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Data Challenges
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Pitfalls of Data Repurposing

• Data is continuously repurposed
• That’s one reason to keep accumulating it

• ML Training datasets and much more

• Beware of the purpose for which you are repurposing data
• Why was that dataset created? What was its intended purpose?



Data Quality

• Context
• Documentation

• Provenance

• Assumptions

• Content
• Errors

• Missing Data

• Data formats



Documenting Data
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Why we need context

• Data acquisition

• Data stewards

• Data owners

• Data engineers

• Data analysts

• Data consumers

With multiple people involved in the process of transforming raw data into insights, some 

assumptions with downstream impact may end up buried in the complexity of organizations. 

Context is important!



“We have extracted 155 DGIC questions data 

workers often face that would be addressed 

with access to the right MIs. These questions 

illustrate the metadata landscape we consider

in this paper. We have synthesized the 155 

questions into 27”

Metadata Questions

https://arxiv.org/pdf/2103.07532.pdf



Documentation, Context, Semantics

• Provenance/Lineage
• How was this data recorded/obtained/acquired/produced?

• Metadata
• Is there documentation associated with the data?

• What do the attributes mean?

• What units do they use?

• (If not) find out that information before using the data. Note the 
assumptions you had to make



Datasheets
for Datasets

https://www.microsoft.com/en-us/research/publication/datasheets-for-datasets/ (page 1 of 4)



Metadata Management and Catalogs

• Data Catalog:
• A database for metadata

• Centralizes tribal knowledge

• Many challenges to make this work well

• Cultural and socio-technical as much as a technical problem
• Incentives to get people to insert metadata into the catalogs

• Documenting datasets is not in their critical path except in regulated 
industries or domains with strong auditors



Data Errors
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Types of Data Errors

• Outliers
• Values that deviate from the distribution (statistical sense)

• 2, 3, 4, 5654545, 3, 2

• Duplicates 
• Distinct records that refer to the same real-world entity

• e.g., (first name, last name), (last name, first name)

• Rule Violations
• Records that violate integrity constraints: not null, uniqueness, etc.

• Pattern Violations
• Violate syntactic and semantic constraints: alignment, misspelling, semantic 

data types, etc.
• ZIP code -> State



Types of Data Errors

Rahm and Do: Data Cleaning: Problems and Current Approaches.

IEEE Data Engineering Bulletin (23): 3-13 (2000)



How Do Errors Affect Analysis?

Dep. Name Num Employees

Computer Science 41

Economics 112

Statistics 26

CS 41

Physics 33

Chemistry 31

• Duplicates and outliers affect 
descriptive stats / aggregation

•  Outliers are not always errors
• They may indicate different 

measurement standards or 
methods, or particular 
distributions (e.g., long-tailed)

• Error or not? Can depend on 
what we are trying to achieve



The Art of Data Cleaning

“As a large mass of raw information, Big Data is not self-explanatory. 

And yet the specific methodologies for interpreting the data are open

 to all sorts of philosophical debate. Can the data represent an 

‘objective truth’ or is any interpretation necessarily biased by some 

subjective filter or the way that data is ‘cleaned?’”

The Promise and Peril of Big Data. Bollier, 2010, p. 13



Tooling for Data Cleaning

• OpenRefine

• Ad-hoc tools

• Most data cleaning is accomplished using ad-hoc scripts 
prepared by data engineers and stewards

• This is at odds with good documentation of datasets!



Missing Data
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Missing Data

• NULL values
• Many representations: NULL, null, “NULL”, “”, 0, -1, No, “nil”, , NA, Nope…

• NULL values can result from collection or data cleaning

• How do people ‘repair’ dirty data?
• A default strategy is to set the value = NULL

• Common approach: Drop rows and hope for the best! 



“…for most of our scientific history, we have approached missing data much

 like a doctor from the ancient world might use bloodletting to cure disease 

or amputation to stem infection (e.g, removing the infected parts of one’s 

data by using list-wise or pair-wise deletion). My metaphor should make you 

feel a bit squeamish, just as you should feel if you deal with missing data using 

the antediluvian and ill-advised approaches of old.“ Todd Little. Preface to

Applied Missing Data Analysis, Craig Enders.

Missing Data



Missing Data

• Missing data patterns
• What data is missing (e.g., which cells in a table)

• Missing data mechanisms
• Aims to find relationships between observed variables and missing 

data (not necessarily explain why data is missing)



Missing Data Patterns

• Patterns: locations of missing values

• Does not explain why data is missing

• Certain patterns associated with reasons
• e.g., attrition in multi-phase study



Example

• Consider a company’s hiring procedure to consist of two stages:
• IQ test to determine whom to hire

• Job performance review by a manager 6 months in



From “Applied Missing Data Analysis”. Craig Enders

• Scenario 1
• Why are those values missing?



From “Applied Missing Data Analysis”. Craig Enders

• Scenario 1
• Why are those values missing?

• Missing at Random (MAR). 
Probability of missing data in 
attribute X depends on some 
other attribute Y, but not the 
values of X.



Ideal Scenario; 

ground truth



From “Applied Missing Data Analysis”. Craig Enders

• Scenario 2
• Why are those values missing?



From “Applied Missing Data Analysis”. Craig Enders

• Scenario 2
• Why are those values missing?

• Missing Completely at 
Random (MCAR). Probability 
of missing data in X is 
unrelated to values of X and 
unrelated to other attributes.



From “Applied Missing Data Analysis”. Craig Enders

• Scenario 3
• Why are those values missing?



From “Applied Missing Data Analysis”. Craig Enders

• Scenario 3
• Why are those values missing?

• Missing Not at Random 
(MNAR). Probability of 
missing data in attribute X is 
related to the values of X.



From “Applied Missing Data Analysis”. Craig Enders

• Missing at Random (MAR). 
Probability of missing data in 
attribute X depends on some 
other attribute, Y, but not the 
values of X.

• Missing Completely at 
Random (MCAR). Probability of 
missing data in X is unrelated to 
values of X and unrelated to 
other attributes.

• Missing Not at Random 
(MNAR). Probability of missing 
data in attribute X is related to 
the values of X.



Handling Missing Data

• Drop rows with any missing data

• Fill in the blanks with the mean (or 0, or a random value)

• Maximum Likelihood Estimation
• See https://en.wikipedia.org/wiki/Maximum_likelihood_estimation

• Multiple Imputation
• See https://en.wikipedia.org/wiki/Imputation_(statistics)



Handling Missing Data: Deletion

• Remove tuples that have at least one missing value
• Assumes MCAR. Otherwise this will bias the data!

• May reduce sample size a lot!

• Widespread because it’s very easy to implement
• Lots of software packages include a ‘drop_null’ function

• See Pandas documentation on ‘working with missing data’



Handling Missing Data: Imputation

• Generates a value for each missing data point

• Yields a complete dataset (unlike deletion methods)

• Can produce biased datasets (sometimes even when data is MCAR)

• Arithmetic Mean Imputation/Mean substitution: 
• Reduces the variability of the data -> attenuates standard error/deviation

• Regression Imputation: regression line fit using other (correlated) variable
• Overestimates correlations

• Stochastic Regression Imputation: Augments regression imputation with a 
normally distributed residual term (i.e., adds normal noise)

• Gives unbiased parameter estimates under MAR

• Often requires numerical data; there are advanced techniques for filling 
categorical data (augmentation, enrichment techniques)



Handling Missing Data: Other Techniques

• Hot-Deck Imputation: Fill missing value with non-missing value
• Variation: cluster other observations based on variables first

• Think about the many assumptions this method is making!

• Many other methods:
• Similar response pattern imputation (similar to hot-deck)

• Averaging available items

• Last observation carried forward



Best Practices

• All previous methods assume MCAR and will bias data when 
data is MAR or MNAR (sometimes even when it’s MCAR)

• Maximum Likelihood Estimation (MLE) and multiple 
imputation can in some cases produce unbiased estimates 
with MCAR and MAR data, but not with MNAR



Disguised Missing Values

• Phone number:
• (999)999-9999

• Email address:
• nope@nope.com

• Age:
• 666

From “FAHES: A Disguised Missing Value Detector.” KDD 2018



Disguised Missing Values

https://www.washingtonpost.com/news/morning-mix/wp/2016/08/10/lawsuit-how-a-quiet-kansas-home-wound-up-with-600-million-ip-addresses-and-a-world-of-trouble/



Disguised Missing Values

“The first time Taylor realized something was amiss was when 
she received a call in 2011 from a small business owner who 
angrily blamed her for his customers’ email problems…After that 
initial strange call to Taylor, complaints started pouring in, often 
with distressing and sometimes criminal accusations aimed at the 
Arnolds, the Wichita Eagle reported… Officers would show up, 
accusing them of harboring runaway children. Of keeping girls in 
the house to make pornographic films. Ambulances appeared, 
prepared to save suicidal persons. FBI agents, federal marshals 
and IRS collectors have all appeared on their doorstep.”

https://www.washingtonpost.com/news/morning-mix/wp/2016/08/10/lawsuit-how-a-quiet-kansas-home-wound-up-with-600-million-ip-addresses-and-a-world-of-trouble/
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