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NumPy
• Fast vectorized array operations for data munging and cleaning, subsetting 

and filtering, transformation, and any other kinds of computations  
• Common array algorithms like sorting, unique, and set operations  
• Efficient descriptive statistics and aggregating/summarizing data  
• Data alignment and relational data manipulations for merging and joining 

together heterogeneous data sets  
• Expressing conditional logic as array expressions instead of loops with if-
elif-else branches  

• Group-wise data manipulations (aggregation, transformation, function 
application).
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pandas
• Contains high-level data structures and manipulation tools designed to make 

data analysis fast and easy in Python 
• Built on top of NumPy 
• Requirements: 
- Data structures with labeled axes (aligning data) 
- Time series data 
- Arithmetic operations that include metadata (labels) 
- Handle missing data 
- Merge and relational operations
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Series
• A one-dimensional array (with a type) with an index 
• Index defaults to numbers but can also be text (like a dictionary) 
• Allows easier reference to specific items 
• obj = pd.Series([7,14,-2,1]) 

• Basically two arrays: obj.values and obj.index 
• Can specify the index explicitly and use strings 
• obj2 = pd.Series([4, 7, -5, 3],  
                 index=['d', 'b', 'a', 'c']) 

• Kind of like fixed-length, ordered dictionary + can create from a dictionary 
• obj3 = pd.Series({'Ohio': 35000, 'Texas': 71000, 
                  'Oregon': 16000, 'Utah': 5000})
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Indexing
• Same as with NumPy arrays but can use Series's index labels 
• Slicing with labels: NumPy is exclusive, Pandas is inclusive! 

- s = Series(np.arange(4)) 
s[0:2] # gives two values like numpy 

- s = Series(np.arange(4), index=['a', 'b', 'c', 'd']) 
s['a':'c'] # gives three values, not two! 

• Obtaining data subsets 
- []: get columns by label 
- loc: get rows/cols by label 
- iloc: get rows/cols by position (integer index) 

- For single cells (scalars), also have at and iat
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Filtering
• Same as with numpy arrays but allows use of column-based criteria 

- data[data < 5] = 0 

- data[data['three'] > 5] 

- data < 5 → boolean data frame, can be used to select specific elements
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Data Frame
• A dictionary of Series (labels for each series) 
• A spreadsheet with column headers 
• Has an index shared with each series 
• Allows easy reference to any cell 
• df = DataFrame({'state': ['Ohio', 'Ohio', 'Ohio', 'Nevada'], 
                'year': [2000, 2001, 2002, 2001], 
                'pop': [1.5, 1.7, 3.6, 2.4]}) 

• Index is automatically assigned just as with a series but can be passed in as 
well via index kwarg 

• Can reassign column names by passing columns kwarg
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Data Frame

8D. Koop, CSCI 640/490, Spring 2024



Data Frame
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Data Frame
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String Methods
• Can manipulate columns of strings 
- Use the .str modifier 

• Most string and regex operations are available 
• Examples: 

- df.first_name.str.startswith("Jo") 

- df.name.str.split(' ')
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Mutating Dataframes
• assign allows new columns to be created, returns "new" dataframe 

- df2 = df.assign(Total=df.Points1 + df.Points2) 

• More reusable: 
- df2 = df.assign(Total=lambda df: df.Points1 + df.Points2) 

• If you have columns that are not proper identifiers, can use **kwargs 
- df2 = df.assign(**{"Total Points": lambda df: df.Points1 + 
df.Points2})
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Assignment 2
• Assignment 1 Questions with pandas, DuckDB, and polars 
• CS 640 students do all, CS 490 do pandas & DuckDB (polars is EC) 
• Can work by framework or by query 
• Most questions can be answered with a single statement… but that 

statement can take a while to write 
- Read documentation 
- Check hints
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Next Week
• No in-person lectures 
• You will work through courselets on data wrangling and data cleaning
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Test 1
• Currently scheduled for Feb. 26 
• Move to Wednesday, Feb. 28? 
• Will cover topics through the courselets 
• Format: 
- Multiple Choice 
- Free Response: longer-form questions that involve multiple steps, 

responding to readings 
- CSCI 640 students have an extra two pages
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Reading
• Wednesday 
• Discussing paper: 
- "Wrangler: Interactive Visual Specification of Data Transformation Scripts" 
- Kandel et al. 
- http://vis.stanford.edu/files/wrangler.pdf 

• Read 
• Come prepared with questions, thoughts 
- Compare with how things work in pandas
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Chicago Food Inspections Exploration
• Using Pandas 
• Using DuckDB 
• Using Polars
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Data
• What is data? 
- Types 
- Semantics 

• How is data structured? 
- Tables (Data Frames) 
- Databases 
- Data Cubes 

• What formats is data stored in? 
• Raw versus derived data
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Data
• What is this data? 

• Semantics: real-world meaning of the data 
• Type: structural or mathematical interpretation 
• Both often require metadata 
- Sometimes we can infer some of this information 
- Line between data and metadata isn’t always clear
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Data
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Tables

Attributes (columns)

Items 
(rows)

Cell containing value

Networks

Link

Node 
(item)

Trees

Fields (Continuous)

Attributes (columns)

Value in cell

Cell

Multidimensional Table

Value in cell

Grid of positions

Geometry (Spatial)

Position

Dataset TypesDataset Types
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Data Terminology
• Items 
- An item is an individual discrete entity 
- e.g., a row in a table 

• Attributes 
- An attribute is some specific property that can be measured, observed, or 

logged 
- a.k.a. variable, (data) dimension 
- e.g., a column in a table

21D. Koop, CSCI 640/490, Spring 2024



Fieldattribute

item
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Tables
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Attribute Semantics
Keys vs. Values (Tables) or Independent vs. Dependent (Fields)

Flat

Multidimensional

Ta
bl

es

Fi
el

ds

Tables
• Data organized by rows & columns 
- row ~ item (usually) 
- column ~ attribute 
- label ~ attribute name 

• Key: identifies each item (row), usually unique 
- Allows join of data from 2+ tables 
- Compound key: key split among multiple 

columns, e.g. (state, year) for population 
• Multidimensional: 
- Split compound key 
- e.g. a data cube with (state, year)
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Attributes

Attribute Types

Ordering Direction

Categorical Ordered

Ordinal Quantitative

Sequential Diverging Cyclic

Attribute Types
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23
1 = Quantitative
2 = Nominal
3 = Ordinal

 quantitative
 ordinal
 categorical

Categorial, Ordinal, and Quantitative
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24
1 = Quantitative
2 = Nominal
3 = Ordinal

 quantitative
 ordinal
 categorical

Categorial, Ordinal, and Quantitative
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Attribute Types
• May be further specified for computational storage/processing 
- Categorical: string, boolean, blood type 
- Ordered: enumeration, t-shirt size 
- Quantitative: integer, float, fixed decimal, datetime 

• Sometimes, types can be inferred from the data 
- e.g. numbers and none have decimal points → integer 
- could be incorrect (data doesn't have floats, but could be)
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Attributes

Attribute Types

Ordering Direction

Categorical Ordered

Ordinal Quantitative

Sequential Diverging Cyclic

Ordering Direction
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Sequential and Diverging Data
• Sequential: homogenous range from a 

minimum to a maximum 
- Examples: Land elevations, ocean depths 

• Diverging: can be deconstructed into two 
sequences pointing in opposite directions 
- Has a zero point (not necessary 0) 
- Example: Map of both land elevation and 

ocean depth
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Cyclic Data
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Cyclic Data

30D. Koop, CSCI 640/490, Spring 2024



Semantics
• The meaning of the data
• Example: 94023, 90210, 02747, 60115
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Semantics
• The meaning of the data
• Example: 94023, 90210, 02747, 60115
- Attendance at college football games?
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Semantics
• The meaning of the data
• Example: 94023, 90210, 02747, 60115
- Attendance at college football games?
- Salaries?
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Semantics
• The meaning of the data
• Example: 94023, 90210, 02747, 60115
- Attendance at college football games?
- Salaries?
- Zip codes?

• Cannot always infer based on what the data looks like
• Often require semantics to better understand data, column names help
• May also include rules about data: a zip code is part of an address that 

uniquely identifies a residence
• Useful for asking good questions about the data
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Data Model vs. Conceptual Model
• Data Model: raw data that has a specific data type (e.g. floats):
- Temperature Example: [32.5, 54.0, -17.3] (floats)

• Conceptual Model: how we think about the data
- Includes semantics, reasoning
- Temperature Example:

• Quantitative: [32.50, 54.00, -17.30]
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Data Model vs. Conceptual Model
• Data Model: raw data that has a specific data type (e.g. floats):
- Temperature Example: [32.5, 54.0, -17.3] (floats)

• Conceptual Model: how we think about the data
- Includes semantics, reasoning
- Temperature Example:

• Quantitative: [32.50, 54.00, -17.30]
• Ordered: [warm, hot, cold]
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Data Model vs. Conceptual Model
• Data Model: raw data that has a specific data type (e.g. floats):
- Temperature Example: [32.5, 54.0, -17.3] (floats)

• Conceptual Model: how we think about the data
- Includes semantics, reasoning
- Temperature Example:

• Quantitative: [32.50, 54.00, -17.30]
• Ordered: [warm, hot, cold]
• Categorical: [not burned, burned, not burned]
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Derived Data
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Derived Data
• Often, data in its original form isn't as useful as we would like
• Examples: Data about a basketball team's games
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Derived Data
• Often, data in its original form isn't as useful as we would like
• Examples: Data about a basketball team's games
• Example 1: 1stHalfPoints, 2ndHalfPoints 
- More useful to know total number of points 
- Points = 1stHalfPoints + 2ndHalfPoints
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Derived Data
• Often, data in its original form isn't as useful as we would like
• Examples: Data about a basketball team's games
• Example 1: 1stHalfPoints, 2ndHalfPoints 
- More useful to know total number of points 
- Points = 1stHalfPoints + 2ndHalfPoints

• Example 2: Points, OpponentPoints 
- Want to have a column indicating win/loss 
- Win = True if (Points > OpponentPoints) else False
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Derived Data
• Often, data in its original form isn't as useful as we would like
• Examples: Data about a basketball team's games
• Example 1: 1stHalfPoints, 2ndHalfPoints 
- More useful to know total number of points 
- Points = 1stHalfPoints + 2ndHalfPoints

• Example 2: Points, OpponentPoints 
- Want to have a column indicating win/loss 
- Win = True if (Points > OpponentPoints) else False

• Example 3: Points 
- Want to have a column indicating how that point total ranks 
- Rank = index in sorted list of all Point values
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