁf'f‘ﬂﬁi[i 6]1 [?’ 811}

print("Matrix B:\n", B)

print("Matrix Multiplication (A @ B):\n", A @ B)

print("Matrix Multiplication (np.matmul(A, 8)):\n", np.matmul(A, B)
print("Element-wise Multiplication (A * B):\n", A * E)

Matrix B:

[5 6]

[7 8]]

Matrix Multiplication (A @ B):

[[12 22]

[43 50]]

Matrix Multiplication (np.matmul(a, B)):
[[19 22]

[43 58]]

Elemant-wise Multiplication (A * B):
[[ 5 12]

f21 327

elements of a

np.trace().

square matrix using

print(“Trace of A:", trace_A)

gaemina?ﬁf Ca]culatlta 5 Fhe det_A = np.linalg.det(A) Determinant of A: -2.0080090000080
eterminant of a square matrix using | _ . T .o Cl s ool e 0t der Ay

np.linalg.det(). : — = = -

Rank: Determine the rank of 8 matriX | ¢ _ oy array(ir1, 2, 31, (4, 5, 61, [7, &, 91]) Rank of C: 2

using np.linalg.matrix_rank(). The rank | rank_c = np.1inalg.matrix_rank(c)

represents the number of lnearly | print("Rank of C:", rank_C)

independent rows or columns.

Trace: Calculate the sum of the diagonal | e 4 - np.trace(a) Trace of A B

Matrix Inversion:
Calculate the inverse of a square, non-
singular matrix using np linalg.inv().

inv_A = np.linalg.inv(A)
print(“Inverse of A:\n", inv_A)

Inverse of A;

[[-2. 1.]
[ 1.5 -8.5]]




Solving Linear Systems:

To solve a system of linear equations
represented as Ax=b using np.linalg.solve().
Here, A is the coefficient matrix, b is the
constant vector, and x is the vector of
unknowns.

a = np.array([[2, 1], [1, 311}

b = np.array([4, 5])

x = np.linalg.solve(a, b)

print{"solution for x in 2x + y = 4 and x + 3y = 5:", %)

Solution for x in 2x + v = 4 and x

Eigenvalues and Eigenvectors:

Find the eigenvalues and eigenvectors of a
square matrix using nplinalg.eig(). The
funetion returns a tuple: the first element is
an array of eigenvalues, and the second
element is a matrix where each column is
the eigenvector corresponding to the
eigenvalue at the same index.

eigenvalues, eigenvectors = np.linalg.eig(A)
print("Eigenvalues of A:", elgenvalues)
orint("Eigenvectors of A:\n". eigenvectors)

Eigenvalues of A: [-@.37228132 5.3
Eigenvectors of A:

[[-2.82456484 -B.41597356]

[ @.56576746 -9.98937671]]




