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Quiz
1. Which of the following is true about numpy arrays and python lists? 

(a) Slices of both arrays and lists are views of the original data 
(b) Arrays and lists both can have elements of different types 
(c) Arrays are faster to access than lists  
(d) Arrays are mutable; lists are not
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Quiz
2. Given the array arr = np.array([[1,2,3,4],[5,6,7,8]]), what is 

arr[:,:3].shape? 
(a) (3,3) 
(b) (3,2) 
(c) (2,3) 
(d) (2,2)
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Quiz
3. Which of the following is invalid code? 

(a) numpy.array([[1.5, 2, 3], [4, 5, 6]], dtype='float') 
(b) numpy.array([[1,2,3],[4,5]]) 
(c) numpy.array([[1,2,3],[4,5,6]], dtype="float") 
(d) numpy.array([[1.5, 2, 3], [4, 5, 6]])
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Quiz
4. What is a difference between a pandas Series and a polars Series? 

(a) A pandas Series is mutable; a polars Series is immutable 
(b) A pandas Series has an index; a polars Series does not 
(c) A pandas Series has a name; a polars Series does not 
(d) A pandas Series is typed; a polars Series is untyped
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Quiz
5. Evaluate pd.Series(['a','b']) + pd.Series(['x','y'],[1,0]). 

(a) pd.Series(['ay','bx'],[0,1]) 
(b) pd.Series(['ax','by],[1,0]) 
(c) pd.Series(['a','b','x','y'],[0,1,1,0]) 
(d) There is an error.
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pandas
• Contains high-level data structures and manipulation tools designed to make 

data analysis fast and easy in Python 
• Originally built on top of NumPy 
• Built with the following requirements: 
- Data structures with labeled axes (aligning data) 
- Support time series data 
- Do arithmetic operations that include metadata (labels) 
- Handle missing data 
- Add merge and relational operations
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polars
• Contains high-level data structures and manipulation tools designed to make 

data analysis "lightning" fast and easy in Python 
- Built using Apache Arrow 
- Written from scratch using Rust but with a Python API 
- Parallelized (uses multiple cores) 
- Intuitive API
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Series
• A one-dimensional data structure (with a type) 

- s = pl.Series([1,2,3]) 

- t = pd.Series([1,2,3]) 
• May also have a name and dtype 

- s = pl.Series('name',['a','b','c'],dtype=pl.Float) 

- t = pd.Series([1,2,3], name='num',dtype='float') 

• In pandas, a series has an index 
- ti = pd.Series([1,2,3],['a','b','c']) # index ['a','b','c'] 

- ti = pd.Series({'a': 1, 'b': 2, 'c': 3}) # same index 

• Indexing: s[0], t[0], ti['a'], ti.iloc[0], ti.loc['a']
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Series Operations
• Like numpy: elementwise / broadcasting 

- Series([1,2,3]) + Series([1,2,3]) # Series([2,4,6]) 

- Series([1,2,3]) + 4 # Series([5,6,7]) 
• …but for pandas, with custom indexes, the operations align on the index: 

- pd.Series([1,2,3],index=list('abc') + 
pd.Series([1,2,3],index=list('cba')  
                  # pd.Series([4,4,4], index=['a','b','c']) 

- also have .add, .subtract, … with fill_value argument
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DataFrame
• A collection of Series (uniquely named) 
- Similar to a table in a database 
- Similar to a sheet in a spreadsheet 

• df = DataFrame({'state': ['Ohio', 'Ohio', 'Ohio', 'Nevada'], 
                'year': [2000, 2001, 2002, 2001], 
                'pop': [1.5, 1.7, 3.6, 2.4]}) 

• In pandas: 
- Has an index shared with each series 
- Index is automatically assigned just as with a series but can be passed in as 

well via index kwarg
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Assignment 7
• Concurrency, System Integration, and Structural Pattern Matching  
• Download System Logs 
• Locate Logs of Interest 
• Read JSON & Binary Data 
• Filter suspicious events using structural pattern matching 
• Process all files using threading
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DataFrame Filtering
• polars:  

- df['pop'] > 2 # boolean Series 

- df.filter(pl.col('pop') > 2) # subset of dataframe 

• pandas: 
- dfa['pop'] > 2 # boolean Series 

- dfa[dfa['pop'] > 2] # subset of dataframe 

- dfa.query('pop > 2') # subset of dataframe 

• Multiple criteria, use &, |, and ~; remember parentheses! 
- df.filter((pl.col('year') < 2002) & (pl.col('pop') > 2)) 

- dfa[(dfa['year'] < 2002) & (dfa['pop'] > 2)]
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pandas DataFrame
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pandas DataFrame
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pandas DataFrame
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polars DataFrame
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pandas Filtering
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polars Filtering
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polars Filtering
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Sorting
• polars: df.sort('pop') 
• pandas: dfa.sort_values('pop') 
• Can sort by multiple columns, too 
• pandas also has a sort_index method to sort by the index 

- dfa.sort_index()

19D. Koop, CSCI 503/490, Fall 2025



Statistics
• Many common statistical methods can be used (min, max, median, etc.) 
• describe: shortcut for easy stats!
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    one  two
a  1.40  NaN
b  8.50 -4.5
c   NaN  NaN
d  9.25 -5.8

Another type of method is neither a reduction nor an accumulation. describe is one
such example, producing multiple summary statistics in one shot:

In [204]: df.describe()
Out[204]: 
            one       two
count  3.000000  2.000000
mean   3.083333 -2.900000
std    3.493685  2.262742
min    0.750000 -4.500000
25%    1.075000 -3.700000
50%    1.400000 -2.900000
75%    4.250000 -2.100000
max    7.100000 -1.300000

On non-numeric data, describe produces alternate summary statistics:

In [205]: obj = Series(['a', 'a', 'b', 'c'] * 4)

In [206]: obj.describe()
Out[206]: 
count     16
unique     3
top        a
freq       8
dtype: object

See Table 5-10 for a full list of summary statistics and related methods.

Table 5-10. Descriptive and summary statistics

Method Description

count Number of non-NA values

describe Compute set of summary statistics for Series or each DataFrame column

min, max Compute minimum and maximum values

argmin, argmax Compute index locations (integers) at which minimum or maximum value obtained, respectively

idxmin, idxmax Compute index values at which minimum or maximum value obtained, respectively

quantile Compute sample quantile ranging from 0 to 1

sum Sum of values

mean Mean of values

median Arithmetic median (50% quantile) of values

mad Mean absolute deviation from mean value

var Sample variance of values

std Sample standard deviation of values
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Unique Values and Value Counts
• polars: unique() returns a Series/DataFrame with duplicates dropped 
• pandas is more complicated 
- Series unique() returns an array with only the unique values (no index) 

• s = Series(['c','a','d','a','a','b','b','c','c']) 
s.unique() # array(['c', 'a', 'd', 'b']) 

- Data Frame drop_duplicates returns a DataFrame with duplicates 
dropped 

• Also nunique()/n_unique() to count number of unique entries 
• value_counts returns a Series/DataFrame with index frequencies: 

- s.value_counts() # Series({'c': 3,'a': 3,'b': 2,'d': 1})
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Reading and Writing CSV Files
• polars 

- df = pl.read_csv(<fname>) 

- df.write_csv(<fname>) 

• pandas 
- dfa = pd.read_csv(<fname>) 

- dfa.to_csv(<fname>) 

• Many options available!
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Reading & Writing Data in Pandas
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Format 
Type

Data Description Reader Writer
text CSV read_csv to_csv
text Fixed-Width Text File read_fwf
text JSON read_json to_json
text HTML read_html to_html
text Local clipboard read_clipboard to_clipboard

MS Excel read_excel to_excel
binary OpenDocument read_excel
binary HDF5 Format read_hdf to_hdf
binary Feather Format read_feather to_feather
binary Parquet Format read_parquet to_parquet
binary ORC Format read_orc
binary Msgpack read_msgpack to_msgpack
binary Stata read_stata to_stata
binary SAS read_sas
binary SPSS read_spss
binary Python Pickle Format read_pickle to_pickle
SQL SQL read_sql to_sql
SQL Google BigQuery read_gbq to_gbq

https://pandas.pydata.org/pandas-docs/stable/user_guide/io.html
https://en.wikipedia.org/wiki/Comma-separated_values
https://www.json.org/
https://en.wikipedia.org/wiki/HTML
https://en.wikipedia.org/wiki/Microsoft_Excel
http://www.opendocumentformat.org/
https://support.hdfgroup.org/HDF5/whatishdf5.html
https://github.com/wesm/feather
https://parquet.apache.org/
https://https//orc.apache.org/
https://msgpack.org/index.html
https://en.wikipedia.org/wiki/Stata
https://en.wikipedia.org/wiki/SAS_(software)
https://en.wikipedia.org/wiki/SPSS
https://docs.python.org/3/library/pickle.html
https://en.wikipedia.org/wiki/SQL
https://en.wikipedia.org/wiki/BigQuery


pandas read_csv
• Convenient method to read csv files 
• Lots of different options to help get data into the desired format 
• Basic: dfa = pd.read_csv(fname) 
• Parameters: 

- path: where to read the data from  
- sep (or delimiter): the delimiter (',', ' ', '\t', '\s+') 
- header: if None, no header 
- index_col: which column to use as the row index 
- names: list of header names (e.g. if the file has no header) 
- skiprows: number of list of lines to skip
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Writing CSV data with pandas
• Basic: dfa.to_csv(<fname>) 
• Change delimiter with sep kwarg: 

- dfa.to_csv('example.dsv', sep='|') 

• Change missing value representation 
- dfa.to_csv('example.dsv', na_rep='NULL') 

• Don't write row or column labels: 
- dfa.to_csv('example.csv', index=False, header=False) 

• Series may also be written to csv
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Missing Data
• polars: shows null 
• pandas: shows NaN (or NA or None depending on dtype) 
• Checking if missing: 
- polars: pl.col('pop').is_null(), .is_not_null() 
- pandas: dfa['pop'].isnull(), .notnull() 

• Drop missing data:  
- polars: pl.col('pop').drop_nulls(), pandas: dfa['pop'].dropna() 

• Filling in missing data: 
- polars: pl.col('pop').fill_null(), (forward, backward, max,…) 
- pandas: dfa['pop'].fillna(), now ffill(), bfill()
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Derived Data
• Create new columns from existing columns 
• pandas 

- dfa["CulmenRatio"] = dfa['CLength'] / dfa['CDepth'] # Mut! 

- dfa = dfa.assign(CulmenRatio= dfa['CLength'] / dfa['CDepth']) 
• polars 

- df.with_columns( 
       (df['CLength'] / df['CDepth']).alias('CulmenRatio')) 

• Note that operations are computed in a vectorized manner 
• Similarities to functional paradigm (map/filter):  
- specify the operation once, on entire column/frame  
- no loops
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pandas inplace
• Generally, when we modify a data frame, we reassign: 

- rdf = dfa.reset_index() 

- This is usually very efficient 
- Allows for method chaining 

• There are versions where you can do this "inplace" (try to avoid this) 
- dfa.reset_index(inplace=True) 

- This means no reassignment, but it isn't usually any faster nor better 
- Sometimes still creates a copy 
- Will likely be deprecated
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Aggregation
• Descriptive statistics 

- df['Culmen Length (mm)'].mean() 

- .median() 

- .describe() 

- .count() 

- .min(), .max() 

• Also general methods 
- .sum() 

- .product()
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Aggregation of time series data, a special use case of groupby, is referred
to as resampling in this book and will receive separate treatment in
Chapter 10.

GroupBy Mechanics
Hadley Wickham, an author of many popular packages for the R programming lan-
guage, coined the term split-apply-combine for talking about group operations, and I
think that’s a good description of the process. In the first stage of the process, data
contained in a pandas object, whether a Series, DataFrame, or otherwise, is split into
groups based on one or more keys that you provide. The splitting is performed on a
particular axis of an object. For example, a DataFrame can be grouped on its rows
(axis=0) or its columns (axis=1). Once this is done, a function is applied to each group,
producing a new value. Finally, the results of all those function applications are com-
bined into a result object. The form of the resulting object will usually depend on what’s
being done to the data. See Figure 9-1 for a mockup of a simple group aggregation.

Figure 9-1. Illustration of a group aggregation

Each grouping key can take many forms, and the keys do not have to be all of the same
type:

• A list or array of values that is the same length as the axis being grouped

• A value indicating a column name in a DataFrame

250 | Chapter 9: Data Aggregation and Group Operations

Split-Apply-Combine
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