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Mid-Term

Q23 [2 points], This will print False, why?

 fuel_needed = 42/1000

 tank1 = 36/1000

 tank2 = 6/1000

 print(tank1 + tank2 >= fuel_needed)

0.041999999999999996 >= 0.042



Overview

● Tidy Data
● Data formats
● Pandas

○ Series
■ Indices & Accessing Items
■ Applying functions
■ Boolean Masks
■ Missing values

○ Combining Series in DataFrames
■ Selecting rows and columns
■ Filtering values
■ Grouping
■ Merge/concatenation

○ Plotting in pandas



How to format data!



Lots of data is messy and hard to parse programmatically

https://medium.com/@miles.mcbain/tidying-the-australian-same-sex-marriage-postal-survey-data-with-r-5d35cea07962



Tidy data is a standardised way of formatting data

https://bradleyboehmke.github.io/uc-bana-7025/lesson-3c-tidy-data.html
Illustrations from the Openscapes blog Tidy Data for reproducibility, efficiency, and collaboration by Julia Lowndes and Allison Horst"

https://www.openscapes.org/
https://www.openscapes.org/blog/2020/10/12/tidy-data/


Standardised data enables standardised code

Illustrations from the Openscapes blog Tidy Data for reproducibility, efficiency, and collaboration by Julia Lowndes and Allison Horst"

https://www.openscapes.org/
https://www.openscapes.org/blog/2020/10/12/tidy-data/


Standardised data enables standardised code

Illustrations from the Openscapes blog Tidy Data for reproducibility, efficiency, and collaboration by Julia Lowndes and Allison Horst"

https://www.openscapes.org/
https://www.openscapes.org/blog/2020/10/12/tidy-data/


Example of untidy -> tidy data

https://medium.com/@miles.mcbain/tidying-the-australian-same-sex-marriage-postal-survey-data-with-r-5d35cea07962



Example of untidy -> tidy data

https://medium.com/@miles.mcbain/tidying-the-australian-same-sex-marriage-postal-survey-data-with-r-5d35cea07962



“Tidy data” can be converted between “wide” and “long”

Long dataWide Data

“Melting”

“Pivoting”



Tidy Data

Data munging (and cleaning) is the hardest part of scientific data analysis 



How is data stored in files?



Many different data file-formats

● Excel (.xls/.xlsx)

● Comma-separated values (.csv/.tsv)

● Javascript Object Notation (.json)

● Extensible Markup Language (.xml)

● Databases (SQL/noSQL)

Many other markup languages (.html/.yaml/.toml/.hcl/.ini)



Tabular Data in Python: Pandas



Pandas

Comprehensive Python library for data manipulation and analysis, in particular 
tables and time series.

● Pandas data frames = tables
● Same concept as R data.frames/tibbles; STATA/SAS data sets; excel sheets
● Most widely used data library in python
● Supports interaction with CSV, SQL, JSON,  ...
● Integrates directly with rest of “PyData” ecosystem e.g., Jupyter, numpy, 

matplotlib



Built on top of numpy: efficient arrays/matrices and maths!



I/O of many formats built-in to pandas

https://pandas.pydata.org/pandas-docs/stable/user_guide/io.html



Other data manipulation libraries in Python

● Polars (pola.rs) 
○ Recent multi-threaded rust-based python library
○ Mostly compatible with pandas syntax
○ Very fast for data that fits into your computer memory

● Dask (dask.org) 
○ Multi-threaded package for distributed and out-of-core
○ Great for data bigger than memory and analyses across computers 
○ Mostly compatible with pandas syntax
○ Dask scales from single machines to clusters

● PySpark (spark.apache.org)
○ Python interface to Apache Spark dataframes
○ Quite different interface
○ Built for massive datasets across large numbers of computers

● csv (docs.python.org/3/library/csv.html)
○ Standard library installed by default in python
○ Mostly just a parser for I/O of CSV files
○ Very slow

https://pola.rs/
https://www.dask.org/
http://spark.apache.org
http://docs.python.org/3/library/csv.html


How to use Pandas



Series and DataFrames

Pandas provides two types of classes for handling data:

1. Series: a one-dimensional labeled array holding data of any type such as integers, 
strings, Python objects etc.

2. DataFrame: a two-dimensional data structure that holds data like a two-dimensional 
array or a table with rows and columns.

https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.Series.html#pandas.Series
https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.DataFrame.html#pandas.DataFrame


Pandas Series: fast dictionary for storing 1-dimensional 
dataimport pandas as pd

s_i = pd.Series([1, 3, 5])

s_i

0    1

1    3

2    5

dtype: int64

● Basically a fancy dictionary that can be named and uses default positional index or a custom index
● Access values: .at[index], .iat[position], or .loc[index or iterable of indices]
● Other useful methods:

○ .dtypes: get the types of each item in Series
○ .index: get the index of the Series and .values get just the values in the Series
○ .size: get the number of values in the Series (i.e., s_l.size would return 3 
○ .shape: get the shape of the Series (i.e., s_l.shape would return (3,)
○ .name: get the name (i.e., s_l.name would return “text”)

s_l = pd.Series([1, ‘A’, [1.0, 2.0]], 

                index=[‘A’, ‘B’, ‘C’]

 name=’text’)

s_l

A    1

B    ‘A’

C    [1.0, 2.0]

Name: text dtype: object

print(s_l.at[‘C’])

[1.0, 2.0]

print(s_l.iat[2])

[1.0, 2.0]

print(s_l.loc[[‘A’, ‘B’]])

A 1

B A

Name: text, dtype: object



Series are mutable and have lots of useful methods

s_x.at[‘A’] = 10

s_x.at[‘A’]

10

s_x.loc[:] = [1.0, 1.0, 1.0]

s_x

A 1.0

B 1.0

C 1.0

Name: nums, dtype: float64

s_x = pd.Series({‘A’: 1, ‘B’: 2.0, ‘C’: 5}, 

name=”nums”)

s_x

A    1

B    2.0

C    5

Name: nums dtype: object

print(s_x.sum(), s_x.mean(), s_x.median()

s_x.max(), s_x.min(), s_x.std())

8.0 2.6665 2.0 5.0 1.0 2.0816
Why float64 not just “float”? pandas uses 
more efficient types from numpy



Applying functions to Series
s_x = pd.Series({‘A’: 1, ‘B’: 2.0, ‘C’: 5})

s_x = s_x.apply(lambda x: x+1)

s_x

A 2.0

B 3.0

C 6.0

dtype: float64

s_x / 2  # same as s_x.div(2)

A 0.5

B 1.0

C 2.5

Name: nums, dtype: float64

pd.Series({‘A’: 1, ‘C’: “text”}) * 2

A       2

C texttext

dtype: object

● Series implement methods that allow you to perform a variety of data 
manipulation operations (add, div, mult, power etc) and special methods that 
let you use operators.



Many more functions associated with data
s_x = pd.Series({‘A’:5.0, ‘B’:1.0, ‘C’:3.0})

s_x = s_x.sort_values()

s_x

B 1.0

C 3.0

A 5.0

dtype: float64

s_y = pd.Series({'A':50, 'B':15, 'C':20})

s_y = s_y.rank()

A    3.0

B    1.0

C    2.0

dtype: float64

● Many other methods such as sort_values, rank, sample etc.



A list of boolean values can be used to filter a Series
s_fil = pd.Series([1, 4, 10])

0 1

1 4

2 10

dtype: int64

s_fil[[True, False, False]]

0 1

dtype: int64 

s_fil[~[True, True, False]]

2 10

dtype: int64

bools = s_fil >= 4

bools

0 False

1 True

2 True

dtype: bool

s_fil[bools] 

# alternatively: s_fil.loc[bools]

1 4

2 10

dtype: int64

List of boolean values is 
sometimes called a 
“mask”

Commonly we apply a 
mask to filter values 
from a Series

~ works like not it flips 
the boolean values



Missing values are important in real-world data

s_nan.dropna()

0     1.0

2 100000.0

dtype: float64

import numpy as np

s_nan = pd.Series([1, np.nan, 1e5])

0     1.0

1     NaN

2 100000.0

dtype: float64

s_nan.isna()

0 False

1 True

2 False

dtype: bool

With missing values we can:

● Drop them (s_nan.dropna() or s_nan[~s_nan.isna()])
● Replace them (s_nan.fillna(0))
● Live with them (make sure your code handles them 

appropriately though)

s_nan.fillna(0)

0     1.0

1     0.0

2 100000.0

dtype: float64s_nan[~s_nan.isna()]

0     1.0

2 100000.0

dtype: float64



Combining Series into a DataFrame



A collection of Series (of equal length) form a DataFrame
 df = pd.DataFrame({‘x’: pd.Series([1,2]), 

         ‘y’: pd.Series([3,4])})

df

      x     y

0     1     3

1     2     4

pd.DataFrame([[1, 2], [3, 4]],  

  columns=['x', 'y'])     

      x     y

0     1     3

1     2     4

pd.DataFrame({‘x’: [1,2], 

              ‘y’: [3,4]})

      x     y

0     1     3

1     2     4

Individual Columns AND Rows are Series



pd.read_x for parsing data files to a DataFrame 

● pd.read_csv(FILEPATH) - default delimiter/separator is a “,”
● Read TSVs with pd.read_csv(FILEPATH, sep=’\t’) 
● Also pd.read_excel, pd.read_json, pd.read_xml etc



Selecting columns and rows

df = pd.read_csv('countries.csv')

countries['name'] # select column

countries.name # same as above

countries[['name', 'capital']] # select 
multiple columns

countries.head(2) # first two rows

countries[1:3] # slicing rows, rows 1 and 2

countries[::2] # slicing rows, 

0
1
2
3



Selecting by labels

df = pd.read_csv('countries.csv')

countries.at[1] # first position row

pd.Series: Germany, 828000, 357165, ‘Berlin’

countries.at[0, area] # row, column 

42931 # value

countries.loc[:, ‘capital’] # series capitals

countries.loc[[2,3], [‘name’, ‘capital’]]

name capital

2 USA Washington, D.C.

3 Iceland Reykjavik

0
1
2
3

Same as Series
Single value:
df.at[row_index, 
        col_name(optional)] 
Multiple values:
df.loc[>=1 row labels,
          >=1 col names(optional)]



Creating new columns from existing columns

df[‘area_pp’] = df[‘area’] / df[‘population’]

df.columns

[‘name’, ‘population’, ‘area’, ‘capital’, 
’area_pp’]



Filtering DataFrames: boolean masks

df = pd.read_csv('countries.csv')

df[df[‘area’] > 150000]

   name   population   area       capital

1 Germany  82800000     357168     Berlin

2 USA      325719178    9833520    Washington D.C.

df.loc[df[‘area’] > 150000, [‘name’, ‘capital’]]

name      capital

1   Germany    Berlin

2   USA        Washington, D.C.,

0
1
2
3



Applying functions to DataFrames (axis labels)
df = pd.DataFrame({'A': [1, 1], 

    'B': [1, 5], "C": [-1, -2]})

df

   A  B  C

0  1  1 -1

1  1  5 -2

df.sum()

A    2

B    6

C   -3

dtype: int64

df.sum(axis=1)

0    1

1    4

dtype: int64

Works same as with Series just does it 
automatically to all row or col Series

Most methods take an axis kwarg:
● Default is axis=0
● axis=0 means apply down cols
● axis=1 means apply across rows



groupby - very powerful way to apply methods to groups

df = pd.DataFrame({

"A": ["foo", "bar", "foo", "bar"], 

      "B": [1, 5, 2, 5]})

df.groupby('A').sum()

A     B

bar  10

foo   3

df.groupby('A').nunique()

A    B

bar  1

foo  2

df = pd.DataFrame({"A": ["foo", "bar", "foo"],

         "B": [1, 5, 2],

        "C": [-1, -2, -5]})

df.groupby('A').mean()

A     B    C

bar  5.0 -2.0

foo  1.5 -3.0



Combining DataFrames - concat

df1 = pd.DataFrame({'A': [1, 1], 'B': [1, 5], 

    "C": [-1, -2]})

df2 = df1 + 1

df2 = df2.drop(‘A’, axis=1)

pd.concat([df1, df2])

   A  B  C

0   1   1 -1

1   1   5 -2

0  nan  2  0

1  nan  6 -1

pd.concat([df1, df2], axis=1)

   A  B  C  B  C

0  1  1 -1  2  0

1  1  5 -2  6 -1

● Note: concatenate will lead to repeated row/col labels unless they 
have different vals

● Missing values will be filled with np.nan unless you specify otherwise



Fancier joins using labels intelligently: merge

left = pd.DataFrame({"key": ["foo", "bar"], "lval": 
[1, 2]})

   key  lval

0  foo     1

1  bar     2

right = pd.DataFrame({"key": ["foo", "bar"], 
"rval": [4, 5]})

   key  rval

0  foo     4

1  bar     5

pd.merge(left, right, on="key")

   key  lval  rval

0  foo     1     4

1  bar     2     5

how kwarg:

left: Use keys from left frame only

right:Use keys from right frame only

outer:Use union of keys from both

inner:Use intersection of keys from both



Plotting data in python
Data Visualisation can be and actually is an entire course 

(CSCI4166/6406)



Many plotting libraries

● Matplotlib
○ Most commonly used
○ Very customisable but quite manual (have to specify each element you want)
○ Object oriented and state based ways of using - confusing mix of methods in online 

documentation
● Seaborn

○ Higher-order plotting library (does a lot of things at once: like a grid of graphs)
○ Useful for scientific data - what I mainly use.

● Plotly
○ Great for interactive plots and dashboards
○ Contains a lot of javascript and a slightly different approach to data

● Plotnine
○ Copy of ggplot from R



Pandas also has built-in plotting (using matplotlib)



.plot will try and guess the appropriate plot for a Series
(default lineplot)
ts = pd.Series(np.random.randn(1000), 

index=pd.date_range("1/1/2000",    

    periods=1000))

ts = ts.cumsum()

ts.plot()



.plot will guess a categorical variable to groupby 

df = pd.DataFrame(np.random.randn(1000, 4),

  index=ts.index, 

  columns=list("ABCD"))

df = df.cumsum()

df.plot()



Pass in specific columns to plot against each other

df3 = pd.DataFrame(np.random.randn(1000, 2),

      columns=["B", "C"]).cumsum()

df3["A"] = pd.Series(list(range(len(df))))

df3.plot(x="A", y="B");



Kind kwarg allows you to select plot type

Plotting methods allow for a handful of plot styles 
other than the default line plot. These methods can 
be provided as the kind keyword argument to 
plot(), and include:

● ‘bar’ or ‘barh’ for bar plots
● ‘hist’ for histogram
● ‘box’ for boxplot
● ‘kde’ or ‘density’ for density plots
● ‘area’ for area plots
● ‘scatter’ for scatter plots
● ‘hexbin’ for hexagonal bin plots
● ‘pie’ for pie plots

df2 = pd.DataFrame(np.random.rand(10, 4), 

columns=["a", "b", "c", "d"])

df2.plot(kind=’bar’) # or df2.plot.bar()

https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.plot.html#pandas.DataFrame.plot
https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.plot.html#pandas.DataFrame.plot
https://pandas.pydata.org/docs/user_guide/visualization.html#visualization-barplot
https://pandas.pydata.org/docs/user_guide/visualization.html#visualization-barplot
https://pandas.pydata.org/docs/user_guide/visualization.html#visualization-hist
https://pandas.pydata.org/docs/user_guide/visualization.html#visualization-box
https://pandas.pydata.org/docs/user_guide/visualization.html#visualization-kde
https://pandas.pydata.org/docs/user_guide/visualization.html#visualization-kde
https://pandas.pydata.org/docs/user_guide/visualization.html#visualization-area-plot
https://pandas.pydata.org/docs/user_guide/visualization.html#visualization-scatter
https://pandas.pydata.org/docs/user_guide/visualization.html#visualization-hexbin
https://pandas.pydata.org/docs/user_guide/visualization.html#visualization-pie


Important plotting arguments

Most plot types will accept these 3 import 
kwags:

● x - which col to plot on x-axis
● y - which col to plot on the y-axis
● c - which col to colour the points/bars/box 

etc using (e.g., discrete categorical groups 
or a continuous spectrum)

df.plot(kind=’scatter’, x="a", y="b", c="species")



● Consistent tidy data expected by most data functions in python
● Data can be stored in lots of formats - CSV is the simplest and most common in Science
● Pandas is one of many data handling libraries and the most common
● Pandas Series contain 1-dimensional indexed data and support fast access, handy functions, 

filtering values with boolean masks, and ways of dealing with missing values
● Pandas combines Series in 2-dimensional DataFrames where each row or column is actually a 

Series
● Pandas supports lots of ways of selecting rows/cols and filtering the values (the same methods as 

Series but applied to everything)
● Methods/functions can be applied across rows or down columns using axis
● Grouping by values in 1 column lets you apply functions to subsets of your DataFrame
● Merge and concatenation let you combine multiple DataFrames in a predictable way
● Python has a lot of plotting libraries, pandas built-in plotting library lets you quickly plot your data 

using df.plot

Summary


