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Data 100
Lecture 6: Unboxing the Data

Box of Data

Congratulations!
You have collected
or been given a 
box of data

What do you do next?

Begin predictive 
modeling and
hypothesis testing?
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Data 
Acquisition

Exploratory 
Data 
Analysis

Topics For Today

Ø Understanding the Data
1. File Format & Organization
2. Granularity
3. Quality

Ø Common Data Anomalies 
Ø … and how to fix them

Preparing Data for 
Analysis

Box of Data

Where did the box come from?
Data Deluge:
• Collected from an 

instrument
• Federal Survey
• Scraped from the 

Web
• Administrative 

data set
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Three Examples

Ø SCIENTISTS collected: CO2 Measurements from the 
observatory at Mauna Loa

Ø GOVERNMENT collected: Drug Abuse Warning Network 
survey 

Ø INFORMAL collection: Housing sale prices in the Bay Area 
right before the 2009 economic downturn 
https://www.sfgate.com/homesales/c/a/2008/04/27/REH
S.tbl

Three Examples

Ø SCIENTIFIC: tend to be clean and well documented

Ø GOVERNMENT: tend to be clean, well documented, and 
categorical

Ø INFORMAL: tend to need cleaning and not well 
documented

https://www.sfgate.com/homesales/c/a/2008/04/27/REHS.tbl
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CO2 levels at 
Mauna Loa Observatory 

Data Collected by Scientific Instruments

Mauna Loa Volcano

Largest Volcano in world
4 km above sea level
Summit 17 km above base
On the Island of  Hawaii

Data and photos available from Scripps Institute and NOAA
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Sampling Frame  –
Mauna Loa Observatory
Far from any continent: air 
sampled is representative 
of the central Pacific. 

High altitude: above the 
inversion layer where local 
effects may be present.

Measurements of 
atmospheric CO2 since 
1958 – longest continuous 
record

Acquiring the box of data
• Clean 

• Well documented

• Simple structure

• Broadly shared

• Reproducibility is key to 
trusting findings

https://www.esrl.noaa.gov/gmd/ccgg/trends/
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Start modeling the change 
in CO2 over time!

YIKES!
What happened?

We didn’t clean our 
data…

Here’s the Data: co2_mm_mlo.txt

Start Over with More Care

NOW WHAT? 

Ø How big is it?

Ø What is the encoding?

Ø How is it formatted? 
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Look at it
These are Unix 
commands that 
we run from the 
Jupyter notebook

There are similar 
Python commands
in the utils library, 
e.g.,
line_count()
head() 

Look At It What do you see?
Make 4 observations about these data
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Observations about the file

• File appears to be plain 
text

• Column names appear 
on two lines of file

• Fields line up from one 
row to the next

• White space between 
fields

• Seven variables

• -99.99 appears in some 
rows for the “Average” 

• -1 appears in all the first 5 
rows for “days”

Read the Data into a Data Frame

co2 = pd.read_csv('co2_mm_mlo.txt’, 
header = None,  skiprows = 72, sep = '\s+',
names = ['Yr', 'Mo', 'DecDate', 'Avg', 'Int', 'Trend', 'days'])
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Identify the Structure & Granularity

Ø What is the shape?

Ø What does a record represent?

Ø Have the data been aggregated,?

Ø Do we need to aggregate? 

Identify the Structure & Granularity

Ø What is the shape?

Ø What does a record represent?

Ø Have the data been aggregated,?

Ø Do we need to aggregate? 

Rectangular –
7 columns & 738 rows 

One month of CO2
measurements 

Yes, they are aggregated to 
the month, via an average.
We don’t need to further 
aggregate.
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Ideas for confirming data quality?

Can you think of some ways for us to check that the data 
are what we expect?

What about ways to check consistency between the 
variables? 

Yr -- 4 digits, from 1958 to 2019
Mo – 1 to 12
DecDate – Jan 1, 1958 =  1958 + 1/365
Avg -- Average monthly CO2 
Int – Interpolated CO2, if Avg is missing 
Trend – fitted trend
days -- days in operation

Ideas for confirming data quality

Ø How many records should we have?

Ø How many records for a month should we have?

Ø Are there any/many unusual values?

We saw -99.99 for Avg and -1 for days but we don’t know 
how many there are. Do we care about the -1s? 

12⇥ (2019� 1957)� 4� 2 = 738
<latexit sha1_base64="GCPXIakA+0h5ns3lUTXIBuVJ81c=">AAACDnicbVDLTgIxFO34RHyNunTTSEhwIZkZMMDChOjGJSbySGBCOqUDDZ3OpO2YkAlf4MZfceNCY9y6duffWGAWCp7kpifn3Jvee7yIUaks69tYW9/Y3NrO7GR39/YPDs2j45YMY4FJE4csFB0PScIoJ01FFSOdSBAUeIy0vfHNzG8/ECFpyO/VJCJugIac+hQjpaW+mbcd2FM0IBIWHMuuwQto1y4r5/ot63LgFayUqn0zZxWtOeAqsVOSAykaffOrNwhxHBCuMENSdm0rUm6ChKKYkWm2F0sSITxGQ9LVlCO9gJvMz5nCvFYG0A+FLq7gXP09kaBAykng6c4AqZFc9mbif143Vn7VTSiPYkU4XnzkxwyqEM6ygQMqCFZsognCgupdIR4hgbDSCWZ1CPbyyauk5RTtUtG5K+fq12kcGXAKzkAB2KAC6uAWNEATYPAInsEreDOejBfj3fhYtK4Z6cwJ+APj8wdwWpYB</latexit>

(2019� 1957) = 62 or for some 61
<latexit sha1_base64="aJMAMgypW5NH6ebojW4KgtG6iKA="></latexit>
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Bar plot of record count for 
each year

Plots that we wouldn’t 
normally use for analysis can 
check data quality

Checking data quality
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Zoom in on a short time period

We see a seasonal 
component to CO2 
measurements

Peak around 
April/May

Trough around Sep
?

June 2017 is Missing, What to do?

A. Ignore it, and hope it goes away

B. Drop the records with missing values

C. Replace with the average from the previous 6 months 

D. Replace with a random June from the previous 6 years

yellkey.com/chair
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What to do with the Missing Values?

Ø Drop the records with missing values
Ø We typically selectively drop records for one analysis but not drop 

them for all analyses. For example, if a variable is not in a model then 
we don’t drop records with missing values for that variable.

Ø Replace with an average value – mean imputation
Ø Typically, we divide the data into subgroups that have the same 

values for certain variables (e.g., age, sex). Then we impute the 
missing value with the average value for the group

Ø Replace with a random value – hot deck imputation
Ø Like mean imputation, we divide the data into subgroups. But, we 

choose a random value from the subgroup and use it for the missing 
value.

What happens?

Ø Ideally, the missingness is at random – meaning it is not 
correlated with other variables 

Ø If missingness is correlated, that leads to biased inference

Ø If too many values for a field are missing, we may need 
to drop that field from our investigation

Ø If we impute with averages, the variability is reduced 

How does it happen?
• A field of a record may be lost, hidden, removed, replaced, or never entered.
• That record’s entity does not have a particular attribute. 

e.g., person without a permanent address.
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CO2 Monthly Average

The ”Int" column contains values from “Avg” 
and interpolated values when “Avg” is missing.

1. The average seasonal cycle in a 7-year 
window for months around the missing 
monthly value. 

2. The trend is computed after removing the 
seasonal cycle and linearly interpolates 
missing months.  

3. Missing month = 
avg seasonal cycle  + the trend

We dropped the missing months

Does this plot 
make sense?
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Line Plot– Pairs: (time, Avg CO2)

Points are 
typically 
not the best 
way to plot 
time series

Connect measurements with line segments
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Seasonality and long-term Trend

We will return to 
this plot later, 
and have a 
debate around 
accurate visual 
representation

Recap Ideas in 
Data Cleaning



9/17/19

17

Revisit Sampling Frame

Ø How complete/incomplete is the frame (and its data)? 

Ø How is the frame/data situated in time?

Ø How is the frame/data situated in place?

Ø How well does the frame/data capture reality?

Sampling Frame (and Data)
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Ø Complete/incomplete? 

Ø Situated in time?

Ø Situated in place?

Ø Capture reality?

MLO - CO2 Data
7 records have a missing monthly 
average. We could use 
interpolated values or drop these 
records. – quite complete

Monthly records from Mar 1958 to 
Aug 2019 from Mauna Loa 
Observatory.

Unbox the Data
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Unbox the Data 
Ø How big is it?

Ø What is the encoding?

Ø How is it formatted? 

Ø How is it organized?

Ø How big is it? 738 records 

Ø Encoding?  ASCII – plain text

Ø Formatting? White space and aligned fields

Ø Organized? Table with 7 columns

MLO - CO2 Data
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Data File Formats

Ø Delimited values
Ø comma, tab, white 

space

Ø Fixed-width format

Ø Key-value pairs

name,sex,age,ht,wt,bmi,overWt
Tom,m,77,70,175,25.16239,TRUE   
Maya,f,33,64,124,21.50106,FALSE    
Joe,m,79,73,185,24.45884,FALSE 
Robert,m,47,67,156,24.48414,FALSE    
Sue,f,27,61,98,18.51492,FALSE    
Liz,f,33,68,190,28.94981,TRUE

Tom m777017525.16239TRUE   
Maya    f336412421.50106FALSE    
Joe     m797318524.45884FALSE 
Robert  m476715624.48414FALSE    
Sue f2761 9818.51492FALSE    
Liz f336819028.94981TRUE

name:Tom
sex:m
age:77 
ht:70  
wt:175 
bmi:25.16 
overWt:TRUE

JSON, XML, HTML, etc.

There are many formats to represent structured, 
hierarchical data

Ø Most formats consist of values, lists, and dictionaries?

Ø Dictionaries are typically keyed by strings

Ø Structures vary: list of records, list of columns, tree of 
documents, etc



9/17/19

21

Log Files Sometimes we need to work 
harder to extract fields from 
less structured text

Identify Granularity
For Tabular Data
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Identify Granularity
Ø What does a record represent?

Ø Do we have the correct number of records?
Ø Are there duplicated records?

Ø Have the data been aggregated?
Ø Do the data need to be aggregated?

Ø Do the data need to be combined from multiple tables?

Understanding and manipulating granularity can help 
reveal patterns and relationships 

Rectangular Data
Ø Easy manipulate, visualize, 

and analyze
Ø Easy to combine multiple 

tables
Ø Tabular representation of 

records and fields is a 
common paradigm

Ro
w

s/
 R

ec
or

d
s/

O
b

se
rv

a
tio

ns

Columns/Fields/Attributes/
Features/Variables
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Rectangular Data
Two main variants

1. Tables (a.k.a. data-frames in R/Python and relations in SQL)
Ø Named columns with different types
Ø Manipulate using data transformation languages

Ømap, filter, group by, join, sort
2. Matrices

Ø All values have the same type
Ø Manipulate using multiplication, addition, and element-

wise operations
Ø Most useful manipulation is linear, described by linear 

algebra 

Granularity: Keys
Ø Often data will appear in multiple 

tables

Ø Primary key: the column or set of 
columns in a table that determine 
the values of the remaining 
columns
Ø Primary keys are unique
Ø Examples: SSN, ProductIDs, …

Ø Foreign keys: the column or sets of 
columns that reference primary 
keys in other tables.

OrderNum ProdID Quantity
1 42 3
1 999 2
2 42 1

OrderNum CustID Date
1 171345 8/21/2017
2 281139 8/30/2017

ProdID Cost
42 3.14
999 2.72

Purchases.csv

Products.csv

Orders.csv

CustID Addr
171345 Harmon.. 
281139 Main ..

Customers.csv

Foreign Key

Primary Key
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Check Quality

Check Quality
Ø Are the data values reasonable? 

Ø Are there missing or corrupted values?

Ø Are the value-codings useful for analysis? 

Ø Do we need to extract a feature from a complex value?

Ø Do field dependencies check out?
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Ø The process of transforming “raw” data to enable 
subsequent analysis

Ø Data cleaning often addresses
Ø Formatting
Ø Missing values
Ø Units
Ø String Parsing 
Ø …

Ø Data cleaning is a big part of data science

Check Quality & Clean

Drug Abuse Warning 
Network (DAWN)

US Government Survey
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https://www.datafiles.samhsa.gov/study-series/drug-abuse-warning-network-dawn-nid13516

Survey
The DAWN survey takes a probability 
sample of hospitals. 

The hospitals must be:
• non-federal, 
• short-stay, 
• general surgical and medical 

hospital
• located in the United States, 
• with a 24-hour Emergency Room.

https://www.datafiles.samhsa.gov/study-series/drug-abuse-warning-network-dawn-nid13516
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Ø Frame  - ER visit for a drug related reason 

Ø Situated in time – 2011

Ø Situated in place – Emergency Rooms in the US 

Ø Capture reality  - complex sampling scheme based on 
probability

Sampling Frame

Acquiring the box of data

• Clean 

• Well documented
• 2356 page codebook!

• Simple format

• Public Use data
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Codebook

https://www.datafiles.samhsa.gov/study-series/drug-abuse-warning-network-dawn-nid13516

Here’s the Data: 34565-0001-Data.txt

NOW WHAT? 

Ø How big is it?

Ø What is the encoding?

Ø How is it formatted? 

The Codebook tells us all of this, 
but let’s take a look

https://www.datafiles.samhsa.gov/study-series/drug-abuse-warning-network-dawn-nid13516
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Look at One Record!

Investigation

Ø Rather than read all of the fields into the data frame, 
let’s focus on age and the type of ER visit.
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Read the Data into a Data Frame

colspecs = 
[(0,6), (14,29), (33,35), (35, 37), (37, 39), (1213, 1214)]

varNames = ["id", "wt", "age", "sex", "race","type"]

dawn = pd.read_fwf('data/34565-0001-Data.txt’,   
colspecs=colspecs, header=None, 
index_col=0, names = varNames)

Look at the Data

What do you notice?
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Look at the Data Again

Fix the column 
specifications.
Now how does it 
look? 

Compare the groupby counts 
to the codebook…. 
Nice Work!
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Missing Values – special coding

What do you advise?

Weights

This is a probability sample, so the representation of 
each individual in the sample can be computed. 
What do we do with this information?
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Unweighted avg: 48% female
Weighted avg: 52% female

Simple Example of Weighting
What’s the unweighted 
proportion of females?

What’s the weighted 
proportion? 

What’s the unweighted 
median wage?

What’s the weighted 
median wage? 
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Simple Example of Weighting
Unweighted proportion of 
females?                         2/3

Weighted proportion?  1/2

Unweighted median 
wage?                  $12.50

What’s the weighted 
median wage?    $20.00

We’re headed here –

But first we need to 
learn more about 
Visualization
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When the Data Are in 
Multiple Tables


