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The groupby method

e The groupby method helps us answer questions that involve performing some computation

separately for each group.

e Most commonly, we'lluse groupby, select column(s) to operate on, and use H)uilt-in aggregation

method. - e 'H/\o
‘6\:’y51y"Z:]"e*j,c,‘ﬂ\

In [5]: # The median 'bill_length_mm' of each ' SPEC1ES rm—

penguins.groupby(‘'species') ['bill_length_mm'].median() '(5 CP ara'h’,j) _f;'r ea_CM

W
| "

Out[5]: species -

Adelie 38.85 u .}?@ Cl e S/. N—

Chinstrap 49.55
Gentoo 47.40

¢f”) Name: bill_length_mm, dtype: float64
~ 3
/ Wex  autmat aﬂ»a st "species
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e Most commonly, we'lluse groupby, select column(s) to operate on, and use a built-in aggregation

method.

In [5]: # The median 'bill_length_mm' of each 'species'.
penguins.groupby('species') ['bill_length_mm'].median()

Out[5]: species

Adelie 38.85
Chinstrap 49.55
Gentoo 47 .40

Name: bill_Llength_mm, dtype: float64

e There are four other special "grouping methods" we learned about last class that allow for advanced
behavior,namely agg, filter, transform,and apply. .Druun

See " .. The grouping method cheat sheet" from last lecture for examples.
Dream
B, — rea
In [6]: # The most common 'island' per 'species’'. /, 'SCO ‘(
penguins.groupby('species')['island'].agg(lambda s: s.value_counts().idxmax())

Out[6]: species ™w
Adelie Dream . COM"‘ =
Chinstrap Dream
Gentoo Biscoe

Name: island, dtype: object

In [ ]1: # Keeps the 'species' with at least 100 penguins.
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e There are four other special "grouping methods" we learned about last class that allow for advanced
behavior,namely agg, filter, transform,and apply.

See " . The grouping method cheat sheet" from last lecture for examples.

In [6]: # The most common 'island' per ‘'species'.

penguins.groupby( 'species')['island'].agg(lambda s: s.value_counts().idxmax())

Out[6]: species

Adelie Dream
Chinstrap Dream
Gentoo Biscoe

Name: island, dtype: object

In [7]: # Keeps the 'species' with at least 100 penguins.
penguins.groupby('species').filter(lambda df: df.shapel[@] >= 100)

Atk species island bill_length_mm bill_depth_mm flipper_length_mm body_mass_g sex
0 Adelie Dream 41.3 20.3 194.0 3550.0 Male
1 Adelie Torgersen 38.5 17.9 190.0 3325.0 Female
2 Adelie Dream 34.0 171 185.0 3400.0 Female
326 Adelie Dream 411 18.1 205.0 4300.0 Male
331 Adelie  Dream 39.7 17.9 193.0 4250.0 Male

(Zﬁ e not2%2, “Vae Aoerr

ws x 7 columns
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Grouping with multiple columns

e When we group with multiple columns, one group is created for every unique combination of

elements in the specified columns.

an 3 X 3 = 9 rows, when there are 3 unique

In the output below, why are there only 5 rows, rather ecies' and 3 unique 'island’ s?

In [8]: # Read this as:
species_and_island = (
penguins.groupby(['species', 'island']) # for
[['bill_length_mm', 'bill_depth_mm']].mean() # cal

very combination of 'species' and 'island' in the DataFrame,
late the mean 'bill_length_mm' and the mean 'bill_depth_mm'.

)

species_and_island

OQut[8]:
bill_length_mm bill_depth_mm

species island

Adelie Biscoe 38.98 18.37
Dream 38.52 18.24 - v" 0“\ 0 E LQ

Torgersen 39.04 18.45

. 4 l
Chinstrap Dream  48.83 18.42 , 6’ a W ©

Multi nAe X
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Pivot tables: An extension of grouping

e Pivot tables are a compact way to display tables for humans to read.

sex Female Male

species

Adelie 3368.84 4043.49
Chinstrap 352721 3938.97

Gentoo 4679.74 548484

T»Fw\w \2

DASMESS

&9 P(:}Afh‘ov‘
povtved dectn
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Pivot tables: An extension of grouping

e Pivot tables are a compact way to display tables for humans to read.

o~ Cv ﬁ,(mu
se Female Male
i

3368.84 4043.49 Vsex

Adelie
Chinstrap B527.21 3938.97

Gentoo 4679.74 548484

e Notice that each value in the table is the average of 'body_mass_g' of penguins, for every
combination of 'species’' and 'sex’.

e You can think of pivot tables as grouping using two columns, then "pivoting" one of the group
labels into columns.
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index='species’,
columns='sex',
values='body_mass_gqg',

aggfunc="'mean’ 61
) Y *”'O Yea

Out[11]:
sex Female Male L

species 5 AM@ (y\fo
Adelie 3368.84 404349 g

Chinstrap 352721 3938.97
Gentoo 4679.74 5484.84

In [13]: penguins.groupby(['species', 'sex'])[['body mass _g'l].mean()

Out[13]:
body_mass_g
species sex
Adelie Female 3368.84
Male 4043.49 L/
Chinstrap Female 3527.21
Male 3938.97
Gentoo Female 4679.74
9 Male 5484.84
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Out[20]: species island g;fCDQ P’(a/v\ To\f -

Gentoo Biscoe 119

Chinstrap Dream 68 Ade,[l\e

Adelie Dream 5o

Torgersen 47
Biscoe 44 dﬂ.{»l M
Name: count, dtype: int64
brewtpo

e But the data is arguably easier to interpret when we do use pivot_table:

In [ ]: penguins.pivot_table(
index="|"

)

i )
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Torgersen 2
Biscoe 44
Name: count, dtype: int64

e But the data is arguably easier to interpret when we do use pivot_table:

In [22]: penguins.pivot_table(
index="'species’,

columns="'island"', Z "Ua lwc 3 doegpt >IL v

values='body _mass_qg',

aggfunc='cou;t' B "H‘t./ ({a Qs\\f\g_
)

Out[22]: Cd‘(ht

island Biscoe Dream Torgersen

species

Adelie 44.0 55.0 47.0
Chinstrap NaN 68.0 NaN
Gentoo 119.0 NaN NaN

2 )
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Torgersen 2
Biscoe 44
Name: count, dtype: int64

e But the data is arguably easier to interpret when we do use pivot_table:

In [22]: penguins.pivot_table(
index="'species’,
columns="'island’',
values='body_mass_g',
aggfunc='count’

Out[22]: [
island Biscoe Dream Torgersen

engn
spocies ny  Chuw S‘Wg ”TMJ :
Adelie 44.0 55.0 420
w ()

Chinstrap NaN
Gentoo 119.0 NaN NaN

2 )
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O
Example: Phone sales f

In [31]: # The DataFrame on the left contains information about phones on the market.
# The DataFrame on the right contains information about the stock I have in my stores.

dfs_side_by side(phones, inventory)
Unit E
Model Prge Screen 0 iPhone 16 Pro Max 5C Briarwood +
0 iPhone 16 @ 6.1 iPhone 16 @ Somerset ” O { ? i 9

Handset S Store

—

1 iPhone 16 Pro Max V9 6.9

= 2 Pixel 9 Pro 10 Arbor Hills
2 Samsung Galaxy S24 Ultra 1299 6.8 3 Pixel 9 Pro 15 12 Oaks
: y;
3 Pixel9Pro 999 63 4 iPhone 16 100 Briarwood 0
5 iPhone 15 5 Oakland Mall '

o Question: If | sell all of the phones in my inventory, how much will | make in revenue?

2 )
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0 In [41]: phones.merge(inventory, left_on='Model', right_on='Handset', how='inner')
Out[41]:
Model Price Screen Handset Units Store
0 iPhone 16 799 6.1 iPhone 16 40 Somerset
1 iPhone 16 799 6.1 iIPhone 16 100 Briarwood
2 iPhone16 ProMax 1199 6.9 iIPhone 16 Pro Max 50 Briarwood
3 Pixel 9 Pro 999 6.3 Pixel © Pro 10 Arbor Hills
4 Pixel 9 Pro 999 6.3 Pixel © Pro 15 12 Oaks

In [42]: phones,merge(invento left_on='Model', right_on='Handset', how='left')

e "
Out[42]:
Model Price Screen Handset Units Store r W Y Dw
0 iPhone 16 799 6.1 iPhone 16 40.0 Somerset 5
1 iPhone 16 799 6.1 iPhone 16 100.0 Briarwood FYL)A/\ FI . '
2 iPhone 16 Pro Max 1199 6.9 iPhone 16 Pro Max 50.0 Briarwood
3 _Serfisung Galaxy S24 Ultra 1299\ 6.8 NaN evyenn ol 1o i
) \
—Rixel-0-Rre 599 6.3 Pixel 9 Pro "Y\ t ANV Y
5 Pixel 9 Pro 999 6.3 Pixel 9 Pro 15.0 12 Oaks V‘ﬂl M
- In [ I: phones.merge(inventory, left_on='Model', right_on='Handset', how='right"') >>
21. 1




localhost

® x | // v O O T | ¢

4 Pixel 9 Pro 999 6. Pixel'Y Pro Daks

In [42]: phones.merge(inventory, left_on='Model', right_on='Handset', how='left')

Out[42]:

Model Price Screen Handset Units Store
0 iPhone 16 799 6.1 iPhone 16 40.0 Somerset
1 iPhone 16 799 6.1 iPhone 16 100.0 Briarwood
2 iPhone 16 Pro Max 1199 6.9 iPhone 16 Pro Max 50.0  Briarwood
3 Samsung Galaxy S24 Ultra 1299 6.8 NaN NaN NaN
4 Pixel 9 Pro 999 6.3 Pixel 9 Pro 10.0  Arbor Hills
5 Pixel 9 Pro 999 6.3 Pixel © Pro 15.0 12 Oaks

In [43]: phones.merge(inventory, left_on='Model', right_on='Handset', how='right"')

Out [43]:

Model Price Screen Handset Units Store

0 iPhone16 ProMax 1199.0 6.9 iIPhone 16 Pro Max 50 Briarwood

1 iPhone 16 799.0 6.1 iIPhone 16 40 Somerset

2 Pixel 9 Pro 9990 6.3 Pixel 9 Pro 10 Arbor Hills

3 Pixel 9 Pro 9990 6.3 Pixel 9 Pro 15 12 Oaks

4 iPhone 16 799.0 6.1 e 16 100  Briarwood

5 _MaN NaN NaN iIPhong 15 5 Oakland Mall

I In [ ]: phones.merae(inventorv. left on='Model'., riaht on='Handset'

how="'outer')

21 D
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0 iPhone16 ProMax 1199.0 6.9 iPhone 16 Pro Max 50 Briarwood

1 iPhone 16 799.0 6.1 iPhone 16 40 Somerset

2 Pixel 9 Pro 9990 6.3 Pixel 9 Pro 10 Arbor Hills

3 Pixel 9 Pro 9990 6.3 Pixel 9 Pro 15 12 Oaks

4 iPhone 16 799.0 6.1 iPhone 16 100  Briarwood

5 NaN NaN NaN iPhone 15 5 Oakland Mall

In [44]: phones.merge(inventory, left_on='Model', right_on='Handset', how='outer")

Out[44]:
Model Price Screen Handset Units Store
0 iPhone 16 799.0 6.1 iPhone 16 40.0 Somerset k ;
1 iPhone 16 799.0 6.1 iPhone 16 100.0 Briarwood 'p
iPhone 16 Pro Max 1199.0 6.9 iIPhone 16 Pro Briarwood

Samsung Galaxy S24 Ultra 1299.0 6.8
Pixel 9 Pro 9990 6.3 Pixel 9 Pro 10.0  Arbor Hills

Pixel 9 Pro 80000 6.3 Pixel 9 Pro 15.0 12 Oaks
m Phone 15 5.0 Oakland Mall

€ uﬁMV‘a l.

o O b~ W N

7 21.1>
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inventory.groupby('Handset') ['Units'].sum()

Handset | Units Store
0 | iPhone 16 Pro Max| 50 Briarwood
1 iPhone 16| 40 Somerset
2 Pixel 9 Pro 10 Arbor Hills
3 Pixel 9 Pro 15 12 Oaks
4 iPhone 16 | 100 Briarwood
5 iPhone 15 5 Oakland Mall

suggest improvement

0

o A wWN

inventory.groupby('Handset') ['Units'].sum()

.

-

Handset Units Store
0 iPhone 16 Pro Max 50 Briarwood
1 iPhone 16 40 Somerset
2 Pixel 9 Pro 10 Arbor Hills
3 Pixel 9 Pro 15 12 Oaks
4 iPhone 16 100 Briarwood
5 iPhone 15 5 Oakland Mall

suggest improvement

o A WN

inventory.groupby('Handset') ['Units'].sum()

Series

a B W N

50
40
10
15
100
5

suggest improvement

O pin

O no-hover

Series
Handset
Pixel 9 Pro 25
iPhone 15 5
iPhone 16 140

iPhone 16 Pro Max 50

Handset Units Store

iPhone 16 Pro Max 50 Briarwood
iPhone 16 40 Somerset

Pixel 9 Pro 10 Arbor Hills

Pixel 9 Pro 15 12 Oaks

iPhone 16 100 Briarwood

iPhone 15 5 Oakland Mall

Series
50
40
10
15
100

URL: | https://pandastutor.com/vis.htmi#code=%23%20The%20code%20below%20just%20i

Report bugs or send feedback | FAQ and unsupported features | Join our private mailing_list

@D
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In [46]: left
left

set(phones['Model'])

Outl46]: {'Pixel 9 Pro', 'Samsung Galaxy S24 Ultra', 'iPhone 16', 'iPhone 16 Pro Max'}
In [47]: inventory['Handset']

OQut[47]: iPhone 16 Pro Max

0

1 iPhone 16

2 Pixel 9 Pro

3 Pixel 9 Pro

4 iPhone 16

5 iPhone 15

Name: Handset, dtype: object

In [48]: right = set(inventory['Handset'])
right

Qutl[48]: {'Pixel 9 Pro', 'iPhone 15', 'iPhone 16', 'iPhone 16 Pro Max'}

e To quickly check which join key values are in the left DataFrame but not the right, or vice versa, create

sets out of the join keys and use the difference method. /
W/ULL‘ ((ew«'ﬁ ASE | » e-z :-E
G

In [49]: left.difference(right) f ,_,. . L\
bu Nno ™9

Outl49]: {'Samsung Galaxy S24 Ultra'}

In [50]: right.difference(left)

Out[50]: {'iPhone 15'} )}
» fl 23.1




localhost

& x @/ v O O T @

Without writing code, how many rows are in
midwest_cities.merge(schools, m

In I52]:

I F 1=

il 1:

A 4 C.6 D.7 E.8

dfs_side by side(midwest_citi€s, schools)

name city state graduation_rate

. state today_high_temp 0 University of Michiga ichiggh™ 0.87

1 University of Chicago llipoi 0.94
2 Wayne State Universit Pichigan, 0.78

3 Johns Hopkins University Baltimore MaryTand 0.92

4 UC San Diego La o Seliferpia 0.81

5 Concordia U-Ann Arb W’ an  0.83

6 Michigan State Universi East Lansmg Mi 0.91

QA+ [+ c/j
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Followup activity

Without writing code, how many rows are in midwest cities.mer
on="'state')?

-+ H+H =13

In [53]: dfs_side by side(midwest_cities, schools)

In [ ]:

1l L=

city state today_high_temp

Ann Arbor 9

Detroit Michigan &3 < \

—~
Chicago 7 lllinois )87

East Lansing Michigan 87 L’

name city state graduation_rate
University of Michi rbor Michigan 0.87
“
niversity of.Civicago Chicago lllinois 0.94
Wayne State %R Detroit Michigan 0.78
P———
Jo Jopkins University Baltimore Maryland 0.92
an biege La Jolla California 0.81
Concordia C»Ann Arbor  AsALhor Michigan 0.83
R
Michigan State Universify=East Lansing Michigan 0.91
“

hools,

@ O



13 rows x 6 columns
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In [57]: dfs_side_ by side(midwest_cities, schools)

ay_high_temp

<X

0 Ann Arbor Michigan 79

1 Detroit Michigan 83
2 Chicago lllinois 87

3 EastlLansing Michigan 87

In [56]: midwest_cities.merge(schools) K—\/ ,rf L{OIA

O T &

name < city state Ehduation_rate

0 University of Michigan

Ann Arbor Michigan 0.87

1 University of Chicago Chicago lllinois 0.94
2 Wayne State University Detroit Michigan 0.78
3 Johns Hopkins University Baltimore Maryland 0.92
4 UC San Diego La Jolla California 0.81
5 Concordia U-Ann Arbor  Ann Arbor Michigan 0.83
6 Michigan State University East Lansing Michigan 0.91

Aov t Sf“i]cg
e “on’

Out [56]:
ay_high_temp

name graduation_rate °
0 Ann Arbor Michigan 79 University of Michigan 0.87 ‘ g M
1 Ann Arbor Michigan 79 Concordia U-Ann Arbor 0.83 ﬂ ( l ha.'d
2 Detroit Michigan 83 Wayne State University 0.78 -//: ‘f/——
3 Chicago lllinois 87 University of Chicago 0.94 C.o [‘4 v v A AL S‘
4 EastlLansing Michigan 87 Michigan State University 0.91
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e The Series app Ly method allows us to use a function on every element in a Series.

In [93]: def clean_term(term_string):
return int(term_string.split()[0])

k- [92] 8

Out[92]:

In [94]:

Qut[94]:

In: 195]:

Qut[95]:

In [96]:

Qut[96]:

int('60 months'.split()[0])

60

clean_term('544 months')

544

clean_term('36 months')

36

loans['term'].apply(clean_term)

0
1
2
6297

6298
6299

Name:

60
36
36
60
60
60

term, Length: 6300, dtype:

int64

>3
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e Mental model: the

that comes before .str.

In [101]:

Qut[l01]:

In [103]:

Out[103]:

In L i:

>3

S.Str.

/s ¢v O3 O T ¢

. STIr Is used on every element of the Series

# Here, we use .split() on every string in loans['term'].

loans['term']

D (O DL L

36 months

N =S

629
6298
629
Nam

loa
0
1
2

6297
6298
6299

60 months
60 months

60,

T W

months]
months’
months]

months]
months]
months]

‘ nths
2 5 rm, Length™~6300, dtype: object
\L.

['term'].str.split()

S Y

Ly

Name: tefm, Length: 6300, dtype: object

In 1 -k: .

~3?\H’(_> o evevr

dw\rua, M

00U S C‘q'iwm‘\

.t )



In [101]:

Qut[101]:

In [103]:

OQut[103]:

In [110]:

Out([110]:

1 if o I 1 -

localhost

# Here, we use .split() on Ve
loans['term']

0
1
2
6297

6298
6299

Name: term, Length:

60
36
36

60

60
60

months
months
months
months
months
months

loans['term'].str.split()

(60,
60,

[60, month

1365

60,

onths|
months’

months’
months]
months|

2: term, Lqu" 6300,

6300, dtype: object

pe: ob)pef\/)

loans['term'].str.split(). str[@] astype(int)

0
1
2

6297
6298
6299
Name:

‘36

60
60
60

Senr € S

term, Length: 6300, dtype: int64

does (0]

o eV
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0 e \When dealing with value
to "timestamp” objects.

In [111]: # Stored as strings.
loans|['issue_d']

OQut([111]: o Jun-2014
1 Jun-2017
2 Dec-2016

6297 Nov-2015
6298 Dec-2014
6299 Jun-2015

Name: issue_d, Length: 6300, dtype: object
Zac[/\ Q/‘ 6

e Todo so, we use the pd.to_datetime function.

)
It takes in a date format string; you can see examples of how they work here. [ { 0 s
®
In [112]: pd.to_datetime(loans['issue_d']) fl"e/{') W
A

Out[112]: o 2014-06-01
1 2017-06-01
2 2016-12-01

6297 2015-11-01

6298 2014-12-01
6299 2015-06-01
‘1, Name: issue_d, Length: 6300, dtype: datetime64[ns]




X

localhost

e |nere are aTtew steps wew
= Convertloan 'term' stointegers.

= Convert loan issue dates, '1ssue _d's, to timestamps.

e When we manipulate DataFrames, it's best to define individual functions for each step, then
use the pipe method to chain them all together.

The pipe method takes in a function that maps DataFrame — anything, but typically anythingis a DataFrame.

ytokes o & D

In [118]: def clean_term_column(df):

return df.assign( t:)'._- o
term=df['term'].str.split().str[0].astype(int) (ef(:’um f a

) w

def clean_date_column(df):
return (

df
.assign(date=pd.to_datetime(df['issue_d'], format='%b-%Y'))
.drop(columns=["'issue_d'])

In [ ]: B0

In [ 1: # Same as above, just way harder to read and write.




