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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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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
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Split-Apply-Combine
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Split-Apply-Combine
• Polars: 

- df.group_by('Island').agg(pl.col('Length').mean()) 

- df.group_by('Island').agg(pl.col('Length','Depth').mean()) 

- df.group_by('Island').agg(pl.col('Length').min().alias('LMin'), 
                          pl.col('Length').max().alias('LMax')) 

• Pandas: 
- dfa.groupby('Island')['Length (mm)'].mean() 

- dfa.groupby('Island')[['Length','Depth']].mean() 

- dfa.groupby('Island').agg({'Length': ['min','max']}) 

- dfa.groupby('Island').agg(LMin=('Length','min') 
                          LMax=('Length','max'))
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Assignment 8
• Out Soon… 
• Last Assignment 
• Data and Visualization 
• Same Energy Data
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Different Data Layouts
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2.1. Data structure

Most statistical datasets are rectangular tables made up of rows and columns. The columns
are almost always labelled and the rows are sometimes labelled. Table 1 provides some data
about an imaginary experiment in a format commonly seen in the wild. The table has two
columns and three rows, and both rows and columns are labelled.

treatmenta treatmentb

John Smith — 2
Jane Doe 16 11
Mary Johnson 3 1

Table 1: Typical presentation dataset.

There are many ways to structure the same underlying data. Table 2 shows the same data
as Table 1, but the rows and columns have been transposed. The data is the same, but the
layout is di↵erent. Our vocabulary of rows and columns is simply not rich enough to describe
why the two tables represent the same data. In addition to appearance, we need a way to
describe the underlying semantics, or meaning, of the values displayed in table.

John Smith Jane Doe Mary Johnson

treatmenta — 16 3
treatmentb 2 11 1

Table 2: The same data as in Table 1 but structured di↵erently.

2.2. Data semantics

A dataset is a collection of values, usually either numbers (if quantitative) or strings (if
qualitative). Values are organised in two ways. Every value belongs to a variable and an
observation. A variable contains all values that measure the same underlying attribute (like
height, temperature, duration) across units. An observation contains all values measured on
the same unit (like a person, or a day, or a race) across attributes.

Table 3 reorganises Table 1 to make the values, variables and obserations more clear. The
dataset contains 18 values representing three variables and six observations. The variables
are:

1. person, with three possible values (John, Mary, and Jane).

2. treatment, with two possible values (a and b).

3. result, with five or six values depending on how you think of the missing value (-, 16,
3, 2, 11, 1).

The experimental design tells us more about the structure of the observations. In this exper-
iment, every combination of of person and treatment was measured, a completely crossed
design. The experimental design also determines whether or not missing values can be safely
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4 Tidy Data

dropped. In this experiment, the missing value represents an observation that should have
been made, but wasn’t, so it’s important to keep it. Structural missing values, which represent
measurements that can’t be made (e.g., the count of pregnant males) can be safely removed.

name trt result

John Smith a —
Jane Doe a 16
Mary Johnson a 3
John Smith b 2
Jane Doe b 11
Mary Johnson b 1

Table 3: The same data as in Table 1 but with variables in columns and observations in rows.

For a given dataset, it’s usually easy to figure out what are observations and what are variables,
but it is surprisingly di�cult to precisely define variables and observations in general. For
example, if the columns in the Table 1 were height and weight we would have been happy
to call them variables. If the columns were height and width, it would be less clear cut, as
we might think of height and width as values of a dimension variable. If the columns were
home phone and work phone, we could treat these as two variables, but in a fraud detection
environment we might want variables phone number and number type because the use of one
phone number for multiple people might suggest fraud. A general rule of thumb is that it is
easier to describe functional relationships between variables (e.g., z is a linear combination
of x and y, density is the ratio of weight to volume) than between rows, and it is easier
to make comparisons between groups of observations (e.g., average of group a vs. average of
group b) than between groups of columns.

In a given analysis, there may be multiple levels of observation. For example, in a trial of new
allergy medication we might have three observational types: demographic data collected from
each person (age, sex, race), medical data collected from each person on each day (number
of sneezes, redness of eyes), and meterological data collected on each day (temperature,
pollen count).

2.3. Tidy data

Tidy data is a standard way of mapping the meaning of a dataset to its structure. A dataset is
messy or tidy depending on how rows, columns and tables are matched up with observations,
variables and types. In tidy data:

1. Each variable forms a column.

2. Each observation forms a row.

3. Each type of observational unit forms a table.

This is Codd’s 3rd normal form (Codd 1990), but with the constraints framed in statistical
language, and the focus put on a single dataset rather than the many connected datasets
common in relational databases. Messy data is any other other arrangement of the data.

Initial Data

Transpose

Tidy Data
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id year month element d1 d2 d3 d4 d5 d6 d7 d8

MX17004 2010 1 tmax — — — — — — — —
MX17004 2010 1 tmin — — — — — — — —
MX17004 2010 2 tmax — 27.3 24.1 — — — — —
MX17004 2010 2 tmin — 14.4 14.4 — — — — —
MX17004 2010 3 tmax — — — — 32.1 — — —
MX17004 2010 3 tmin — — — — 14.2 — — —
MX17004 2010 4 tmax — — — — — — — —
MX17004 2010 4 tmin — — — — — — — —
MX17004 2010 5 tmax — — — — — — — —
MX17004 2010 5 tmin — — — — — — — —

Table 11: Original weather dataset. There is a column for each possible day in the month. Columns
d9 to d31 have been omitted to conserve space.

id date element value

MX17004 2010-01-30 tmax 27.8
MX17004 2010-01-30 tmin 14.5
MX17004 2010-02-02 tmax 27.3
MX17004 2010-02-02 tmin 14.4
MX17004 2010-02-03 tmax 24.1
MX17004 2010-02-03 tmin 14.4
MX17004 2010-02-11 tmax 29.7
MX17004 2010-02-11 tmin 13.4
MX17004 2010-02-23 tmax 29.9
MX17004 2010-02-23 tmin 10.7

(a) Molten data

id date tmax tmin

MX17004 2010-01-30 27.8 14.5
MX17004 2010-02-02 27.3 14.4
MX17004 2010-02-03 24.1 14.4
MX17004 2010-02-11 29.7 13.4
MX17004 2010-02-23 29.9 10.7
MX17004 2010-03-05 32.1 14.2
MX17004 2010-03-10 34.5 16.8
MX17004 2010-03-16 31.1 17.6
MX17004 2010-04-27 36.3 16.7
MX17004 2010-05-27 33.2 18.2

(b) Tidy data

Table 12: (a) Molten weather dataset. This is almost tidy, but instead of values, the element column
contains names of variables. Missing values are dropped to conserve space. (b) Tidy weather dataset.
Each row represents the meteorological measurements for a single day. There are two measured
variables, minimum (tmin) and maximum (tmax) temperature; all other variables are fixed.

Problem: Variables stored in both rows & columns
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MX17004 2010 1 tmax — — — — — — — —
MX17004 2010 1 tmin — — — — — — — —
MX17004 2010 2 tmax — 27.3 24.1 — — — — —
MX17004 2010 2 tmin — 14.4 14.4 — — — — —
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Table 11: Original weather dataset. There is a column for each possible day in the month. Columns
d9 to d31 have been omitted to conserve space.

id date element value

MX17004 2010-01-30 tmax 27.8
MX17004 2010-01-30 tmin 14.5
MX17004 2010-02-02 tmax 27.3
MX17004 2010-02-02 tmin 14.4
MX17004 2010-02-03 tmax 24.1
MX17004 2010-02-03 tmin 14.4
MX17004 2010-02-11 tmax 29.7
MX17004 2010-02-11 tmin 13.4
MX17004 2010-02-23 tmax 29.9
MX17004 2010-02-23 tmin 10.7

(a) Molten data

id date tmax tmin

MX17004 2010-01-30 27.8 14.5
MX17004 2010-02-02 27.3 14.4
MX17004 2010-02-03 24.1 14.4
MX17004 2010-02-11 29.7 13.4
MX17004 2010-02-23 29.9 10.7
MX17004 2010-03-05 32.1 14.2
MX17004 2010-03-10 34.5 16.8
MX17004 2010-03-16 31.1 17.6
MX17004 2010-04-27 36.3 16.7
MX17004 2010-05-27 33.2 18.2

(b) Tidy data

Table 12: (a) Molten weather dataset. This is almost tidy, but instead of values, the element column
contains names of variables. Missing values are dropped to conserve space. (b) Tidy weather dataset.
Each row represents the meteorological measurements for a single day. There are two measured
variables, minimum (tmin) and maximum (tmax) temperature; all other variables are fixed.

Melting + Pivot
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Unpivot/Melt
• Many columns (wider) become two columns (longer):  

one with column name (variable), other with value
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import polars.selectors as cs
wdf_up = wdf.unpivot(cs.matches(r'^d\d+$'), index=['id','year','month','element'])

shape: (34_999, 6)

id year month element variable value

str i32 i32 str str f64

"MX000017004" 1955 4 "tmax" "d1" 31.0

"MX000017004" 1955 4 "tmin" "d1" 15.0

"MX000017004" 1955 5 "tmax" "d1" 31.0

"MX000017004" 1955 5 "tmin" "d1" 20.0

"MX000017004" 1955 6 "tmax" "d1" 30.0

… … … … … …

"MX000017004" 2011 2 "tmin" "d31" NaN

"MX000017004" 2011 3 "tmax" "d31" 36.5

"MX000017004" 2011 3 "tmin" "d31" 17.0

"MX000017004" 2011 4 "tmax" "d31" NaN

"MX000017004" 2011 4 "tmin" "d31" NaN

shape: (1_129, 35)

id year month element d1 d2 d3 d4 d5 d6 d7 d8

str i32 i32 str f64 f64 f64 f64 f64 f64 f64 f64

"MX000017004" 1955 4 "tmax" 31.0 31.0 31.0 32.0 33.0 32.0 32.0 33.0

"MX000017004" 1955 4 "tmin" 15.0 15.0 16.0 15.0 16.0 16.0 16.0 16.0

"MX000017004" 1955 5 "tmax" 31.0 31.0 31.0 30.0 30.0 30.0 31.0 31.0

"MX000017004" 1955 5 "tmin" 20.0 16.0 16.0 15.0 15.0 15.0 16.0 16.0

"MX000017004" 1955 6 "tmax" 30.0 29.0 28.0 27.0 28.0 26.0 23.0 27.0

… … … … … … … … … … … …

"MX000017004" 2011 2 "tmin" NaN NaN NaN NaN NaN NaN NaN NaN

"MX000017004" 2011 3 "tmax" NaN NaN NaN NaN 33.2 NaN NaN NaN

"MX000017004" 2011 3 "tmin" NaN NaN NaN NaN 14.8 NaN NaN NaN

"MX000017004" 2011 4 "tmax" NaN 35.0 NaN NaN NaN NaN NaN NaN

"MX000017004" 2011 4 "tmin" NaN 16.8 NaN NaN NaN NaN NaN NaN
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Unpivot/Melt
• Many columns (wider) become two columns (longer):  

one with column name (variable), other with value
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Unpivot/Melt
• Two sets of columns to identify: 
- Value vars: columns to unpivot: on / value_vars (None → all not specified) 
- Index vars: columns to keep: index / id_vars 

• Polars: unpivot 
- wdf.unpivot(index=['id','year','month','element']) 

• Pandas: melt 
- wdfa.melt(id_vars=['id','year','month','element'])
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Pivot
• Inverse of unpivot: two columns (longer) become many columns (wider) 

one column becomes column names (variable), other becomes values
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wdf_p = wdf_up.pivot('element', index=['id','year','month','variable'], values=['value'])

shape: (17_515, 6)

id year month variable tmax tmin

str i32 i32 str f64 f64

"MX000017004" 1955 4 "d1" 31.0 15.0

"MX000017004" 1955 5 "d1" 31.0 20.0

"MX000017004" 1955 6 "d1" 30.0 16.0

"MX000017004" 1955 7 "d1" 27.0 15.0

"MX000017004" 1955 8 "d1" 23.0 14.0

… … … … … …

"MX000017004" 2010 12 "d31" NaN NaN

"MX000017004" 2011 1 "d31" NaN NaN

"MX000017004" 2011 2 "d31" NaN NaN

"MX000017004" 2011 3 "d31" 36.5 17.0

"MX000017004" 2011 4 "d31" NaN NaN

wdf_out = (wdf_p.with_columns(pl.date(pl.col('year'),pl.col('month'),pl.col('variable').str.slice(1).cast(pl.Int32)))
      .filter(pl.col('date').is_not_null())
      .select('id','date','tmin','tmax')
).sort('date')

import polars.selectors as cs
wdf_up = wdf.unpivot(cs.matches(r'^d\d+$'), index=['id','year','month','element'])

shape: (34_999, 6)

id year month element variable value

str i32 i32 str str f64

"MX000017004" 1955 4 "tmax" "d1" 31.0

"MX000017004" 1955 4 "tmin" "d1" 15.0

"MX000017004" 1955 5 "tmax" "d1" 31.0

"MX000017004" 1955 5 "tmin" "d1" 20.0

"MX000017004" 1955 6 "tmax" "d1" 30.0

… … … … … …

"MX000017004" 2011 2 "tmin" "d31" NaN

"MX000017004" 2011 3 "tmax" "d31" 36.5

"MX000017004" 2011 3 "tmin" "d31" 17.0

"MX000017004" 2011 4 "tmax" "d31" NaN

"MX000017004" 2011 4 "tmin" "d31" NaN

shape: (1_129, 35)

id year month element d1 d2 d3 d4 d5 d6 d7 d8

str i32 i32 str f64 f64 f64 f64 f64 f64 f64 f64

"MX000017004" 1955 4 "tmax" 31.0 31.0 31.0 32.0 33.0 32.0 32.0 33.0

"MX000017004" 1955 4 "tmin" 15.0 15.0 16.0 15.0 16.0 16.0 16.0 16.0

"MX000017004" 1955 5 "tmax" 31.0 31.0 31.0 30.0 30.0 30.0 31.0 31.0

"MX000017004" 1955 5 "tmin" 20.0 16.0 16.0 15.0 15.0 15.0 16.0 16.0

"MX000017004" 1955 6 "tmax" 30.0 29.0 28.0 27.0 28.0 26.0 23.0 27.0

… … … … … … … … … … … …

"MX000017004" 2011 2 "tmin" NaN NaN NaN NaN NaN NaN NaN NaN

"MX000017004" 2011 3 "tmax" NaN NaN NaN NaN 33.2 NaN NaN NaN

"MX000017004" 2011 3 "tmin" NaN NaN NaN NaN 14.8 NaN NaN NaN

"MX000017004" 2011 4 "tmax" NaN 35.0 NaN NaN NaN NaN NaN NaN

"MX000017004" 2011 4 "tmin" NaN 16.8 NaN NaN NaN NaN NaN NaN



Pivot
• Inverse of unpivot: two columns (longer) become many columns (wider) 

one column becomes column names (variable), other becomes values

11D. Koop, CSCI 503/490, Fall 2024

wdf_p = wdf_up.pivot('element', index=['id','year','month','variable'], values=['value'])

shape: (17_515, 6)

id year month variable tmax tmin

str i32 i32 str f64 f64

"MX000017004" 1955 4 "d1" 31.0 15.0

"MX000017004" 1955 5 "d1" 31.0 20.0

"MX000017004" 1955 6 "d1" 30.0 16.0

"MX000017004" 1955 7 "d1" 27.0 15.0

"MX000017004" 1955 8 "d1" 23.0 14.0

… … … … … …

"MX000017004" 2010 12 "d31" NaN NaN

"MX000017004" 2011 1 "d31" NaN NaN

"MX000017004" 2011 2 "d31" NaN NaN

"MX000017004" 2011 3 "d31" 36.5 17.0

"MX000017004" 2011 4 "d31" NaN NaN

wdf_out = (wdf_p.with_columns(pl.date(pl.col('year'),pl.col('month'),pl.col('variable').str.slice(1).cast(pl.Int32)))
      .filter(pl.col('date').is_not_null())
      .select('id','date','tmin','tmax')
).sort('date')

import polars.selectors as cs
wdf_up = wdf.unpivot(cs.matches(r'^d\d+$'), index=['id','year','month','element'])

shape: (34_999, 6)

id year month element variable value

str i32 i32 str str f64

"MX000017004" 1955 4 "tmax" "d1" 31.0

"MX000017004" 1955 4 "tmin" "d1" 15.0

"MX000017004" 1955 5 "tmax" "d1" 31.0

"MX000017004" 1955 5 "tmin" "d1" 20.0

"MX000017004" 1955 6 "tmax" "d1" 30.0

… … … … … …

"MX000017004" 2011 2 "tmin" "d31" NaN

"MX000017004" 2011 3 "tmax" "d31" 36.5

"MX000017004" 2011 3 "tmin" "d31" 17.0

"MX000017004" 2011 4 "tmax" "d31" NaN

"MX000017004" 2011 4 "tmin" "d31" NaN

shape: (1_129, 35)

id year month element d1 d2 d3 d4 d5 d6 d7 d8

str i32 i32 str f64 f64 f64 f64 f64 f64 f64 f64

"MX000017004" 1955 4 "tmax" 31.0 31.0 31.0 32.0 33.0 32.0 32.0 33.0

"MX000017004" 1955 4 "tmin" 15.0 15.0 16.0 15.0 16.0 16.0 16.0 16.0

"MX000017004" 1955 5 "tmax" 31.0 31.0 31.0 30.0 30.0 30.0 31.0 31.0

"MX000017004" 1955 5 "tmin" 20.0 16.0 16.0 15.0 15.0 15.0 16.0 16.0

"MX000017004" 1955 6 "tmax" 30.0 29.0 28.0 27.0 28.0 26.0 23.0 27.0

… … … … … … … … … … … …

"MX000017004" 2011 2 "tmin" NaN NaN NaN NaN NaN NaN NaN NaN

"MX000017004" 2011 3 "tmax" NaN NaN NaN NaN 33.2 NaN NaN NaN

"MX000017004" 2011 3 "tmin" NaN NaN NaN NaN 14.8 NaN NaN NaN

"MX000017004" 2011 4 "tmax" NaN 35.0 NaN NaN NaN NaN NaN NaN

"MX000017004" 2011 4 "tmin" NaN 16.8 NaN NaN NaN NaN NaN NaN



Pivot
• Three sets of columns to identify: 
- Columns: columns to pivot: on / columns 
- Index: columns to keep: index 
- Values: column to fill new columns: values 

• Polars: 
- wdf_up.pivot('element', 
             index=['id','year','month','variable'], 
             values='value') 

• Pandas: 
- wdfa_melt.pivot(columns='element', 
                index=['id','year','month','variable'], 
                values='value')

12D. Koop, CSCI 503/490, Fall 2024
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id year month element d1 d2 d3 d4 d5 d6 d7 d8

MX17004 2010 1 tmax — — — — — — — —
MX17004 2010 1 tmin — — — — — — — —
MX17004 2010 2 tmax — 27.3 24.1 — — — — —
MX17004 2010 2 tmin — 14.4 14.4 — — — — —
MX17004 2010 3 tmax — — — — 32.1 — — —
MX17004 2010 3 tmin — — — — 14.2 — — —
MX17004 2010 4 tmax — — — — — — — —
MX17004 2010 4 tmin — — — — — — — —
MX17004 2010 5 tmax — — — — — — — —
MX17004 2010 5 tmin — — — — — — — —

Table 11: Original weather dataset. There is a column for each possible day in the month. Columns
d9 to d31 have been omitted to conserve space.

id date element value

MX17004 2010-01-30 tmax 27.8
MX17004 2010-01-30 tmin 14.5
MX17004 2010-02-02 tmax 27.3
MX17004 2010-02-02 tmin 14.4
MX17004 2010-02-03 tmax 24.1
MX17004 2010-02-03 tmin 14.4
MX17004 2010-02-11 tmax 29.7
MX17004 2010-02-11 tmin 13.4
MX17004 2010-02-23 tmax 29.9
MX17004 2010-02-23 tmin 10.7

(a) Molten data

id date tmax tmin

MX17004 2010-01-30 27.8 14.5
MX17004 2010-02-02 27.3 14.4
MX17004 2010-02-03 24.1 14.4
MX17004 2010-02-11 29.7 13.4
MX17004 2010-02-23 29.9 10.7
MX17004 2010-03-05 32.1 14.2
MX17004 2010-03-10 34.5 16.8
MX17004 2010-03-16 31.1 17.6
MX17004 2010-04-27 36.3 16.7
MX17004 2010-05-27 33.2 18.2

(b) Tidy data

Table 12: (a) Molten weather dataset. This is almost tidy, but instead of values, the element column
contains names of variables. Missing values are dropped to conserve space. (b) Tidy weather dataset.
Each row represents the meteorological measurements for a single day. There are two measured
variables, minimum (tmin) and maximum (tmax) temperature; all other variables are fixed.

Melting + Pivot
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String Methods
• Can do many of the same methods used for single strings on entire columns 
• Requires .str prefix before calling the method 
- polars: df['Species'].str.split('(') 
- pandas: dfa['Species'].str.split('(') 

• Also can extract from a list 
- polars: df['Species'].str.split('(').list[0] 
- pandas: dfa['Species'].str.split('(').str[0] 

• Many, many more (see documentation): 
- pandas: link 
- polars: link

14D. Koop, CSCI 503/490, Fall 2024

https://pandas.pydata.org/docs/reference/series.html#string-handling
https://docs.pola.rs/api/python/stable/reference/expressions/string.html


Datetime Support
• Python has datetime library to support dates and times 
• pandas has a Timestamp data type that functions somewhat similarly 
• polars has a Datetime date type that functions somewhat similarly 
• Can convert timestamps 

- pl.to_datetime and pl.str.to_datetime: directed, require format 
- pd.to_datetime: versatile, can often guess format from a string 

• Like string methods, also a .dt accessor for datetime methods/properties 
- polars: df['date'].dt.year(),  
- pandas: dfa['date'].dt.year

15D. Koop, CSCI 503/490, Fall 2024
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Data Exploration through Visualization

D. Koop, CSCI 503/490, Fall 2024



DYKER
BEACH
PARK

WESTCHESTER 

THE BRONX 

NA
SS

AU
 

Q
UE

EN
S 

NASSAU QUEENS 

QUEENS
BROOKLYN

J a m a i c a
B a y

H
a

r l e
m

 R
i v e r  

E
a s t  R i v e r  

E a s t  R
i v e r

L
o

n
g

 
I

s
l a

n
d

 S
o

u

n
d  

H
u

d
s

o
n

R
i

v
e

r

1
4

AirTrain stops/
terminal numbers

7

5
8

2/3

Q33 (ends Sep 7)

Q72Q47

M60

M60

M60
M60
Q47
Q48
Q70 Ltd
Q72

Q70 Ltd
(starts Sep 8)

Q4
8

Q10

Q10

B15
Q10

AIRTRAIN JFK

AIRTRAIN JFK

Q3

Q3

Q70 Ltd (starts Sep 8)

LIRR 

LIRR

LIR
R

LIR
R

LIRR

M
et

ro
-N

or
th

 

Metro-North 

M
etro-North 

M
et

ro
-N

or
th

 

LIRR

PATH 

PATH  

Amtrak

Am
tra

k 

Am
trak

Am
trak

NJTransit • Amtrak

PATH 

weekends

Bowling GreenBowling Green
44••55

Broad St Broad St 
 J J••ZZ

Rector StRector St
RR

World TradeWorld Trade
CenterCenter

E

DeKalb Av
B•Q•R  

Hoyt St
2•3

Clar
k S

t
2• 3

Union St
R    

Carr
oll S

t
F• G 

Berg
en

 St

F• G    

Broad St 
 J•Z

York St

F

City
Hall
R

Rector St
R

Franklin St
1

Canal St
1

Prince St
N•R

Houston St
1

14 St  
    A•C•E

50 St
1

50 St
C•E

59 St
Columbus Circle

A•B•C•D•1

66 St 
Lincoln Center

1

72 St
1•2•3

79 St
1

86 St
1

96 St
1•2•3

103 St
1

Cathedral
Pkwy

(110 St )
1

116 St
 Columbia
University

1

137 St
City

College
1

145 St
1

157 St
1

175 St
A

181 St
A 

190 St
A 

Dyckman St
                 A 

238 St
1

Norwood
205 St
D

Mosholu Pkwy
4

Bedford Pk Blvd
Lehman College

4

Kingsbridge Rd
4

Fordham Rd
4

Allerton Av
2•5

183 St
4

Burnside Av
4

176 St
4

Mt Eden Av
4

170 St
4

174 St
2•5

Bronx Park
East

2•5

Pelham Pkwy
2•5

Freeman St
2•5

Simpson St
2•5

E 180 St
2•5

West Farms Sq

E Tremont Av2 •5  

167 St
4

                161 St  

 Yankee Stadium

                     B •D •4  

Van Cortlandt Park
242 St

1

Lexington 

 Av/63 St     

F              

14
 St–U

nion Sq 

  L
• N• Q

• R• 4• 5• 6

    
   L

• N• Q
• R

3 A
v

   L 1 A
v

   L

8 St-NYU
N•R

Christopher St

Sheridan Sq
1

Canal St
J•N•Q
R•Z•6

Canal St
A•C•E

Spring St
6

Spring St
C•E

W 4 St
 Wash Sq
    A•B•C•D•E•F•M

8 A
v

L

Queens
PlazaE •M

•R

69 St
7

52 St
7 46 St

Bliss St
 740 St

Lowery St

7
33 St-Rawson St

7

61 St
Woodside

7 •Q70 Ltd LGA Airport

            (starts Sep 8)

36 StM
•R

90 St–Elmhurst Av
7

 Junction Blvd
 7•Q72 LGA Airport

103 St–Corona Plaza
7

 111 St
 7•Q48 LGA Airport

Elm
hurst

 Av

   M
• R

Grand Av

   N
ewtown

    
   M

• R Woodhave
n Blvd

    
 M

• R 63
 Dr–R

ego Park

    
 M

• R• Q72 
LG

A Airp
ort

Forest 
Hills

71
 Av

E• F• M
• R

75
 Av

   E
• F Bria

rw
ood

   V
an W

yc
k Blvd

 

    
    

E• F

Sutphin Blvd
F

  Parsons Blvd
  F

169 St
F

Ja
maica  

Van W
yc

k
E

Kew Gardens 

   U
nion Tpke

    
   E

• F67
 Av

    
 M

• R

21 St
Queens-

bridge
F

39 AvN •Q

Steinway StM
•R

46 St
 M

•R         

Northern Blvd

                    M
•R                

     65 St

     M
•R      

74 St–Broadway

Q70 Ltd LGA Airport     •       7 

82 St–Jackson Hts
7

36 AvN •Q

30 Av
N•Q

Astoria Blvd
N•Q

Astoria
Ditmars Blvd

N•Q

Court Sq-23 St
E•M

    6 Av  L         14 St
1•2•3

18 St
1 

14 St
 F•M

23 St
F•M

23 St
1

23 St
C•E

23 St
N•R

33 St
6

Hunters Point Av
7•LIRR

Vernon Blvd
Jackson Av

7

21 St
G

Queensboro
        Plaza

           N•Q•7  

Court Sq
G•7

68 St
Hunter College
6

77 St
6

86 St
4•5•6

96 St
6

103 St
6

110 St
6

Central Park
North (110 St)   
2•3

116 St
6

72 St
B•C

81 St–Museum 
of Natural 
History 
B•C

86 St 
B•C

96 St
B•C

103 St
B•C

Cathedral Pkwy
(110 St)
B•C

116 St
B•C

125 St
A•B•C•D

125 St
2•3 • M60 
LaGuardia 
Airport

125 St
4•5•6

135 St
B•C

135 St
2•3

116 St
2•3

3 Av
138 St
6

Brook Av

6

Cypress Av

6

E 143 St
St Mary’s St

 6145 St
A•B•C•D

191 St
1

Bedford Pk Blvd
B•D

Kingsbridge Rd
B•D

Fordham Rd
B•D

182–183 Sts
B•D

Tremont Av
  B•D

174–175 Sts
B•D

170 St
B•D

Morris Park
5

Pelham Pkwy
5

Burke Av
2•5

Gun Hill Rd
  2•5

219 St
 2•5

225 St
2•5

233 St
2•5

Nereid Av
2•5

Wakefield 
241 St
2

Gun Hill Rd
5

Baychester 
Av
5

Eastchester
Dyre Av
5

167 St
B•D

E 149 St
6

Longwood Av
6

Hunts Point Av
6

Whitlock Av
6

Elder Av
6

   Morrison Av
   Soundview
    6

St Lawrence Av
6

Castle Hill Av
6

Zerega Av
6

Middletown Rd
6 

Buhre Av
6

Pelham Bay Park
6

Parkchester
6

181 St
1

15
5 S

t

    
  B

• D
15

5 S
t 

C

163 St–Amsterdam Av
   C

145 St
3

14
9 S

t–G
rand

Concourse

2• 4• 5

Harlem
148 St
3

57 St
F

57 St-7 Av
N•Q•R

49 St
N•Q•R

7 Av
B •D

•E     

28 St
1

28 St
    N•R

28 St
6

23 St
6

Astor Pl 
   6

BoweryJ• Z
East

Broadway
F

2 A
v 

    
F

Bleecker S
t

6 B’w
ay–L

afaye
tte

 St 

   B
• D• F• M

Ess
ex

 St

    
   F

• J• M
• Z

Dela
nce

y S
t

Grand St
 B•D

Prospect Av
R

25 St
R

36 St
D•N•R

45 St
R

53 St
R

59 St
N•R

8 A
v

N

Fort H
amilto

n

Pkwy
N

New Utre
cht A

v
N 18

 Av
N

20
 Av

N

Bay P
kwy

N

Kings
Hwy

N

Avenue U 
N
86 St

N

62
 St

D 

71
 St

D 

79
 St

D 

18
 Av D

20
 Av D

Bay P
kwy

D 25 Av
D

Bay 50 St
D

Coney Island
Stillwell Av

D•F•N•Q

55
 St

D

50
 St

DFort H
amilto

n

Pkwy
D

9 A
v

D
Ditm

as A
v

F

18
 Av

F

Ave
nue I

F

Bay

Pkwy
F

Bay Ridge Av
R

77 St
R

86 St
R

Bay Ridge
95 St

R

Jay St    Jay St    
MetroTechMetroTech
AA••CC••FF••RR

Jay St    
MetroTech
A•C•F•R

Lafayette Av
C

Park
Pl
S  

   Fulton StG

Smith
  

9 S
ts 
F• G  

4 A
v–9

 St

F• G• R 7 A
v
F• G

15
 St

Prosp
ect P

ark
F• G

Fort Hamilton
Pkwy

F•G  

Church Av
F• G

Ave
nue N

F Ave
nue P

F
Kings H

wy

F

Ave
nue U

F

Ave
nue X

F
Neptune Av

F

West 8 St
NY Aquarium
F•Q

Ocean Pkwy
Q

Brighton Beach
B•Q

Sheepsh
ead Bay

B• Q

Neck Rd

Q

Ave
nue U

Q

Kings H
wy

B• Q

Ave
nue M

Q

Ave
nue J

Q

Ave
nue H

Q

Newkirk
 Plaza

B• Q

Corte
lyo

u Rd

Q

Beve
rle

y R
d

Q

Church Av

B• Q
Flatbush

 Av

Brooklyn
 Colle

ge

2• 5

Newkirk
 Av

2• 5

Beve
rly

 Rd

2• 5

Church Av

2• 5

Winthrop St

2• 5

Sterling St
    2•5

President St
   2•5

Canarsie
Rockaway Pkwy
L

East 105 St
L

Aqueduct   
North Conduit Av 

A

Aqueduct   
Racetrack
A

Van Siclen Av
CLiberty

Av
C

Ozone Park
Lefferts Blvd
A

111 St
A

104 St
A

Rockaway Blvd   
                A       

  88 St
  A

80 St
A

Grant Av
A

Euclid Av
A•C

Shepherd Av
C Howard Beach  

JFK Airport 
AAtlantic Av

L

Alabama Av
J

New Lots Av
  L B15 JFK Airport

Crescent St
J•Z

    Norwood Av
  Z rush hrs, J other times      

 Cleveland St
 J

Bush
wick Av

Aberdeen St

 L

Wils
on Av

L

DeKalb Av

   L
Je

ffe
rso

n St

    
L

Flush
ing Av

  J
• MLorim

er S
t

   J
• MBroadway

G

Nass
au Av

G

Greenpoint A
v

G

Lorim
er S

t

    
L Graham

    
Av

    
    

L Grand St

  L Montro
se

 Av

    
L Morgan Av

    
    

    
    

  L

Livonia Av
   L

Sutte
r

Av
L

Nostrand Av

A •CFranklin Av

   C •S

Kingston

Throop Avs

C

Utica Av
A •C

Ralph Av

C

Chauncey St

Z rush hours,   

    J other times       

 Myrtle
Wyckoff Avs
L•M

 Halsey St

J
     Gates Av

   Z rush hours,

J other times

Kosciuszko St

JMyrtle Av

J •M
•Z

Central Av
       M   

Seneca Av
M

Myrtle
Willoughby Avs
    G

Flush
ing Av

GMarcy A
v

J• M
• Z

Metropolitan Av
     G

Bedford Av

           L  

Fresh Pond Rd
M

Hals
ey

 St

 L

Rockaway

AvC

Bro
ad

way

Ju
nc

tio
n

    
   A

• C
• J• L

• Z

Parkside Av
Q

Prospect
 Park
  B•Q•S

Botanic
 Garden
  S

Clinton

Washington AvsG

Classon AvG

Hew
es

 St   
J• M

Bedford

Nostrand Avs
G

Clin
ton

Wash
ington Avs

    
    

 C

  Hoyt
Schermerhorn

A•C•G

Kingston Av
3

Franklin
 Av

2• 3• 4• 5

Broadway
N•Q

Knickerbocker Av
                      M   

Middle Village
Metropolitan Av
M

Forest Av
M

High St
A•C   

Atlantic Av–Barclays Ctr
     B•Q•2•3•4•5•LIRR

Whitehall St
South Ferry
R

Bowling Green
4•5

Wall St
4•5 Wall St

     2•3 

Fulton St

Chambers St
1•2•3

Park 
Place 
   2•3    

Chambers St
J•Z
Brooklyn Bridge
City Hall 4•5•6

Chambers St
  A•C

Atla
ntic

 Av–B
arc

lay
s C

tr

D• N• R• LIRR    
 

Berg
en

 St
2• 3

7 A
v

B• Q

Nevins St
2•3•4•5 

Borough H
all

    
    

2• 3• 4• 5

Court St
R

Gran
d Arm

y
Plaz

a
2• 3

Eas
ter

n Pkw
y

Brookly
n M

use
um

2• 3

34 St
Penn

Station
 A•C•E•LIRR

 42 St
Port Authority
Bus Terminal

 A•C•E
 Times Sq-42 St

N•Q•R•S•1•2•3•7
Grand Central
42 St
S•4•5•6•7•Metro-North 

47–50 Sts
Rockefeller Ctr
B•D•F•M

34 St
Penn

Station
1•2•3•LIRR

34 St
Herald Sq

B•D•F
M•N•Q•R

42 St
Bryant Pk
B•D•F•M

5 Av
    7

Lexington Av/53 St E•M

59 St   
4•5•6

51 St   
6

Lexington Av/59 St
N•Q•R

5 Av/53 St
E•M

 5 Av/
59 St
N•Q•R

125 St
1

168 St
 A•C•1 A•C

Dyckman St
1

Inwood
207 St

A

215 St
1

3 Av–149 St
2•5

Woodlawn
4

Marble Hill
225 St
1

231 St
1

      75 St–Elderts Ln   
   Z rush hours, 
   J other times

Cypress Hills
 J

85 St–Forest Pkwy
                          J   

Woodhaven Blvd
                   J•Z

   104 St
  Z rush hours,
  J other times

111 St
J

     121 St
   Z rush hours, 
   J other times

Sutphin Blvd
Archer Av
JFK Airport
E•J•Z•LIRR

Jamaica
179 St
F

Jamaica Center 
Parsons/Archer
E•J•Z   

  Jackson Hts

Roosevelt Av

E •F •M
•R •Q70 Ltd LGA Airport (starts Sep 8)

                 Q47 LGA Airport (Marine Air Term only) 

  Flushing
Main St  

            7      
 

Nostrand Av
3

   Crown Hts
Utica Av
3•4              

Saratoga Av
  3   

Rockaway Av
              3   

Junius St
       3   

Pennsylvania Av
3

Van Siclen Av
3

New Lots Av
3

Sutter Av–Rutland Rd
3

A•C•J•Z
2•3•4•5

  Westchester Sq
  East Tremont Av
   6

Intervale Av
             2•5  

Prospect Av
         2•5   

Jackson Av
      2•5       

  Mets–Willets Point
7•Q48 LGA Airport

     Van Siclen Av
    Z rush hrs,
    J other times

138 St–Grand
Concourse
4•5

M60 LaGuardia Airport

M60 LGA
Airport

M60 LaGuardia Airport

M60 LGA Airport  

Rector St
1

Cortlandt St
1

Cortlandt St
        R

South Ferry
1

World Trade
Center

E

  207 St
 1

rush
hours

rush
hours

S

Roose
ve

lt

    
Isl

and

    
    

F

Beach
44 St
A

Beach 36 St
A  

Beach 25 St
A 

  Far Rockaway
Mott Av

A  

Broad 
Channel

A•S

Beach 
67 St
A

Beach 
60 St
A

Beach 90 St
A•S

Beach 98 St
A•S

Beach 105 St
A•S

Rockaway Park
Beach 116 St

A•S

St
at

en
 Is

la
nd

 F
er

ry
 

     summer only 

QUEENS
MIDTOWN
TUNNEL

MARINE PARKWAY-
GIL HODGES
MEMORIALBRIDGE

C
R

O
S

S
 B

A
Y

VE
TE

R
A

N
S

’

M
E

M
O

R
IA

L

B
R

ID
G

E

HENRY H
UDSON 

BRID
GE 

HUGH L. CAREY TUNNEL 

BRIDGE 

VERRAZANO-NARROWS

 B
R

ID
G

E
 

R
O

B
E

R
T

 F K
E

N
N

E
D

Y
 

THROGS
  NECK
    BRIDGE

GEO. WASHINGTON
BRIDGE

LINCOLN TUNNEL 

HOLLAND TUNNEL 

         MANHATTAN BRIDGE 

BROOKLYN BRIDGE 

QUEENSBORO BRIDGE 

BRONX-W
HITESTONE

BRIDGE

M
A

L
C

O
L

M
 X

 B
LV

D
 (LE

N
O

X
 A

V
) 

NOSTRAND AV 

B
R

O
A

D
W

A
Y

 

BROADWAY BRIDGE 

S
T

 N
IC

H
O

LA
S

 A
V

 

B
R

O
A

D
W

A
Y

 

B
R

O
A

D
W

A
Y

 

BROADW
AY 

S
E

V
E

N
T

H
 A

V
 

VA
R

IC
K

 S
T 

L IV
ONIA

 A
V 

W
EST

CH
ES

TE
R

 A
V 

E 138 ST 

LE
X

IN
G

T
O

N
 A

V
 

P
A

R
K

 A
V

 S
 

LA
FA

Y
E

T
T

E
 S

T
 

EASTERN PARKWAY 

S
O

U
TH

E
R

N
 B

LV
D

 

W
ESTC

H
E

S
T

E
R

 A
V

 
S

O
U

T
H

E
R

N
 B

LV
D

 

E
S

P
LA

N
A

D
E

 W
H

ITE PLAIN
S R

D
 

JE
R

O
M

E
 A

V
 

MANHATTAN AV 

UNION AV 

LAFAYETTE A
V 

WEST END LINE 

DELANCEY ST 

BROADWAY 

FULTON S
T 

JAM
AIC

A
AV 

MYRTLE A
V 

VAN SINDEREN AV 

WYCKOFF AV 

BUSHWICK AV 

N 7 ST 

HOUSTON  ST 

R U TGERS ST 

JA
Y

 S
T 

S
M

ITH
        S

T
 

NINTH ST 

M
CDONALD AV 

CULVER LINE 

M
CDONALD AV 

FO
U

R
T

H
 A

V
 

86 ST 

N
EW

 U
TR

EC
H

T AV 

FO
U

R
T

H
 A

V
 

53 ST 

HIL
LSID

E A
V 

41 AV 63 ST 

S
IX

T
H

 A
V

 

FLATBUSH AV 

E 15 ST 

BRIGHTON LINE 

E 16 ST 

G
R

A
N

D
 C

O
N

C
O

U
R

S
E

 

QUEENS BLVD 

QUEENS BLVD 

ARCHER A
V 

LIB
ERTY A

V 

PITKIN AV 

FULTON ST 

FULTON ST 

C
H

U
R

C
H

 S
T 

S
IX

T
H

 A
V

 

GREENWICH     AV 

E
IG

H
T

H
 A

V
 

C
E

N
T

R
A

L P
A

R
K

 W
E

S
T

 
S

T
 N

IC
H

O
LA

S
 A

V
 

FO
R

T
 W

A
S

H
IN

G
TO

N
 AV 

  B
ROADW

AY
 

FO
U

R
TH

 A
V

 

61 ST SEA         BEACH LINE 63 ST 

W
EST 8 ST 

BROADWAY 

31 S
T

 

60 ST 

BROAD
W

A
Y

 

B
R

O
A

D
W

A
Y

 

B
R

O
A

D
W

A
Y

 

QUEENS BLVD 

ROOSEVELT A
V 

FLATBUSH           AV

WILLIAMSBURG BRIDGE

14 ST 

42 ST 

PA
LIS

A
D

E
 A

V
 

IN
D

E
P

E
N

D
E

N
C

E
 A

V
 

H
E

N
R

Y
 H

U
D

S
O

N
 P

K
W

Y
 

BRO
ADW

AY 

231 ST 

IRWIN AV 

VAN CORTLANDT         
     P

ARK SO 

M
O

SH
O

LU
            PKW

Y 

FORDHAM RD 

PELHAM PKWY 

C
R

O
T

O
N

A
         A

V
 

P
R

O
S

P
E

C
T

 A
V

 

E 169 ST 

180 ST 

TREMONT AV 

E TREMONT AV 

W
E

B
S

T
E

R
 A

V
 

B
A

IN
BR

ID
GE 

T
H

IR
D

 A
V

 

225 ST 

BRUCKNER EXPWY 

BRUCKNER    
    

    
    

 E
XPWY 

ELDER          AV 
ST LAW

RENCE AV 

W
HITE PLAINS RD 

W
HITE PLAINS RD 

SOUNDVIEW AV 

CASTLE HILL AV 

ZEREGA AV 
HUTCHINSON                  PKW

Y 

ALLERTON AV BURKE A
V 

222 ST 

233 ST 

MID
DLETOWN RD 

B
R

O
A

D
W

A
Y

 

A
M

S
T

E
R

D
A

M
 A

V
  

FT W
A

S
H

 A
V

 

R
IV

E
R

S
ID

E
D

R
 

R
IV

E
R

S
ID

E
 D

R
 

145 ST 

135 ST 

ST NICHOLAS AV 

A
M

S
T

E
R

D
A

M
       A

V
 FIFT

H
 A

V
 

5 A
V

 

M
A

D
IS

O
N

 A
V

 
M

A
D

IS
O

N
 A

V
 

P
A

R
K

 A
V

 

T
H

IR
D

 A
V

 
3 A

V
 

S
E

C
O

N
D

 A
V

 
 2 A

V
 

 2 A
V

 

1 A
V

 

FIR
S

T
 A

V
 

1 A
V

 

A
LLE

N
      S

T
 

Y
O

R
K

 A
V

 

W
E

S
T

            E
N

D
              A

V
 

72 ST 

C
O

LU
M

B
U

S
 A

V
 

66 ST 66 ST 

12 A
V

 

W
E

S
T ST 

W
EST ST 

53 ST 

E 8 ST 

FD
R

 D
R

 

GRAND ST 

E BWAY 

SOUTH S
T 

W
ATE

R S
T 

ASTORIA BLVD 

NORTHERN BLVD 

DITMARS BLVD 

111 ST 

112 ST 

S
T

E
IN

W
A

Y
 S

T
 

48 S
T 

LONG ISLAND EXPWY 

HORACE H
ARDIN

G EXPWY 

LONG  ISLAND       
       

       
       

       
       

        
        

        
        

  EXPWY 

36 S
T

 

30 AV 

G
R

EE
N

PO
IN

T 
AV

 

21 S
T

 

JUNCTION BLVD 

JEW
EL A

V 

UTOPIA PKW
Y 

PARSONS BLVD 

KISSENA BLVD 

MAIN ST 

HILLSIDE AV 

JAMAIC
A A

V 

SUTPHIN BLVD 

111 ST 

LIN
DEN B

LVD LEFFERTS BLVD 

M
ERRICK BLVD 

METROPOLITAN AV 

METROPOLITAN AV 

NASSAU AV 

BEDFORD AV 

FLUSHING AV 

FOREST AV 

WOODHAVEN BLVD 

MYRTLE AV 

JA
C

K
IE

 R
O

B
IN

S
O

N
 P

A
R

K
W

A
Y

 

WILSON AV 

BUSHWICK AV 

MYRTLE AV 

BERGEN ST 

BERGEN ST 

LIB
ERTY A

V 

H
IC

K
S

 S
T

 

H
E

N
R

Y
 S

T 

9 ST 

UNION ST 
CHURCH A

V 

PROSPECT AV 

OCEAN PKW
Y

CONEY ISLAND AV 

9 A
V

 

FO
R

T 
H

AM
IL

TO
N P

KW
Y 

PARKSID
E A

V 

W
IN

THROP S
T 

NOSTRAND        AV 

AV Z
 

EMMONS A
V 

AV U
 

FLATBUSH AV 

W
ASHINGTON 

U
TIC

A AV 

UTICA AV 

86 ST 

K
IN

G
S

 H
W

Y
 

FIFT
H

 A
V

 

39 ST 

REMSEN AV 

AV M
 

FL
A

TL
A

N
D

S 
A

V 

AV H
 

OCEAN AV 

B
E

D
FO

R
D

 A
V 

BEDFORD AV 

NOSTRAND AV 

VAN SICLEN AV 

PENNSYLVANIA              AV 

PO
RT W

ASH
IN

G
TO

N
 B

LVD
 

C
R

O
SS B

A
Y B

LVD

C
R

O
S

S
 B

A
Y

 B
LV

D

PARSO
NS BLVD

 

W
H

ITESTO
N

E EX
P

W
Y

 

M
ID

D
LE N

EC
K

 R
D

 

NORTHERN BLVD 

CANAL ST 

CANAL ST 
SPRING ST 

T R A M W A Y

HOUSTON ST 

  3 A
V

 

BOW
ERY W 4 ST 

E 4 ST 

BLEECKER ST 

BLEECKER     ST 

23 ST 

12 A
V 23 ST 

50 ST 50 ST 

59 ST CENTRAL                 PARK             SOUTH 

79 ST 

125 ST 

116 ST 

96 ST 

86 ST 

UNIVERSITY HTS BR 

UNIO
N TURNPIK

E 

CLEARVIEW EXPWY 

163 ST  

FR
E

D
E

R
IC

K
 

D
O

U
G

LA
S

S
 B

LV
D

 

A
D

A
M

 C
LA

Y
T

O
N

P
O

W
E

LL B
LV

D
 (7A

V
)

VAN      W
YCK EXPW

Y 

SEAGIRT  BLVD 

B
EA

C
H

 C
HANNEL D

R 

R
O

C
K

A
W

A
Y

 B
EA

C
H

 B
LV

D
 

KIN
G

S 
H

IG
H

W
A

Y
 

82 ST

V
E

R
N

O
N

 B
LV

D

B
E

A
C

H
 C

H
A

N
N

EL
 D

R
 

RO
CKAW

AY  P
T 

 B
LV

D
 

HAMILTON BRIDGE 

WASHINGTON BRIDGE 

CROSS BRONX EXPWY

BAYCHESTER AV

9 A
V

10 A
V

11 A
V

G
R

A
N

D
 A

V

Spuyten
Duyvil

Riverdale

University
Heights

Morris
Heights

Harlem
125 St

Melrose

Yankees-
E153 St

Tremont

Fordham

Botanical Garden

Williams
Bridge

Woodlawn

Wakefield

Long
Island
City

9 St

14 St

23 St

33 St

Christopher St

Hunterspoint Av

Woodside

Mets–Willets Point

Flushing

Forest
Hills

JamaicaKew
Gardens

Hollis

Auburndale Bayside Douglaston

Manhasset

Plandome

Port
Washington

Great
Neck

Little
Neck

Murray
Hill

Broadway

Queens
Village

Laurelton Rosedale

Woodmere

Cedar-
hurst

Lawrence

Inwood

Locust
Manor

Far
Rockaway

East NY

Nostrand Av

Marble
Hill   

WTC

VAN
CORTLANDT

PARK

BRONX
ZOO

PELHAM
BAY

PARK

ORCHARD
BEACH

CENTRAL
PARK

WASHINGTON
SQUARE PARK

METROPOLITAN
MUSEUM
OF ART

RANDALLS
ISLAND

JAVITS
CENTER

RIVERBANK
STATE PARK

INWOOD
HILL PARK

FORT TRYON
PARK

UNITED
NATIONS

WTC Site
9/11 Memorial

FLUSHING
MEADOWS
CORONA

PARK

PROSPECT
PARK

BROOKLYN
BOTANIC
GARDEN

FORT GREENE
PARK

GREEN-WOOD
CEMETERY

LAGUARDIA
AIRPORT

JFK
INTERNATIONAL

AIRPORT

JAMAICA
BAY

WILDLIFE
REFUGE

GATEWAY
NATIONAL

RECREATION
AREA–

JAMAICA BAY

EAST
RIVER
PARK

BROOKLYN
BRIDGE
PARK

KISSENA
PARK

CUNNINGHAM
PARK

MARINE
PARK

FLOYD
BENNETT

FIELD

JUNIPER
VALLEY

PARK
FOREST

PARK

RIVERSIDE PARK

HUDSON RIVER PARK

HIGHBRIDGE
PARK

JACOB
RIIS

PARK

LIBERTY
ISLAND

ELLIS
ISLAND

NEW YORK
TRANSIT MUSEUM

southbound only

except

n-bound

so
uthbound

6

Sexcept

south-
bound

4•5

7

2•3 and north-
bound 4•5

BROOKLYN

MANHATTAN

QUEENS

THE
BRONX

FINANCIAL
DISTRICT

BATTERY 
PARK CITY

CHINATOWN

LITTLE ITALYSOHO

TRIBECA

GREENWICH
VILLAGE

CHELSEA

WEST
SIDE

UPPER
EAST
SIDE

UPPER
WEST
SIDE

EAST
HARLEM

HARLEM

WASHINGTON
HEIGHTS

EAST
VILLAGE

LOWER
EAST SIDE

NOHO

RIVERDALE

KINGSBRIDGE

HIGH-
BRIDGE

FORDHAM

TREMONT

MORRISANIA

THE HUB

HUNTS 
POINT

RIKERS
ISLAND

MOTT HAVEN

SOUNDVIEW

PARKCHESTER

CITY
ISLAND

BAYCHESTER

CO-OP
CITY

EASTCHESTER

ASTORIA

LONG
ISLAND

CITY

ROOSEVELT
ISLAND

JACKSON
HEIGHTS

CORONA

FLUSHING

HILLCREST

FRESH
MEADOWS

JAMAICA
ESTATES

JAMAICA

HOLLIS

QUEENS
VILLAGE

KEW
GARDENS

KEW
GARDENS

HILLS

RICHMOND
HILL

FOREST
HILLS

REGO PARK

MIDDLE
VILLAGE

GLENDALE
WOODHAVEN

OZONE
PARK

HOWARD BEACHEAST
NEW
YORK

OCEAN HILL-
BROWNSVILLE

CANARSIE

EAST
FLATBUSH

MIDWOOD

BENSONHURST

FLATBUSH

PARK
SLOPE

RED
HOOK

GOVERNORS
ISLAND

CARROLL
GARDENS

FLATLANDS

ROCKAWAY
PARK

BREEZY
POINT

SHEEPSHEAD
BAY

BRIGHTON
BEACH

CONEY ISLAND

BAY RIDGE

BOROUGH
PARK

SUNSET
PARK

BROOKLYN
HEIGHTS

WILLIAMSBURG

FORT GREENE

GREENPOINT

BEDFORD-
STUYVESANT

CROWN
HEIGHTS

BUSHWICK

RIDGEWOOD

MASPETH

DUMBO

NAVY
YARD

M
TA

 S
ta

te
n 

Is
la

nd
 R

ai
lw

ay
 

Grasmere

St. George

Tompkinsville

Stapleton

Clifton
  S51

Old Town

Dongan Hills

Jefferson Av
Grant City

          S51/81  

New Dorp
 

Oakwood Heights
                          S57     

Bay Terrace

      Great Kills
S54 X7 X8   

Eltingville

Annadale
      S55  

     Huguenot   
S55 X17 X19   

Prince's Bay
           S56  

Pleasant Plains

Richmond ValleyNassau
S74/84

Atlantic
S74/84

Tottenville
      S74/84

RICHMOND TERRACE 

VICTORY BLVD 

V
A

N
D

E
R

B
IL

T
 A

V
 

ARTHUR KILL RD 

STATEN IS
LAND EXPRESSWAY              VERRAZANO-NARROWS BRIDGE

FOREST AV 

H
Y

LA
N

   
   

   
 B

L
V
D

 

HYLAN B
LVD 

A
R

T
H

U
R

 K
IL

L R
D 

W
E

S
T

 S
H

O
R

E
 E

X
P

W
Y

 

R
IC

H
M

O
N

D
 A

V
 

SILVER
LAKE
PARK

SNUG HARBOR
CULTURAL CENTER

COLLEGE OF
STATEN ISLAND

SEA
VIEW

HOSPITALSTATEN
ISLAND
MALL

NEW
SPRINGVILLE

PARK

LA TOURETTE
PARK

GREAT
KILLS
PARK

CLOVE
LAKES
PARK

STATEN
ISLAND

PORT
RICHMOND

WEST NEW
BRIGHTON

MARINERS
HARBOR

FOX
HILLS ROSEBANK

CASTLETON
CORNERS

BULLS
HEAD

CHELSEA

WESTERLEIGH

TODT
HILL

NEW
DORP
BEACH

WOODROWROSSVILLE

CHARLESTON

ARDEN
HEIGHTS

FRESH
KILLS

RICHMONDTOWN

TOTTENVILLE
BEACH

   tunnel closed
until fall 2014

 runs weekends via Manhattan Br 

The subway operates 24 hours a 
day, but not all lines operate at all 
times. This map depicts morning to 
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Travel Information Center at 511 for 
more information in English or 
Spanish (24 hours) or ask an agent 
for help in all other languages (6AM 
to 10PM). 

To show service more clearly, geography 
on this map has been modified. 
© 2013 Metropolitan Transportation Authority
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Key

August 2013

Full time service
Part time service

All trains stop (local 
and express service)

Local service only
Rush hour line

extension

Free subway transfer
Free out-of-system 
subway transfer 
(excluding single-ride 
ticket)

Terminal

Bus or AIRTRAIN
to airport

Accessible
station

Additional express
service  

Normal service

Commuter rail service 

Bus to airport

  

Station
Name

   A•C

New York City Subway
with bus and railroad connections

Police

M60
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On weekends, the Weekender website and app show construction-related scheduled service changes. 
This information is also posted at station entrances and on platform columns of affected lines.

Transportation Data - NYC MTA
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MTA Fare Data Exploration
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MTA Fare Data Exploration
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MTA Fare Data Exploration
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Definition of Visualization

“Computer-based visualization systems provide visual 
representations of datasets designed to help people carry out 
tasks more effectively”  

— T. Munzner

23D. Koop, CSCI 503/490, Fall 2024



Why Graphics?
Figures are richer; provide more 
information with less clutter and in less 
space.
Figures provide the gestalt effect: they give 
an overview; make structure more visible.
Figures are more accessible, easier to 
understand, faster to grasp, more 
comprehensible, more memorable, more 
fun, and less formal.
          list adapted from: [Stasko et al. 1998]

Why do we visualize data?

24

[T. Nørretranders]
D. Koop, CSCI 503/490, Fall 2024

[via A. Lex]



Why Visual?

25

[F. J. Anscombe]
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I II III IV
x y x y x y x y
10.0 8.04 10.0 9.14 10.0 7.46 8.0 6.58
8.0 6.95 8.0 8.14 8.0 6.77 8.0 5.76

13.0 7.58 13.0 8.74 13.0 12.74 8.0 7.71
9.0 8.81 9.0 8.77 9.0 7.11 8.0 8.84

11.0 8.33 11.0 9.26 11.0 7.81 8.0 8.47
14.0 9.96 14.0 8.10 14.0 8.84 8.0 7.04
6.0 7.24 6.0 6.13 6.0 6.08 8.0 5.25
4.0 4.26 4.0 3.10 4.0 5.39 19.0 12.50

12.0 10.84 12.0 9.13 12.0 8.15 8.0 5.56
7.0 4.82 7.0 7.26 7.0 6.42 8.0 7.91
5.0 5.68 5.0 4.74 5.0 5.73 8.0 6.89
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D. Koop, CSCI 503/490, Fall 2024

I II III IV
x y x y x y x y
10.0 8.04 10.0 9.14 10.0 7.46 8.0 6.58
8.0 6.95 8.0 8.14 8.0 6.77 8.0 5.76

13.0 7.58 13.0 8.74 13.0 12.74 8.0 7.71
9.0 8.81 9.0 8.77 9.0 7.11 8.0 8.84

11.0 8.33 11.0 9.26 11.0 7.81 8.0 8.47
14.0 9.96 14.0 8.10 14.0 8.84 8.0 7.04
6.0 7.24 6.0 6.13 6.0 6.08 8.0 5.25
4.0 4.26 4.0 3.10 4.0 5.39 19.0 12.50

12.0 10.84 12.0 9.13 12.0 8.15 8.0 5.56
7.0 4.82 7.0 7.26 7.0 6.42 8.0 7.91
5.0 5.68 5.0 4.74 5.0 5.73 8.0 6.89

Mean of x 9

Variance of x 11

Mean of y 7.50

Variance of y 4.122

Correlation 0.816
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Mean of x 9

Variance of x 11

Mean of y 7.50

Variance of y 4.122

Correlation 0.816



Visualization Goals
• "The purpose of visualization is insight, not pictures" – B. Shneiderman 

• Identify patterns, trends 
• Spot outliers 
• Find similarities, correlation
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Visual Pop-out

28

[C. G. Healey]
D. Koop, CSCI 503/490, Fall 2024

http://www.csc.ncsu.edu/faculty/healey/PP/


Visual Pop-out
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[C. G. Healey]
D. Koop, CSCI 503/490, Fall 2024

http://www.csc.ncsu.edu/faculty/healey/PP/


Visual Pop-out
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[C. G. Healey]
D. Koop, CSCI 503/490, Fall 2024

http://www.csc.ncsu.edu/faculty/healey/PP/


Visual Perception Limitations
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[C. G. Healey]
D. Koop, CSCI 503/490, Fall 2024

http://www.csc.ncsu.edu/faculty/healey/PP/


Visual Perception Limitations
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[C. G. Healey]
D. Koop, CSCI 503/490, Fall 2024

http://www.csc.ncsu.edu/faculty/healey/PP/
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[J. VanderPlas, adapted by N. Rougier]
D. Koop, CSCI 503/490, Fall 2024

https://github.com/rougier/python-visualization-landscape
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[J. VanderPlas, adapted by N. Rougier]
D. Koop, CSCI 503/490, Fall 2024

+ ipyparaview

+ pydeck

https://github.com/rougier/python-visualization-landscape


matplotlib
• Strengths: 
- Designed like Matlab 
- Many rendering backends 
- Can reproduce almost any plot 
- Proven, well-tested 

• Weaknesses: 
- API is imperative 
- Not originally designed for the web 
- Dated styles

34D. Koop, CSCI 503/490, Fall 2024
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Altair
• Declarative Visualization 
- Specify what instead of how 
- Separate specification from execution 

• Based on VegaLite which is browser-based 
• Strengths: 
- Declarative visualization 
- Web technologies 

• Drawbacks: 
- Moving data between Python and JS 
- Sometimes longer specifications

35D. Koop, CSCI 503/490, Fall 2024



Matplotlib History
• "In the beginning was matplotlib" – J. VanderPlas 
• Started by John D. Hunter, a neurobiologist ~2003 
• John tragically passed away in 2012, community-led now 

• Before Python, John had Perl scripts that called C++ mathematical programs 
that wrote data files that were plotted using Matlab (then gnuplot) 

• Sought a solution that was Matlab users would be more comfortable with 
- Imports "hidden" by importing into the global namespace 
- pylab mode: match terminology of Matlab (at the cost of overriding core 

python functions/definitions)

36D. Koop, CSCI 503/490, Fall 2024



Lots of Changes Since
• pylab is "strongly discouraged nowadays and deprecated." [docs] 
• stateful plotting using pyplot still exists, but… 
• also object-oriented methods to build and customize plots now 
• Integrated output in JupyterLab 
• Many derivative libraries (e.g. seaborn) that build on matplotlib core 
• Can use more directly from pandas

37D. Koop, CSCI 503/490, Fall 2024

https://matplotlib.org/stable/tutorials/introductory/usage.html


Basic Example
• import matplotlib.pyplot as plt 
plt.plot([1,5,2,7,3]) 

• Default is line plot 
• x-values are implicit (range(5)) 
• Can add x-values 

- plt.plot([1,3,4,6,10],[1,5,2,7,3]) 

• Can change type of plot 
- plt.scatter([1,3,4,6,10],[1,5,2,7,3]) 

- plt.plot([1,3,4,6,10],[1,5,2,7,3],'o') # format string

38D. Koop, CSCI 503/490, Fall 2024



Plot Formats
• Can specify color, marker, and linestyle in format string 

- plt.plot([1,3,4,6,10],[1,5,2,7,3],'ro—') 

• Can also specify these via keyword arguments: 
- plt.plot([1,3,4,6,10],[1,5,2,7,3],  
         color='red', marker='s', linestyle='dashed') 

• Other keyword arguments, too: 
- plt.plot([1,3,4,6,10],[1,5,2,7,3],  
         color='red', marker='s', linestyle='dashed', 
         linewidth=3, markersize=12)

39D. Koop, CSCI 503/490, Fall 2024



Format Reference

40

[Documentation (Notes Section])
D. Koop, CSCI 503/490, Fall 2024

string color
'b' blue
'g' green
'r' red
'c' cyan
'm' magenta
'y' yellow
'k' black
'w' white

string description
'-' solid
'--' dashed
'-.' dash-dot
':' dotted

string description
'.' point
',' pixel
'o' circle
'v' triangle_down
'^' triangle_up
'<' triangle_left
'>' triangle_right
'1' tri_down
'2' tri_up
'3' tri_left
'4' tri_right
'8' octagon
's' square

Color shortcuts

Line Styles

string description
'p' pentagon
'P' plus (filled)
'*' star
'h' hexagon1
'H' hexagon2
'+' plus
'x' x
'X' x (filled)
'D' diamond
'd' thin_diamond
'|' vline
'_' hline

Markers

https://matplotlib.org/stable/api/_as_gen/matplotlib.pyplot.plot.html
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Vertical Both

Color
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Size

Length Area Volume

Data is Encoded via Visual Channels
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[Munzner (ill. Maguire), 2014]
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Encoding Data Attributes via Channels
• data = {'age': [1,3,4,6,10], 
        'num_jumps': [1,5,2,7,3], 
        'weight': [20,50,25,55,25], 
        'num_scoops': [3,2,4,2,3]} 
plt.scatter('age','num_jumps',c='num_scoops',s='weight', 
            data=data) 

• data is a dictionary that contains information about each data item (first 
animal has age=1, num_jumps=1, weight=20, num_scoops=3) 

• x and y are referenced as parts of the array 
• s is marker size 
• c is color and numbers are mapped to colors

42D. Koop, CSCI 503/490, Fall 2024



Many different types of charts
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Many different types of charts
• Bar chart 

- plt.bar(['Apple','Banana','Orange'],[0.99,0.50,1.25]) 

• Grid Heatmap 
- plt.pcolormesh(x, y, Z) 

• Pie chart: 
- plt.pie([20,40,30,10], 
        labels=['Apple','Banana','Orange','Pear'])

44D. Koop, CSCI 503/490, Fall 2024



matplotlib tutorials
• https://matplotlib.org/stable/tutorials/index.html 
• https://github.com/rougier/matplotlib-tutorial

45D. Koop, CSCI 503/490, Fall 2024

https://matplotlib.org/stable/tutorials/index.html
https://github.com/rougier/matplotlib-tutorial


Adding Labels
• plt.xlabel: set x label 
• plt.ylabel: set y label 
• plt.title: set title 
• plt.plot([1,3,4,6,10],[1,5,2,7,3]) 
plt.xlabel('Age') 
plt.ylabel('Number of Jumps') 
plt.title('Kangaroo Jumps Today')
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Anatomy of a Figure

47

[B. Solomon & matplotlib]
D. Koop, CSCI 503/490, Fall 2024

https://realpython.com/python-matplotlib-guide/
https://matplotlib.org/stable/gallery/showcase/anatomy.html


Figure and Axes Objects
• pyplot is stateful, functions affect the "current" figure and axes 

- plt.gcf(): gets current figure 
- plt.gca(): gets current axes 
- Creates one if it doesn't exist! 

• This is not aligned with object-based programming ideas 
• Most methods in pyplot are translated to methods on the current axes (gca) 
• We can instead call these directly, but first need to create them: 

- fig, ax = plt.subplots() # "constructor-like" method 
ax.scatter([1,3,4,6,10],[1,5,2,7,3])
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Object-Based Plotting
• fig, ax = plt.subplots() # "constructor-like" method 
ax.scatter([1,3,4,6,10],[1,5,2,7,3]) 

• Use getters/setters for labels and title 
- ax.set_xlabel('Age') 

- ax.set_ylabel('Number of Jumps') 

- ax.set_title('Kangaroo Jumps Today') 

• We can also call methods on the figure: 
- fig.tight_layout() # reduce margins
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Multiple Figures
• subplots allows multiple axes in the same figure: 

- fig, ax = plt.subplots(2, 2, figsize=(10, 10)) # rows, then 
columns 

• ax is now a 2x2 numpy array 
• Can put any type of visualization on each pair of axes 
• ax[0,0].plot([1,3,4,6,10],[1,5,2,7,3]) 
ax[0,1].bar(['Apple','Banana','Orange'],[0.99,0.50,1.25]) 
ax[1,0].pcolormesh(x, y, Z) 
ax[1,1].pie([20,40,30,10], 
            labels=['Apple','Banana','Orange','Pear'])
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pandas Integration
• Can call many of these methods directly from pandas 
• Handled through kind kwarg or .plot accessor 
• It will try to guess a reasonable visualization, but may fail: 

- fruit.plot() 

• Instead, specify x and y and other parameters: 
- fruit.plot(kind='bar',x='name',y='price') 

- plt.bar(x='name',height='price',data=fruit) # SIMILAR 

- fruit.plot.scatter(x='price',y='count',c='name') # ERROR 

- colors = {'Apple': 'red','Orange': 'orange', 
          'Banana': 'yellow','Pear': 'green'} 
fruit.plot.scatter(x='price',y='count', 
                   c=fruit['name'].map(colors))
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Extensions & Other Directions
• Seaborn: 

- import seaborn as sns 
sns.scatterplot(x='price',y='count',hue='name', data=fruit)

52D. Koop, CSCI 503/490, Fall 2024
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+ ipyparaview

+ pydeck



History of Vega-Lite & Altair
• "Grammar of Graphics", L. Wilkinson 
• "A Layered Grammar of Graphics", H. Wickham 
• ggplot: plotting library for R 
• Vega: similar idea for Javascript/JSON (U. Washington, A. Satyanarayan) 
- "Declarative language for creating, saving, and sharing interactive 

visualization designs" 
- More focus on interaction and reactive signals 
- Separation between specification and runtime 

• Vega-Lite: higher-level language than Vega (U. Washington, D. Moritz) 
- uses carefully designed rules to default settings
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History of Vega-Lite & Altair
• Altair: Python interface to Vega-Lite (J. VanderPlas) 
- "spend more time understanding your data and its meaning" 
- Specify the what, minimize the amount of code directing the how 
- Python can write JSON specification just as well as any other language 
- Bindings make it more Python-friendly, integrate with pandas, add support 

for Jupyter, etc. 
• Vega Fusion (J. Mease) 
- Scaling to larger datasets 
- Serverside scaling
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Basic Example
• import altair as alt 
import pandas as pd 
data = pd.DataFrame({'x': [1,3,4,6,10],'y': [1,5,2,7,3]}) 
alt.Chart(data).mark_line().encode(x='x', y='y') 

• Easiest to use data from a pandas data frame 
- Another option is a csv or json file 
- Can support geo_interface, too 

• Chart is the basic unit 
• Mark: .mark_*() indicates the geometry created for each data item 
• Encode: .encode() allows visual properties to be set to data attributes
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Visual Marks
• Marks are the basic graphical elements in a visualization 
• Marks classified by dimensionality: 

• Also can have surfaces, volumes 
• Think of marks as a mathematical definition, or if familiar with tools like Adobe 

Illustrator or Inkscape, the path & point definitions 
• Altair: area, bar, circle, geoshape, image, line, point, rect, rule, square, text, tick 
- Also compound marks: boxplot, errorband, errorbar 

57D. Koop, CSCI 503/490, Fall 2024
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Easily Explore Different Encodings
• data = pd.DataFrame({ 
    'age': [1,3,4,6,10], 
    'weight': [20,50,25,55,125], 
    'zoo_area': [1,3,3,1,2], 
    'num_scoops': [3,2,4,2,3] 
}) 
alt.Chart(data).mark_point( 
    filled=True, size=50, 
    stroke='black',strokeWidth=1 
).encode( 
    x='age', 
    y='weight', 
    color='zoo_area' 
)
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Problem: zoo_area is not a continuous value,  
nor is it ordered in any way!

D. Koop, CSCI 503/490, Fall 2024



Data Attributes and Altair Types
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[Munzner (ill. Maguire), 2014]
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Data Attributes and Altair Types

• Categorical data = Nominal (N) 
• Ordinal data = Ordinal (O) 
• Quantitative data = Quantitative (Q) 
• Temporal data = Temporal (T)

61

[Munzner (ill. Maguire), 2014]
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Attributes

Attribute Types

Ordering Direction

Categorical Ordered

Ordinal Quantitative

Sequential Diverging Cyclic



Specifying the Type

62D. Koop, CSCI 503/490, Fall 2024

zoo_area:O zoo_area:N



Magnitude Channels: Ordered Attributes Identity Channels: Categorical Attributes

Spatial region
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Shape
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Length (1D size)
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Color luminance
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Channels: Expressiveness Types and Effectiveness Ranks
Different Channels for Different Attribute Types
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[Munzner (ill. Maguire), 2014]
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Altair will use its rules to pick 
whether to use color hue or 
saturation based on the type



Multiple Views in Visualization
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[Altair]
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https://altair-viz.github.io/gallery/multi_series_line.html


Multiple Views in Visualization
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[Improvise, Weaver, 2004]
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[M. Bostock]
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http://bl.ocks.org/mbostock/4063663


Altair Supports Concatenation, Layering, & Repetition
• Layering: 
- + Operator 

• Concatenation: 
- Horizontal: | operator  
- Vertical: & operator 

• Repetition 
- Use of .repeat for layout 
- Reference repeated variables in the encoding
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Visualization
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[Rock 'N' Roll is Here to Pay, R. Garofalo, 1977 (via Tufte)]
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https://research.google/blog/explore-the-history-of-pop-and-punk-jazz-and-folk-with-the-music-timeline/


Interaction
• Grammar of Graphics, why not Grammar of Interaction? 
• Vega-Lite/Altair is about interactive graphics 
• Types of Interactions: 
- Selection 
- Zoom 
- Brushing
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Selection
• Selection is often used to initiate other changes 
• User needs to select something to drive the next change 
• What can be a selection target? 
- Items, links, attributes, (views) 

• How? 
- mouse click, mouse hover, touch 
- keyboard modifiers, right/left mouse click, force 

• Selection modes: 
- Single, multiple 
- Contiguous?
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Highlighting
• Selection is the user action 
• Feedback is important! 
• How? Change selected item's visual encoding 
- Change color: want to achieve visual popout 
- Add outline mark: allows original color to be preserved 
- Change size (line width) 
- Add motion: marching ants
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Altair's Interactive Charts
• https://altair-viz.github.io/gallery/index.html#interactive-charts
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https://altair-viz.github.io/gallery/index.html#interactive-charts
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