
Chapter 3

Data Munging

On two occasions I have been asked, “Pray, Mr. Babbage, if you put
into the machine wrong figures, will the right answers come out?”
. . . I am not able rightly to apprehend the kind of confusion of ideas
that could provoke such a question.

– Charles Babbage

Most data scientists spend much of their time cleaning and formatting data.
The rest spend most of their time complaining that there is no data available
to do what they want to do.

In this chapter, we will work through some of the basic mechanics of com-
puting with data. Not the high-faluting stuff like statistics or machine learning,
but the grunt work of finding data and cleaning it that goes under the moniker
of data munging.

While practical questions like “What is the best library or programming
language available?” are clearly important, the answers change so rapidly that
a book like this one is the wrong place to address them. So I will stick at the
level of general principles, instead of shaping this book around a particular set
of software tools. Still, we will discuss the landscape of available resources in
this chapter: why they exist, what they do, and how best to use them.

The first step in any data science project is getting your hands on the right
data. But this is often distressingly hard. This chapter will survey the richest
hunting grounds for data resources, and then introduce techniques for cleaning
what you kill. Wrangling your data so you that can safely analyze it is critical
for meaningful results. As Babbage himself might have said more concisely,
“garbage in, garbage out.”

3.1 Languages for Data Science

In theory, every sufficiently powerful programming language is capable of ex-
pressing any algorithm worth computing. But in practice, certain programming
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languages prove much better than others at specific tasks. Better here might
denote easier for the programmer or perhaps more computationally efficient,
depending upon the mission at hand.

The primary data science programming languages to be aware of are:

• Python: This is today’s bread-and-butter programming language for data
science. Python contains a variety of language features to make basic
data munging easier, like regular expressions. It is an interpreted lan-
guage, making the development process quicker and enjoyable. Python
is supported by an enormous variety of libraries, doing everything from
scraping to visualization to linear algebra and machine learning.

Perhaps the biggest strike against Python is efficiency: interpreted lan-
guages cannot compete with compiled ones for speed. But Python compil-
ers exist in a fashion, and support linking in efficient C/assembly language
libraries for computationally-intensive tasks. Bottom line, Python should
probably be your primary tool in working through the material we present
in this book.

• Perl: This used to be the go to language for data munging on the web,
before Python ate it for lunch. In the TIOBE programming language pop-
ularity index (http://www.tiobe.com/tiobe-index), Python first ex-
ceeded Perl in popularity in 2008 and hasn’t looked back. There are several
reasons for this, including stronger support for object-oriented program-
ming and better available libraries, but the bottom line is that there are
few good reasons to start projects in Perl at this point. Don’t be surprised
if you encounter it in some legacy project, however.

• R: This is the programming language of statisticians, with the deepest
libraries available for data analysis and visualization. The data science
world is split between R and Python camps, with R perhaps more suit-
able for exploration and Python better for production use. The style of
interaction with R is somewhat of an acquired taste, so I encourage you
to play with it a bit to see whether it feels natural to you.

Linkages exist between R and Python, so you can conveniently call R
library functions in Python code. This provides access to advanced statis-
tical methods, which may not be supported by the native Python libraries.

• Matlab: The Mat here stands for matrix, as Matlab is a language de-
signed for the fast and efficient manipulation of matrices. As we will see,
many machine learning algorithms reduce to operations on matrices, mak-
ing Matlab a natural choice for engineers programming at a high-level of
abstraction.

Matlab is a proprietary system. However, much of its functionality is
available in GNU Octave, an open-source alternative.

http://www.tiobe.com/tiobe-index
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• Java and C/C++: These mainstream programming languages for the
development of large systems are important in big data applications. Par-
allel processing systems like Hadoop and Spark are based on Java and
C++, respectively. If you are living in the world of distributed comput-
ing, then you are living in a world of Java and C++ instead of the other
languages listed here.

• Mathematica/Wolfram Alpha: Mathematica is a proprietary system pro-
viding computational support for all aspects of numerical and symbolic
mathematics, built upon the less proprietary Wolfram programming lan-
guage. It is the foundation of the Wolfram Alpha computational knowl-
edge engine, which processes natural language-like queries through a mix
of algorithms and pre-digested data sources. Check it out at http://www.
wolframalpha.com.

I will confess a warm spot for Mathematica.1 It is what I tend to reach
for when I am doing a small data analysis or simulation, but cost has
traditionally put it out of the range of many users. The release of the
Wolfram language perhaps now opens it up to a wider community.

• Excel: Spreadsheet programs like Excel are powerful tools for exploratory
data analysis, such as playing with a given data set to see what it contains.
They deserve our respect for such applications.

Full featured spreadsheet programs contain a surprising amount of hidden
functionality for power users. A student of mine who rose to become a
Microsoft executive told me that 25% of all new feature requests for Excel
proposed functionality already present there. The special functions and
data manipulation features you want probably are in Excel if you look
hard enough, in the same way that a Python library for what you need
probably will be found if you search for it.

3.1.1 The Importance of Notebook Environments

The primary deliverable for a data science project should not be a program. It
should not be a data set. It should not be the results of running the program
on your data. It should not just be a written report.

The deliverable result of every data science project should be a computable
notebook tying together the code, data, computational results, and written
analysis of what you have learned in the process. Figure 3.1 presents an excerpt
from a Jupyter/IPython notebook, showing how it integrates code, graphics,
and documentation into a descriptive document which can be executed like a
program.

The reason this is so important is that computational results are the product
of long chains of parameter selections and design decisions. This creates several
problems that are solved by notebook computing environments:

1Full disclosure: I have known Stephen Wolfram for over thirty years. Indeed, we invented
the iPad together [Bar10, MOR+88].

http://www.wolframalpha.com
http://www.wolframalpha.com
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Figure 3.1: Jupyter/IPython notebooks tie together code, computational re-
sults, and documentation.
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• Computations need to be reproducible. We must be able to run the same
programs again from scratch, and get exactly the same result. This means
that data pipelines must be complete: taking raw input and producing the
final output. It is terrible karma to start with a raw data set, do some
processing, edit/format the data files by hand, and then do some more
processing – because what you did by hand cannot be readily done again
on another data set, or undone after you realize that you may have goofed
up.

• Computations must be tweakable. Often reconsideration or evaluation will
prompt a change to one or more parameters or algorithms. This requires
rerunning the notebook to produce the new computation. There is nothing
more disheartening to be given a big data product without provenance and
told that this is the final result and you can’t change anything. A notebook
is never finished until after the entire project is done.

• Data pipelines need to be documented. That notebooks permit you to
integrate text and visualizations with your code provides a powerful way
to communicate what you are doing and why, in ways that traditional
programming environments cannot match.

Take-Home Lesson: Use a notebook environment like IPython or Mathematica
to build and report the results of any data science project.

3.1.2 Standard Data Formats

Data comes from all sorts of places, and in all kinds of formats. Which represen-
tation is best depends upon who the ultimate consumer is. Charts and graphs
are marvelous ways to convey the meaning of numerical data to people. Indeed,
Chapter 6 will focus on techniques for visualizing data. But these pictures are
essentially useless as a source of data to compute with. There is a long way
from printed maps to Google Maps.

The best computational data formats have several useful properties:

• They are easy for computers to parse: Data written in a useful format is
destined to be used again, elsewhere. Sophisticated data formats are often
supported by APIs that govern technical details ensuring proper format.

• They are easy for people to read: Eyeballing data is an essential operation
in many contexts. Which of the data files in this directory is the right one
for me to use? What do we know about the data fields in this file? What
is the gross range of values for each particular field?

These use cases speak to the enormous value of being able to open a data
file in a text editor to look at it. Typically, this means presenting the
data in a human-readable text-encoded format, with records demarcated
by separate lines, and fields separated by delimiting symbols.
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• They are widely used by other tools and systems: The urge to invent
proprietary data standard beats firmly in the corporate heart, and most
software developers would rather share a toothbrush than a file format.
But these are impulses to be avoided. The power of data comes from
mixing and matching it with other data resources, which is best facilitated
by using popular standard formats.

One property I have omitted from this list is conciseness, since it is generally
not a primary concern for most applications running on modern computing
systems. The quest to minimize data storage costs often works against other
goals. Cleverly packing multiple fields into the higher-order bits of integers saves
space, but at the cost of making it incompatible and unreadable.

General compression utilities like gzip prove amazingly good at removing the
redundancy of human-friendly formatting. Disk prices are unbelievably cheap:
as I write this you can buy a 4TB drive for about $100, meaning less than the
cost of one hour of developer time wasted programming a tighter format. Unless
you are operating at the scale of Facebook or Google, conciseness does not have
nearly the importance you are liable to think it does.2

The most important data formats/representations to be aware of are dis-
cussed below:

• CSV (comma separated value) files: These files provide the simplest, most
popular format to exchange data between programs. That each line repre-
sents a single record, with fields separated by commas, is obvious from in-
spection. But subtleties revolve around special characters and text strings:
what if your data about names contains a comma, like “Thurston Howell,
Jr.” The csv format provides ways to escape code such characters so they
are not treated as delimiters, but it is messy. A better alternative is to
use a rarer delimiter character, as in tsv or tab separated value files.

The best test of whether your csv file is properly formatted is whether
Microsoft Excel or some other spreadsheet program can read it without
hassle. Make sure the results of every project pass this test as soon as the
first csv file has been written, to avoid pain later.

• XML (eXtensible Markup Language): Structured but non-tabular data
are often written as text with annotations. The natural output of a
named-entity tagger for text wraps the relevant substrings of a text in
brackets denoting person, place, or thing. I am writing this book in La-
Tex, a formatting language with bracketing commands positioned around
mathematical expressions and italicized text. All webpages are written in
HTML, the hypertext markup language which organizes documents using
bracketing commands like <b> and </b> to enclose bold faced text.

XML is a language for writing specifications of such markup languages. A
proper XML specification enables the user to parse any document comply-
ing with the specification. Designing such specifications and fully adhering

2Indeed, my friends at Google assure me that they are often slovenly about space even at
the petabyte scale.
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to them requires discipline, but is worthwhile. In the first version of our
Lydia text analysis system, we wrote our markups in a “pseudo-XML,”
read by ad hoc parsers that handled 99% of the documents correctly but
broke whenever we tried to extend them. After a painful switch to XML,
everything worked more reliably and more efficiently, because we could
deploy fast, open-source XML parsers to handle all the dirty work of en-
forcing our specifications.

• SQL (structured query language) databases: Spreadsheets are naturally
structured around single tables of data. In contrast, relational databases
prove excellent for manipulating multiple distinct but related tables, using
SQL to provide a clunky but powerful query language.

Any reasonable database system imports and exports records as either csv
or XML files, as well as an internal content dump. The internal represen-
tation in databases is opaque, so it really isn’t accurate to describe them
as a data format. Still, I emphasize them here because SQL databases
generally prove a better and more powerful solution than manipulating
multiple data files in an ad hoc manner.

• JSON (JavaScript Object Notation): This is a format for transmitting data
objects between programs. It is a natural way to communicate the state of
variables/data structures from one system to another. This representation
is basically a list of attribute-value pairs corresponding to variable/field
names, and the associated values:

{"employees":[

{"firstName":"John", "lastName":"Doe"},

{"firstName":"Anna", "lastName":"Smith"},

{"firstName":"Peter", "lastName":"Jones"}

]}

Because library functions that support reading and writing JSON objects
are readily available in all modern programming languages, it has become
a very convenient way to store data structures for later use. JSON objects
are human readable, but are quite cluttered-looking, representing arrays of
records compared to CSV files. Use them for complex structured objects,
but not simple tables of data.

• Protocol buffers: These are a language/platform-neutral way of serializing
structured data for communications and storage across applications. They
are essentially lighter weight versions of XML (where you define the format
of your structured data), designed to communicate small amounts of data
across programs like JSON. This data format is used for much of the inter-
machine communication at Google. Apache Thrift is a related standard,
used at Facebook.
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3.2 Collecting Data

The most critical issue in any data science or modeling project is finding the
right data set. Identifying viable data sources is an art, one that revolves around
three basic questions:

• Who might actually have the data I need?

• Why might they decide to make it available to me?

• How can I get my hands on it?

In this section, we will explore the answers to these questions. We look at
common sources of data, and what you are likely to be able to find and why.
We then review the primary mechanisms for getting access, including APIs,
scraping, and logging.

3.2.1 Hunting

Who has the data, and how can you get it? Some of the likely suspects are
reviewed below.

Companies and Proprietary Data Sources

Large companies like Facebook, Google, Amazon, American Express, and Blue
Cross have amazing amounts of exciting data about users and transactions,
data which could be used to improve how the world works. The problem is that
getting outside access is usually impossible. Companies are reluctant to share
data for two good reasons:

• Business issues, and the fear of helping their competition.

• Privacy issues, and the fear of offending their customers.

A heartwarming tale of what can happen with corporate data release oc-
curred when AOL provided academics with a data set of millions of queries to
its search engine, carefully stripped of identifying information. The first thing
the academics discovered was that the most frequently-entered queries were des-
perate attempts to escape to other search engines like Google. This did nothing
to increase public confidence in the quality of AOL search.

Their second discovery was that it proved much harder to anonymize search
queries than had previously been suspected. Sure you can replace user names
with id numbers, but it is not that hard to figure out who the guy on Long Island
repeatedly querying Steven Skiena, Stony Brook, and https://twitter.com/

search?q=Skiena&src=sprv is. Indeed, as soon as it became publicized that
people’s identities had been revealed by this data release, the responsible party
was fired and the data set disappeared. User privacy is important, and ethical
issues around data science will be discussed in Section 12.7.

https://twitter.com/search?q=Skiena&src=sprv
https://twitter.com/search?q=Skiena&src=sprv
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So don’t think you are going to sweet talk companies into releasing confiden-
tial user data. However, many responsible companies like The New York Times,
Twitter, Facebook, and Google do release certain data, typically by rate-limited
application program interfaces (APIs). They generally have two motives:

• Providing customers and third parties with data that can increase sales.
For example, releasing data about query frequency and ad pricing can
encourage more people to place ads on a given platform.

• It is generally better for the company to provide well-behaved APIs than
having cowboys repeatedly hammer and scrape their site.

So hunt for a public API before reading Section 3.2.2 on scraping. You won’t
find exactly the content or volume that you dream of, but probably something
that will suffice to get started. Be aware of limits and terms of use.

Other organizations do provide bulk downloads of interesting data for off-
line analysis, as with the Google Ngrams, IMDb, and the taxi fare data sets
discussed in Chapter 1. Large data sets often come with valuable metadata,
such as book titles, image captions, and edit history, which can be re-purposed
with proper imagination.

Finally, most organizations have internal data sets of relevance to their busi-
ness. As an employee, you should be able to get privileged access while you
work there. Be aware that companies have internal data access policies, so you
will still be subject to certain restrictions. Violating the terms of these policies
is an excellent way to become an ex-employee.

Government Data Sources

Collecting data is one of the important things that governments do. Indeed,
the requirement that the United States conduct a census of its population is
mandated by our constitution, and has been running on schedule every ten
years since 1790.

City, state, and federal governments have become increasingly committed
to open data, to facilitate novel applications and improve how government can
fulfill its mission. The website http://Data.gov is an initiative by the federal
government to centrally collect its data sources, and at last count points to over
100,000 data sets!

Government data differs from industrial data in that, in principle, it belongs
to the People. The Freedom of Information Act (FOI) enables any citizen to
make a formal request for any government document or data set. Such a request
triggers a process to determine what can be released without compromising the
national interest or violating privacy.

State governments operate under fifty different sets of laws, so data that is
tightly held in one jurisdiction may be freely available in others. Major cities
like New York have larger data processing operations than many states, again
with restrictions that vary by location.

http://Data.gov
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I recommend the following way of thinking about government records. If
you cannot find what you need online after some snooping around, figure out
which agency is likely to have it. Make a friendly call to them to see if they
can help you find what you want. But if they stonewall you, feel free to try for
a FOI act request. Preserving privacy is typically the biggest issue in deciding
whether a particular government data set can be released.

Academic Data Sets

There is a vast world of academic scholarship, covering all that humanity has
deemed worth knowing. An increasing fraction of academic research involves
the creation of large data sets. Many journals now require making source data
available to other researchers prior to publication. Expect to be able to find
vast amounts of economic, medical, demographic, historical, and scientific data
if you look hard enough.

The key to finding these data sets is to track down the relevant papers.
There is an academic literature on just about any topic of interest. Google
Scholar is the most accessible source of research publications. Search by topic,
and perhaps “Open Science” or “data.” Research publications will typically
provide pointers to where its associated data can be found. If not, contacting
the author directly with a request should quickly yield the desired result.

The biggest catch with using published data sets is that someone else has
worked hard to analyze them before you got to them, so these previously mined
sources may have been sucked dry of interesting new results. But bringing fresh
questions to old data generally opens new possibilities.

Often interesting data science projects involve collaborations between re-
searchers from different disciplines, such as the social and natural sciences.
These people speak different languages than you do, and may seem intimidating
at first. But they often welcome collaboration, and once you get past the jargon
it is usually possible to understand their issues on a reasonable level without
specialized study. Be assured that people from other disciplines are generally
not any smarter than you are.

Sweat Equity

Sometimes you will have to work for your data, instead of just taking it from
others. Much historical data still exists only in books or other paper documents,
thus requiring manual entry and curation. A graph or table might contain
information that we need, but it can be hard to get numbers from a graphic
locked in a PDF (portable document format) file.

I have observed that computationally-oriented people vastly over-estimate
the amount of effort it takes to do manual data entry. At one record per minute,
you can easily enter 1,000 records in only two work days. Instead, computational
people tend to devote massive efforts trying to avoid such grunt work, like
hunting in vain for optical character recognition (OCR) systems that don’t make
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a mess of the file, or spending more time cleaning up a noisy scan than it would
take to just type it in again fresh.

A middle ground here comes in paying someone else to do the dirty work for
you. Crowdsourcing platforms like Amazon Turk and CrowdFlower enable you
to pay for armies of people to help you extract data, or even collect it in the
first place. Tasks requiring human annotation like labeling images or answering
surveys are particularly good use of remote workers. Crowdsourcing will be
discussed in greater detail in Section 3.5.

Many amazing open data resources have been built up by teams of contrib-
utors, like Wikipedia, Freebase, and IMDb. But there is an important concept
to remember: people generally work better when you pay them.

3.2.2 Scraping

Webpages often contain valuable text and numerical data, which we would like
to get our hands on. For example, in our project to build a gambling system
for the sport of jai-alai, we needed to feed our system the results of yesterday’s
matches and the schedule of what games were going on today. Our solution
was to scrape the websites of jai-alai betting establishments, which posted this
information for their fans.

There are two distinct steps to make this happen, spidering and scraping:

• Spidering is the process of downloading the right set of pages for analysis.

• Scraping is the fine art of stripping this content from each page to prepare
it for computational analysis.

The first thing to realize is that webpages are generally written in simple-to-
understand formatting languages like HTML and/or JavaScript. Your browser
knows these languages, and interprets the text of the webpage as a program
to specify what to display. By calling a function that emulates/pretends to
be a web browser, your program can download any webpage and interpret the
contents for analysis.

Traditionally, scraping programs were site-specific scripts hacked up to look
for particular HTML patterns flanking the content of interest. This exploited the
fact that large numbers of pages on specific websites are generated by programs
themselves, and hence highly predictable in their format. But such scripts tend
to be ugly and brittle, breaking whenever the target website tinkers with the
internal structure of its pages.

Today, libraries in languages like Python (see BeautifulSoup) make it easier
to write robust spiders and scrapers. Indeed, someone else probably has already
written a spider/scraper for every popular website and made it available on
SourceForge or Github, so search before you code.

Certain spidering missions may be trivial, for example, hitting a single URL
(uniform resource locator) at regular time intervals. Such patterns occur in mon-
itoring, say, the sales rank of this book from its Amazon page. Somewhat more
sophisticated approaches to spidering are based on the name regularity of the
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underlying URLs. If all the pages on a site are specified by the date or product
ID number, for example http://www.amazon.com/gp/product/1107041376/,
iterating through the entire range of interesting values becomes just a matter
of counting.

The most advanced form of spidering is web crawling, where you systemat-
ically traverse all outgoing links from a given root page, continuing recursively
until you have visited every page on the target website. This is what Google does
in indexing the web. You can do it too, with enough patience and easy-to-find
web crawling libraries in Python.

Please understand that politeness limits how rapidly you should spider/crawl
a given website. It is considered bad form to hit a site more than once a second,
and indeed best practices dictate that providers block access to the people who
are hammering them.

Every major website contains a terms of service document that restricts what
you can legally do with any associated data. Generally speaking, most sites will
leave you alone provided you don’t hammer them, and do not redistribute any
data you scrape. Understand that this is an observation, not a legal opinion.
Indeed, read about the Aaron Schwartz case, where a well-known Internet fig-
ure was brought up on serious criminal charges for violating terms of services
in spidering/scraping journal articles, and literally hounded to death. If you
are attempting a web-scraping project professionally, be sure that management
understands the terms of service before you get too creative with someone else’s
property.

3.2.3 Logging

If you own a potential data source, treat it like you own it. Internal access to
a web service, communications device, or laboratory instrument grants you the
right and responsibility to log all activity for downstream analysis.

Amazing things can be done with ambient data collection from weblogs
and sensing devices, soon destined to explode with the coming “Internet of
Things.” The accelerometers in cell phones can be used to measure the strength
of earthquakes, with the correlation of events within a region sufficient to filter
out people driving on bumpy roads or leaving their phones in a clothes dryer.
Monitoring the GPS data of a fleet of taxi cabs tracks traffic congestion on
city streets. Computational analysis of image and video streams opens the
door to countless applications. Another cool idea is to use cameras as weather
instruments, by looking at the color of the sky in the background of the millions
of photographs uploaded to photo sites daily.

The primary reason to instrument your system to collect data is because
you can. You might not know exactly what to do with it now, but any well-
constructed data set is likely to become of value once it hits a certain critical
mass of size.

Current storage costs make clear just how low a barrier it is to instrument a
system. My local Costco is currently selling three terabyte disk drive for under
$100, which is Big O of nothing. If each transaction record takes 1 kilobyte (one

http://www.amazon.com/gp/product/1107041376/
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thousand characters), this device in principle has room for 3 billion records,
roughly one for every two people on earth.

The important considerations in designing any logging system are:

• Build it to endure with limited maintenance. Set it and forget it, by
provisioning it with enough storage for unlimited expansion, and a backup.

• Store all fields of possible value, without going crazy.

• Use a human-readable format or transactions database, so you can un-
derstand exactly what is in there when the time comes, months or years
later, to sit down and analyze your data.

3.3 Cleaning Data

“Garbage in, garbage out” is the fundamental principle of data analysis. The
road from raw data to a clean, analyzable data set can be a long one.

Many potential issues can arise in cleaning data for analysis. In this section,
we discuss identifying processing artifacts and integrating diverse data sets. Our
focus here is the processing before we do our real analysis, to make sure that
the garbage never gets in in the first place.

Take-Home Lesson: Savvy painting restorers only do things to the original that
are reversible. They never do harm. Similarly, data cleaning is always done
on a copy of the original data, ideally by a pipeline that makes changes in a
systematic and repeatable way.

3.3.1 Errors vs. Artifacts

Under ancient Jewish law, if a suspect on trial was unanimously found guilty
by all judges, then this suspect would be acquitted. The judges had noticed
that unanimous agreement often indicates the presence of a systemic error in
the judicial process. They reasoned that when something seems too good to be
true, a mistake has likely been made somewhere.

If we view data items as measurements about some aspect of the world,
data errors represent information that is fundamentally lost in acquisition. The
Gaussian noise blurring the resolution of our sensors represents error, precision
which has been permanently lost. The two hours of missing logs because the
server crashed represents data error: it is information which cannot be recon-
structed again.

By contrast, artifacts are generally systematic problems arising from pro-
cessing done to the raw information it was constructed from. The good news is
that processing artifacts can be corrected, so long as the original raw data set
remains available. The bad news is that these artifacts must be detected before
they can be corrected.
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Figure 3.2: What artifacts can you find in this time series, counting the number
of author’s names first appearing in the scientific literature each year?

The key to detecting processing artifacts is the “sniff test,” examining the
product closely enough to get a whiff of something bad. Something bad is usually
something unexpected or surprising, because people are naturally optimists.
Surprising observations are what data scientists live for. Indeed, such insights
are the primary reason we do what we do. But in my experience, most surprises
turn out to be artifacts, so we must look at them skeptically.

Figure 3.2 presents computational results from a project where we investi-
gated the process of scientific publication. It shows a time series of the 100,000
most prolific authors, binned according to the year of their first paper appearing
in Pubmed, an essentially complete bibliography of the biomedical literature.

Study this figure closely, and see if you can discover any artifacts worth
commenting on. I see at least two of them. Extra credit will be awarded if you
can figure out what caused the problem.

The key to finding artifacts is to look for anomalies in the data, that con-
tradict what you expect to see. What should the distribution in the number of
virgin authors look like, and how should it change over time? First, construct
a prior distribution of what you expect to see, so that you can then properly
evaluate potential anomalies against it.

My intuition says that the distribution of new top scientists should be pretty
flat, because new stars are born with every successive class of graduate students.
I would also guess that there may be a gradual drift upward as population
expands, and more people enter the scientific community. But that’s not what
I see in Figure 3.2. So try to enumerate what the anomalies/potential artifacts
are. . .

I see two big bumps when I look at Figure 3.2: a left bump starting around
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Figure 3.3: The cleaned data removes these artifacts, and the resulting distri-
bution looks correct.

1965, and a peak which explodes in 2002. On reflection, the leftmost bump
makes sense. This left peak occurs the year when Pubmed first started to
systematically collect bibliographic records. Although there is some very in-
complete data from 1960–1964, most older scientists who had been publishing
papers for several years would “emerge” only with the start of systematic records
in 1965. So this explains the left peak, which then settles down by 1970 to what
looks like the flat distribution we expected.

But what about that giant 2002 peak? And the decline in new authors to
almost zero in the years which precede it? A similar decline is also visible to
the right of the big peak. Were all the world’s major scientists destined to be
born in 2002?

A careful inspection of the records in the big peak revealed the source of
the anomaly: first names. In the early days of Pubmed, authors were identified
by their initials and last names. But late in 2001, SS Skiena became Steven S.
Skiena, so it looked like a new author emerging from the heavens.

But why the declines to nothingness to the left and right of this peak? Recall
that we limited this study to the 100,000 most prolific scientists. A scientific
rock star emerging in 1998 would be unlikely to appear in this ranking because
their name was doomed to change a few years later, not leaving enough time
to accumulate a full career of papers. Similar things happen at the very right
of the distribution: newly created scientists in 2010 would never be able to
achieve a full career’s work in only a couple of years. Both phenomena are
neatly explained by this first name basis.

Cleaning this data to unify name references took us a few iterations to get
right. Even after eliminating the 2002 peak, we still saw a substantial dip in
prominent scientists starting their careers in the mid 1990s. This was because
many people who had a great half career pre-first names and a second great
half career post-first names did not rise to the threshold of a great full career
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in either single period. Thus we had to match all the names in the full before
identifying who were the top 100,000 scientists.

Figure 3.3 shows our final distribution of authors, which matches the pla-
tonic ideal of what we expected the distribution to be. Don’t be too quick to
rationalize away how your data looks coming out of the computer. My collabo-
rators were at one point ready to write off the 2002 bump as due to increases in
research funding or the creation of new scientific journals. Always be suspicious
of whether your data is clean enough to trust.

3.3.2 Data Compatibility

We say that a comparison of two items is “apples to apples” when it is fair com-
parison, that the items involved are similar enough that they can be meaning-
fully stood up against each other. In contrast, “apples to oranges” comparisons
are ultimately meaningless. For example:

• It makes no sense to compare weights of 123.5 against 78.9, when one is
in pounds and the other is in kilograms.

• It makes no sense to directly compare the movie gross of Gone with the
Wind against that of Avatar, because 1939 dollars are 15.43 times more
valuable than 2009 dollars.

• It makes no sense to compare the price of gold at noon today in New York
and London, because the time zones are five hours off, and the prices
affected by intervening events.

• It makes no sense to compare the stock price of Microsoft on February 17,
2003 to that of February 18, 2003, because the intervening 2-for-1 stock
split cut the price in half, but reflects no change in real value.

These types of data comparability issues arise whenever data sets are merged.
Here I hope to show you how insidious such comparability issues can be, to
sensitize you as to why you need to be aware of them. Further, for certain
important classes of conversions I point to ways to deal with them.

Take-Home Lesson: Review the meaning of each of the fields in any data set
you work with. If you do not understand what’s in there down to the units of
measurement, there is no sensible way you can use it.

Unit Conversions

Quantifying observations in physical systems requires standard units of measure-
ment. Unfortunately there exist many functionally equivalent but incompatible
systems of measurement. My 12-year old daughter and I both weigh about 70,
but one of us is in pounds and the other in kilograms.
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Disastrous things like rocket explosions happen when measurements are en-
tered into computer systems using the wrong units of measurement. In par-
ticular, NASA lost the $125 million Mars Climate Orbiter space mission on
September 23, 1999 due to a metric-to-English conversion issue.

Such problems are best addressed by selecting a single system of measure-
ments and sticking to it. The metric system offers several advantages over the
traditional English system. In particular, individual measurements are naturally
expressed as single decimal quantities (like 3.28 meters) instead of incomparable
pairs of quantities (5 feet, 8 inches). This same issue arises in measuring angles
(radians vs. degrees/seconds) and weight (kilograms vs. pounds/oz).

Sticking to the metric system does not by itself solve all comparability is-
sues, since there is nothing to prevent you from mixing heights in meters and
centimeters. But it is a good start.

How can you defend yourself against incompatible units when merging data
sets? Vigilance has to be your main weapon. Make sure that you know the
intended units for each numerical column in your data set, and verify compat-
ibility when merging. Any column which does not have an associated unit or
object type should immediately be suspect.

When merging records from diverse sources, it is an excellent practice to
create a new “origin” or “source” field to identify where each record came from.
This provides at least the hope that unit conversion mistakes can be corrected
later, by systematically operating on the records from the problematic source.

A partially-automated procedure to detect such problems can be devised
from statistical significance testing, to be discussed in Section 5.3. Suppose we
were to plot the frequencies of human heights in a merged data set of English
(feet) and metric (meter) measurements. We would see one peak in the distri-
bution around 1.8 and a second around 5.5. The existence of multiple peaks in a
distribution should make us suspicious. The p-value resulting from significance
testing on the two input populations provides a rigorous measurement of the
degree to which our suspicions are validated.

Numerical Representation Conversions

Numerical features are the easiest to incorporate into mathematical models.
Indeed, certain machine learning algorithms such as linear regression and sup-
port vector machines work only with numerically-coded data. But even turning
numbers into numbers can be a subtle problem. Numerical fields might be rep-
resented in different ways: as integers (123), as decimals (123.5), or even as
fractions (123 1/2). Numbers can even be represented as text, requiring the
conversion from “ten million” to 10000000 for numerical processing.

Numerical representation issues can take credit for destroying another rocket
ship. An Ariane 5 rocket launched at a cost of $500 million on June 4, 1996
exploded forty seconds after lift-off, with the cause ultimately ascribed to an
unsuccessful conversion of a 64-bit floating point number to a 16-bit integer.

The distinction between integers and floating point (real) numbers is impor-
tant to maintain. Integers are counting numbers: quantities which are really
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discrete should be represented as integers. Physically measured quantities are
never precisely quantified, because we live in a continuous world. Thus all mea-
surements should be reported as real numbers. Integer approximations of real
numbers are sometimes used in a misbegotten attempt to save space. Don’t do
this: the quantification effects of rounding or truncation introduces artifacts.

In one particularly clumsy data set we encountered, baby weights were rep-
resented as two integer fields (pounds and the remaining ounces). Much better
would have been to combine them into a single decimal quantity.

Name Unification

Integrating records from two distinct data sets requires them to share a common
key field. Names are frequently used as key fields, but they are often reported
inconsistently. Is José the same fellow as Jose? Such diacritic marks are banned
from the official birth records of several U.S. states, in an aggressive attempt to
force them to be consistent.

As another case in point, databases show my publications as authored by the
Cartesian product of my first (Steve, Steven, or S.), middle (Sol, S., or blank),
and last (Skiena) names, allowing for nine different variations. And things get
worse if we include misspellings. I can find myself on Google with a first name
of Stephen and last names of Skienna and Skeina.

Unifying records by key is a very ugly problem, which doesn’t have a magic
bullet. This is exactly why ID numbers were invented, so use them as keys if
you possibly can.

The best general technique is unification: doing simple text transformations
to reduce each name to a single canonical version. Converting all strings to
lower case increases the number of (usually correct) collisions. Eliminating
middle names or at least reducing them to an abbreviation creates even more
name matches/collisions, as does mapping first names to canonical versions (like
turning all Steves into Stevens).

Any such transformation runs the risk of creating Frankenstein-people, single
records assembled from multiple bodies. Applications differ in whether the
greater danger lies in merging too aggressively or too timidly. Figure out where
your task sits on this spectrum and act accordingly.

An important concern in merging data sets is character code unification.
Characters in text strings are assigned numerical representations, with the map-
ping between symbols and number governed by the character code standard.
Unfortunately, there are several different character code standards in common
usage, meaning that what you scrape from a webpage might not be in the same
character code as assumed by the system which will process it.

Historically, the good old 7-bit ASCII code standard was expanded to the
8-bit IS0 8859-1 Latin alphabet code, which adds characters and punctuation
marks from several European languages. UTF-8 is an encoding of all Unicode
characters using variable numbers of 8-bit blocks, which is backwards compatible
with ASCII. It is the dominant encoding for web-pages, although other systems
remain in use.
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Correctly unifying character codes after merging is pretty much impossible.
You must have the discipline to pick a single code as a standard, and check the
encoding of each input file on preprocessing, converting it to the target before
further work.

Time/Date Unification

Data/time stamps are used to infer the relative order of events, and group events
by relative simultaneity. Integrating event data from multiple sources requires
careful cleaning to ensure meaningful results.

First let us consider issues in measuring time. The clocks from two computers
never exactly agree, so precisely aligning logs from different systems requires a
mix of work and guesswork. There are also time zone issues when dealing with
data from different regions, as well as diversities in local rules governing changes
in daylight saving time.

The right answer here is to align all time measurements to Coordinated Uni-
versal Time (UTC), a modern standard subsuming the traditional Greenwich
Mean Time (GMT). A related standard is UNIX time, which reports an event’s
precise time in terms of the number of elapsed seconds since 00:00:00 UTC on
Thursday, January 1, 1970.

The Gregorian calendar is common throughout the technology world, al-
though many other calendar systems are in use in different countries. Subtle
algorithms must be used to convert between calendar systems, as described in
[RD01]. A bigger problem for date alignment concerns the proper interpretation
of time zones and the international date line.

Time series unification is often complicated by the nature of the business
calendar. Financial markets are closed on weekends and holidays, making for
questions of interpretation when you are correlating, say, stock prices to local
temperature. What is the right moment over the weekend to measure tempera-
ture, so as to be consistent with other days of the week? Languages like Python
contain extensive libraries to deal with financial time series data to get issues
like this correct. Similar issues arise with monthly data, because months (and
even years) have different lengths.

Financial Unification

Money makes the world go round, which is why so many data science projects
revolve around financial time series. But money can be dirty, so this data
requires cleaning.

One issue here is currency conversion, representing international prices using
a standardized financial unit. Currency exchange rates can vary by a few percent
within a given day, so certain applications require time-sensitive conversions.
Conversion rates are not truly standardized. Different markets will each have
different rates and spreads, the gap between buying and selling prices that cover
the cost of conversion.
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The other important correction is for inflation. The time value of money
implies that a dollar today is (generally) more valuable than a dollar a year
from now, with interest rates providing the right way to discount future dollars.
Inflation rates are estimated by tracking price changes over baskets of items,
and provide a way to standardize the purchasing power of a dollar over time.

Using unadjusted prices in a model over non-trivial periods of time is just
begging for trouble. A group of my students once got very excited by the
strong correlation observed between stock prices and oil prices over a thirty-
year period, and so tried to use stock prices in a commodity prediction model.
But both goods were priced in dollars, without any adjustment as they inflated.
The time series of prices of essentially any pair of items will correlate strongly
over time when you do not correct for inflation.

In fact, the most meaningful way to represent price changes over time is
probably not differences but returns, which normalize the difference by the initial
price:

ri =
pi+1 − pi

pi

This is more analogous to a percentage change, with the advantage here that
taking the logarithm of this ratio becomes symmetric to gains and losses.

Financial time series contain many other subtleties which require cleaning.
Many stocks give scheduled dividends to the shareholder on a particular date
every year. Say, for example, that Microsoft will pay a $2.50 dividend on Jan-
uary 16. If you own a share of Microsoft at the start of business that day, you
receive this check, so the value of the share then immediately drops by $2.50
the moment after the dividend is issued. This price decline reflects no real loss
to the shareholder, but properly cleaned data needs to factor the dividend into
the price of the stock. It is easy to imagine a model trained on uncorrected
price data learning to sell stocks just prior to its issuing dividends, and feeling
unjustly proud of itself for doing so.

3.3.3 Dealing with Missing Values

Not all data sets are complete. An important aspect of data cleaning is iden-
tifying fields for which data isn’t there, and then properly compensating for
them:

• What is the year of death of a living person?

• What should you do with a survey question left blank, or filled with an
obviously outlandish value?

• What is the relative frequency of events too rare to see in a limited-size
sample?

Numerical data sets expect a value for every element in a matrix. Setting
missing values to zero is tempting, but generally wrong, because there is always
some ambiguity as to whether these values should be interpreted as data or not.
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Is someone’s salary zero because he is unemployed, or did he just not answer
the question?

The danger with using nonsense values as not-data symbols is that they
can get misinterpreted as data when it comes time to build models. A linear
regression model trained to predict salaries from age, education, and gender will
have trouble with people who refused to answer the question.

Using a value like −1 as a no-data symbol has exactly the same deficiencies
as zero. Indeed, be like the mathematician who is afraid of negative numbers:
stop at nothing to avoid them.

Take-Home Lesson: Separately maintain both the raw data and its cleaned
version. The raw data is the ground truth, and must be preserved intact for
future analysis. The cleaned data may be improved using imputation to fill in
missing values. But keep raw data distinct from cleaned, so we can investigate
different approaches to guessing.

So how should we deal with missing values? The simplest approach is to
drop all records containing missing values. This works just fine when it leaves
enough training data, provided the missing values are absent for non-systematic
reasons. If the people refusing to state their salary were generally those above
the mean, dropping these records will lead to biased results.

But typically we want to make use of records with missing fields. It can be
better to estimate or impute missing values, instead of leaving them blank. We
need general methods for filling in missing values. Candidates include:

• Heuristic-based imputation: Given sufficient knowledge of the underlying
domain, we should be able to make a reasonable guess for the value of
certain fields. If I need to fill in a value for the year you will die, guessing
birth year+80 will prove about right on average, and a lot faster than
waiting for the final answer.

• Mean value imputation: Using the mean value of a variable as a proxy
for missing values is generally sensible. First, adding more values with
the mean leaves the mean unchanged, so we do not bias our statistics by
such imputation. Second, fields with mean values add a vanilla flavor to
most models, so they have a muted impact on any forecast made using
the data.

But the mean might not be appropriate if there is a systematic reason
for missing data. Suppose we used the mean death-year in Wikipedia to
impute the missing value for all living people. This would prove disastrous,
with many people recorded as dying before they were actually born.

• Random value imputation: Another approach is to select a random value
from the column to replace the missing value. This would seem to set us up
for potentially lousy guesses, but that is actually the point. Repeatedly
selecting random values permits statistical evaluation of the impact of
imputation. If we run the model ten times with ten different imputed
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values and get widely varying results, then we probably shouldn’t have
much confidence in the model. This accuracy check is particularly valuable
when there is a substantial fraction of values missing from the data set.

• Imputation by nearest neighbor: What if we identify the complete record
which matches most closely on all fields present, and use this nearest
neighbor to infer the values of what is missing? Such predictions should
be more accurate than the mean, when there are systematic reasons to
explain variance among records.

This approach requires a distance function to identify the most similar
records. Nearest neighbor methods are an important technique in data
science, and will be presented in greater detail in Section 10.2.

• Imputation by interpolation: More generally, we can use a method like
linear regression (see Section 9.1) to predict the values of the target col-
umn, given the other fields in the record. Such models can be trained over
full records and then applied to those with missing values.

Using linear regression to predict missing values works best when there is
only one field missing per record. The potential danger here is creating
significant outliers through lousy predictions. Regression models can easily
turn an incomplete record into an outlier, by filling the missing fields in
with unusually high or low values. This would lead downstream analysis
to focus more attention on the records with missing values, exactly the
opposite of what we want to do.

Such concerns emphasize the importance of outlier detection, the final step
in the cleaning process that will be considered here.

3.3.4 Outlier Detection

Mistakes in data collection can easily produce outliers that can interfere with
proper analysis. An interesting example concerns the largest dinosaur vertebra
ever discovered. Measured at 1500 millimeters, it implies an individual that was
188 feet long. This is amazing, particularly because the second largest specimen
ever discovered comes in at only 122 feet.

The most likely explanation here (see [Gol16]) is that this giant fossil never
actually existed: it has been missing from the American Museum of Natural
History for over a hundred years. Perhaps the original measurement was taken
on a conventionally-sized bone and the center two digits accidentally transposed,
reducing the vertebra down to 1050 millimeters.

Outlier elements are often created by data entry mistakes, as apparently was
the case here. They can also result from errors in scraping, say an irregularity
in formatting causing a footnote number to be interpreted as a numerical value.
Just because something is written down doesn’t make it correct. As with the
dinosaur example, a single outlier element can lead to major misinterpretations.
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General sanity checking requires looking at the largest and smallest values
in each variable/column to see whether they are too far out of line. This can
best be done by plotting the frequency histogram and looking at the location of
the extreme elements. Visual inspection can also confirm that the distribution
looks the way it should, typically bell-shaped.

In normally distributed data, the probability that a value is k standard de-
viations from the mean decreases exponentially with k. This explains why there
are no 10-foot basketball players, and provides a sound threshold to identify
outliers. Power law distributions are less easy to detect outliers in: there really
is a Bill Gates worth over 10,000 times as much as the average individual.

It is too simple to just delete the rows containing outlier fields and move
on. Outliers often point to more systematic problems that one must deal with.
Consider a data set of historical figures by lifespan. It is easy to finger the
biblical Methuselah (at 969 years) as an outlier, and remove him.

But it is better to figure out whether he is indicative of other figures that we
should consider removing. Observe that Methuselah had no firmly established
birth and death dates. Perhaps the published ages of anybody without dates
should be considered suspicious enough to prune. By contrast, the person with
the shortest lifespan in Wikipedia (John I, King of France) lived only five days.
But his birth (November 15) and death (November 20) dates in 1316 convinces
me that his lifespan was accurate.

3.4 War Story: Beating the Market

Every time we met, my graduate student Wenbin told me we were making
money. But he sounded less and less confident every time I asked.

Our Lydia sentiment analysis system took in massive text feeds of news and
social media, reducing them to daily time series of frequency and sentiment
for the millions of different people, places, and organizations mentioned within.
When somebody wins a sports championship, many articles get written describ-
ing how great an athlete they are. But when this player then gets busted on drug
charges, the tone of the articles about them immediately changes. By keeping
count of the relative frequency of association with positive words (“victorious”)
vs. negative words (“arrested”) in the text stream, we can construct sentiment
signals for any news-worthy entity.

Wenbin studied how sentiment signals could be used to predict future events
like the gross for a given movie, in response to the quality of published reviews
or buzz. But he particularly wanted to use this data to play the stock market.
Stocks move up and down according to news. A missed earnings report is bad
news for a company, so the price goes down. Food and Drug Administration
(FDA) approval of a new drug is great news for the company which owns it, so
the price goes up. If Wenbin could use our sentiment signal to predict future
stock prices, well, let’s just say I wouldn’t have to pay him as a research assistant
anymore.

So he simulated a strategy of buying the stocks that showed the highest
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sentiment in that day’s news, and then shorting those with the lowest sentiment.
He got great results. “See,” he said. “We are making money.”

The numbers looked great, but I had one quibble. Using today’s news re-
sults to predict current price movements wasn’t really fair, because the event
described in the article may have already moved the price before we had any
chance to read about it. Stock prices should react very quickly to important
news.

So Wenbin simulated the strategy of buying stocks based on sentiment from
the previous day’s news, to create a gap between the observed news and price
changes. The return rate went down substantially, but was still positive. “See,”
he said. “We are still making money.”

But I remained a little uncomfortable with this. Many economists believe
that the financial markets are efficient, meaning that all public news is instantly
reflected in changing prices. Prices certainly changed in response to news, but
you would not be able to get in fast enough to exploit the information. We had
to remain skeptical enough to make sure there were no data/timing problems
that could explain our results.

So I pressed Wenbin about exactly how he had performed his simulation. His
strategy bought and sold at the closing price every day. But that left sixteen
hours until the next day’s open, plenty of time for the world to react to events
that happened while I slept. He switched his simulated purchase to the opening
price. Again, the return rate went down substantially, but was still positive.
“See,” he said. “We are still making some money.”

But might there still be other artifacts in how we timed our data, giving
us essentially tomorrow’s newspaper today? In good faith, we chased down all
other possibilities we could think of, such as whether the published article dates
reflected when they appeared instead of when they were written. After doing
our best to be skeptical, his strategies still seemed to show positive returns from
news sentiment.

Our paper on this analysis [ZS10] has been well received, and Wenbin has
gone on to be a successful quant, using sentiment among other signals to trade
in the financial markets. But I remain slightly queasy about this result. Clean-
ing our data to precisely time-stamp each news article was very difficult to do
correctly. Our system was originally designed to produce daily time series in a
batch mode, so it is hard to be sure that we did everything right in the millions
of articles downloaded over several years to now perform finer-scale analysis.

The take-home lesson is that cleanliness is important when there is money
on the line. Further, it is better to design a clean environment at the beginning
of analysis instead of furiously washing up at the end.

3.5 Crowdsourcing

No single person has all the answers. Not even me. Much of what passes for
wisdom is how we aggregate expertise, assembling opinions from the knowledge
and experience of others.
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Figure 3.4: Guess how many pennies I have in this jar? (left) The correct answer
was determined using precise scientific methods (right).

Crowdsourcing harnesses the insights and labor from large numbers of people
towards a common goal. It exploits the wisdom of crowds, that the collective
knowledge of a group of people might well be greater than that of the smartest
individual among them.

This notion began with an ox. Francis Galton, a founder of statistical science
and a relative of Charles Darwin, attended a local livestock fair in 1906. As part
of the festivities, villagers were invited to guess the weight of this particular ox,
with the person whose guess proved closest to the mark earning a prize. Almost
800 participants took a whack at it. No one picked the actual weight of 1,178
pounds, yet Galton observed that the average guess was amazingly close: 1,179
pounds! Galton’s experiment suggests that for certain tasks one can get better
results by involving a diverse collection of people, instead of just asking the
experts.

Crowdsourcing serves as an important source of data in building models, es-
pecially for tasks associated with human perception. Humans remain the state-
of-the-art system in natural language processing and computer vision, achieving
the highest level of performance. The best way to gather training data often
requires asking people to score a particular text or image. Doing this on a large
enough scale to build substantial training data typically requires a large number
of annotators, indeed a crowd.

Social media and other new technologies have made it easier to collect and
aggregate opinions on a massive scale. But how can we separate the wisdom of
crowds from the cries of the rabble?

3.5.1 The Penny Demo

Let’s start by performing a little wisdom of crowds experiment of our own.
Figure 3.4 contains photos of a jar of pennies I accumulated in my office over
many years. How many pennies do I have in this jar? Make your own guess
now, because I am going to tell you the answer on the next page.
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To get the right answer, I had my biologist-collaborator Justin Garden weigh
the pennies on a precision laboratory scale. Dividing by the weight of a single
penny gives the count. Justin can be seen diligently performing his task in
Figure 3.4 (right).

So I ask again: how many pennies do you think I have in this jar? I performed
this experiment on students in my data science class. How will your answer
compare to theirs?

I first asked eleven of my students to write their opinions on cards and
quietly pass them up to me at the front of the room. Thus these guesses were
completely independent of each other. The results, sorted for convenience, were:

537, 556, 600, 636, 1200, 1250, 2350, 3000, 5000, 11,000, 15,000.

I then wrote then wrote these numbers on the board, and computed some
statistics. The median of these guesses was 1250, with a mean of 3739. In
fact, there were exactly 1879 pennies in the jar. The median score among my
students was closer to the right amount than any single guess.

But before revealing the actual total, I then asked another dozen students
to guess. The only difference was that this cohort had seen the guesses from
the first set of students written on the board. Their choices were:

750, 750, 1000, 1000, 1000, 1250, 1400, 1770, 1800, 3500, 4000, 5000.

Exposing the cohort to other people’s guesses strongly conditioned the dis-
tribution by eliminating all outliers: the minimum among the second group was
greater than four of the previous guesses, and the maximum less than or equal
to three of the previous round. Within this cohort, the median was 1325 and
the mean 1935. Both happen to be somewhat closer to the actual answer, but
it is clear that group-think had settled in to make it happen.

Anchoring is the well-known cognitive bias that people’s judgments get ir-
rationally fixated on the first number they hear. Car dealers exploit this all the
time, initially giving an inflated cost for the vehicle so that subsequent prices
sound like a bargain.

I then did one final test before revealing the answer. I allowed my students
to bid on the jar, meaning that they had to be confident enough to risk money
on the result. This yielded exactly two bids from brave students, at 1500 and
2000 pennies respectively. I pocketed $1.21 from the sucker with the high bid,
but both proved quite close. This is not a surprise: people willing to bet their
own money on an event are, by definition, confident in their selection.

3.5.2 When is the Crowd Wise?

According to James Surowiecki in his book The Wisdom of Crowds [Sur05],
crowds are wise when four conditions are satisfied:
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• When the opinions are independent: Our experiment highlighted how
easy it is for a group to lapse into group-think. People naturally get
influenced by others. If you want someone’s true opinion, you must ask
them in isolation.

• When crowds are people with diverse knowledge and methods: Crowds
only add information when there is disagreement. A committee composed
of perfectly-correlated experts contributes nothing more than you could
learn from any one of them. In the penny-guessing problem, some people
estimated the volume of the container, while others gauged the sag of my
arm as I lifted the heavy mass. Alternate approaches might have estimated
how many pennies I could have accumulated in twenty years of occasionally
emptying my pockets, or recalled their own hoarding experiences.

• When the problem is in a domain that does not need specialized knowledge:
I trust the consensus of the crowd in certain important decisions, like
which type of car to buy or who should serve as the president of my
country (gulp). But when it comes to deciding whether my tumor sample
is cancerous or benign, I will trust the word of one doctor over a cast of
1,000 names drawn at random from the phone book.

Why? Because the question at hand benefits greatly from specialized
knowledge and experience. There is a genuine reason why the doctor
should know more than all the others. For simpler perceptual tasks the
mob rules, but one must be careful not to ask the crowd something they
have no way of knowing.

• Opinions can be fairly aggregated: The least useful part of any mass
survey form is the open response field “Tell us what you think!”. The
problem here is that there is no way to combine these opinions to form
a consensus, because different people have different issues and concerns.
Perhaps these texts could be put into buckets by similarity, but this is
hard to do effectively.

The most common use of such free-form responses are anecdotal. People
cherry-pick the most positive-sounding ones, then put them on a slide to
impress the boss.

Take-Home Lesson: Be an incomparable element on the partial order of life.
Diverse, independent thinking contributes the most wisdom to the crowd.

3.5.3 Mechanisms for Aggregation

Collecting wisdom from a set of responses requires using the right aggrega-
tion mechanism. For estimating numerical quantities, standard techniques like
plotting the frequency distribution and computing summary statistics are ap-
propriate. Both the mean and median implicitly assume that the errors are
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symmetrically distributed. A quick look at the shape of the distribution can
generally confirm or reject that hypothesis.

The median is, generally speaking, a more appropriate choice than the mean
in such aggregation problems. It reduces the influence of outliers, which is a
particular problem in the case of mass experiments where a certain fraction of
your participants are likely to be bozos. On our penny guessing data, the mean
produced a ghastly over-estimate of 3739, which reduced to 2843 after removing
the largest and smallest guess, and then down to 2005 once trimming the two
outliers on each end (recall the correct answer was 1879).

Removing outliers is a very good strategy, but we may have other grounds
to judge the reliability of our subjects, such as their performance on other tests
where we do know the answer. Taking a weighted average, where we give more
weight to the scores deemed more reliable, provides a way to take such confidence
measures into account.

For classification problems, voting is the basic aggregation mechanism. The
Condorcet jury theorem justifies our faith in democracy. It states that if the
probability of each voter being correct on a given issue is p > 0.5, the probability
that a majority of the voters are correct (P (n)) is greater than p. In fact, it is
exactly:

P (n) =

n∑
i=(n+1)/2

(
n
i

)
pi(1− p)n−i

Large voter counts give statistical validity even to highly contested elections.
Suppose p = 0.51, meaning the forces of right are a bare majority. A jury of 101
members would reach the correct decision 57% of the time, while P (1001) = 0.73
and P (10001) = 0.9999. The probability of a correct decision approaches 1 as
n→∞.

There are natural limitations to the power of electoral systems, however.
Arrow’s impossibility theorem states that no electoral system for summing per-
mutations of preferences as votes satisfies four natural conditions for the fairness
of an election. This will be discussed in Section 4.6, in the context of scores and
rankings.

3.5.4 Crowdsourcing Services

Crowdsourcing services like Amazon Turk and CrowdFlower provide the oppor-
tunity for you to hire large numbers of people to do small amounts of piecework.
They help you to wrangle people, in order to create data for you to wrangle.

These crowdsourcing services maintain a large stable of freelance workers,
serving as the middleman between them and potential employers. These work-
ers, generally called Turkers, are provided with lists of available jobs and what
they will pay, as shown in Figure 3.5. Employers generally have some ability to
control the location and credentials of who they hire, and the power to reject a
worker’s efforts without pay, if they deem it inadequate. But statistics on em-
ployers’ acceptance rates are published, and good workers are unlikely to labor
for bad actors.
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Figure 3.5: Representative tasks on Mechanical Turk.

The tasks assigned to Turkers generally involve simple cognitive efforts that
cannot currently be performed well by computers. Good applications of Turkers
include:

• Measuring aspects of human perception: Crowdsourcing systems pro-
vide efficient ways to gather representative opinions on simple tasks. One
nice application was establishing linkages between colors in red-green-blue
space, and the names by which people typically identify them in a lan-
guage. This is important to know when writing descriptions of products
and images.

So where is the boundary in color space between “blue” and “light blue,”
or “robin’s egg blue” and “teal”? The right names are a function of
culture and convention, not physics. To find out, you must ask people,
and crowdsourcing permits you to easily query hundreds or thousands of
different people.

• Obtaining training data for machine learning classifiers: Our primary
interest in crowdsourcing will be to produce human annotations that serve
as training data. Many machine learning problems seek to do a particular
task “as well as people do.” Doing so requires a large number of training
instances to establish what people did, when given the chance.

For example, suppose we sought to build a sentiment analysis system ca-
pable of reading a written review and deciding whether its opinion of a
product is favorable or unfavorable. We will need a large number of re-
views labeled by annotators to serve as testing/training data. Further, we
need the same reviews labeled repeatedly by different annotators, so as to
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identify any inter-annotator disagreements concerning the exact meaning
of a text.

• Obtaining evaluation data for computer systems: A/B testing is a stan-
dard method for optimizing user interfaces: show half of the judges version
A of a given system and the other half version B. Then test which group
did better according to some metric. Turkers can provide feedback on how
interesting a given app is, or how well a new classifier is performing.

One of my grad students (Yanqing Chen) used CrowdFlower to evaluate
a system he built to identify the most relevant Wikipedia category for a
particular entity. Which category better describes Barack Obama: Presi-
dents of the United States or African-American Authors? For $200, he got
people to answer a total of 10,000 such multiple-choice questions, enough
for him to properly evaluate his system.

• Putting humans into the machine: There still exist many cognitive tasks
that people do much better than machines. A cleverly-designed interface
can supply user queries to people sitting inside the computer, waiting to
serve those in need.

Suppose you wanted to build an app to help the visually impaired, enabling
the user to snap a picture and ask someone for help. Maybe they are in
their kitchen, and need someone to read the label on a can to them. This
app could call a Turker as a subroutine, to do such a task as it is needed.

Of course, these image-annotation pairs should be retained for future anal-
ysis. They could serve as training data for a machine learning program to
take the people out of the loop, as much as possible.

• Independent creative efforts: Crowdsourcing can be used to commission
large numbers of creative works on demand. You can order blog posts
or articles on demand, or written product reviews both good and bad.
Anything that you might imagine can be created, if you just specify what
you want.

Here are two silly examples that I somehow find inspiring:

– The Sheep Market (http://www.thesheepmarket.com) commissioned
10,000 drawings of sheep for pennies each. As a conceptual art piece,
it tries to sell them to the highest bidder. What creative endeavors
can you think of that people will do for you at $0.25 a pop?

– Emoji Dick (http://www.emojidick.com) was a crowdsourced ef-
fort to translate the great American novel Moby Dick completely
into emoji images. Its creators partitioned the book into roughly
10,000 parts, and farmed out each part to be translated by three
separate Turkers. Other Turkers were hired to select the best one of
these to be incorporated into the final book. Over 800 Turkers were
involved, with the total cost of $3,676 raised by the crowd-funding
site Kickstarter.

http://www.thesheepmarket.com
http://www.emojidick.com
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• Economic/psychological experiments: Crowdsourcing has proven a boon
to social scientists conducting experiments in behavioral economics and
psychology. Instead of bribing local undergraduates to participate in their
studies, these investigators can now expand their subject pool to the entire
world. They get the power to harness larger populations, perform inde-
pendent replications in different countries, and thus test whether there are
cultural biases of their hypotheses.

There are many exciting tasks that can be profitably completed using crowd-
sourcing. However, you are doomed to disappointment if you employ Turkers
for the wrong task, in the wrong way. Bad uses of crowdsourcing include:

• Any task that requires advanced training: Although every person possesses
unique skills and expertise, crowdsourcing workers come with no specific
training. They are designed to be treated as interchangeable parts. You do
not establish a personal relationship with these workers, and any sensible
gig will be too short to allow for more than a few minutes training.

Tasks requiring specific technical skills are not reasonably crowdsourced.
However, they might be reasonably subcontracted, in traditional longer-
term arrangements.

• Any task you cannot specify clearly: You have no mechanism for back-
and-forth communication with Turkers. Generally speaking, they have no
way to ask you questions. Thus the system works only if you can specify
your tasks clearly, concisely, and unambiguously.

This is much harder than it looks. Realize that you are trying to program
people instead of computers, with all the attendant bugs associated with
“do as I say” trumping “do what I mean.” Test your specifications out
on local people before opening up your job to the masses, and then do
a small test run on your crowdsourcing platform to evaluate how it goes
before cutting loose with the bulk of your budget. You may be in for
some cultural surprises. Things that seem obvious to you might mean
something quite different to a worker halfway around the world.

• Any task where you cannot verify whether they are doing a good job: Turk-
ers have a single motivation for taking on your piecework: they are trying
to convert their time into money as efficiently as possible. They are look-
ing out for jobs offering the best buck for their bang, and the smartest ones
will seek to complete your task as quickly and thoughtlessly as possible.

Crowdsourcing platforms permit employers to withhold payment if the
contracted work is unacceptable. Taking advantage of this requires some
efficient way to check the quality of the product. Perhaps you should
ask them to complete certain tasks where you already know the correct
answer. Perhaps you can compare their responses to that of other inde-
pendent workers, and throw out their work if it disagrees too often from
the consensus.
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It is very important to employ some quality control mechanism. Some
fraction of the available workers on any platform are bots, looking for
multiple-choice tasks to attack through randomness. Others may be peo-
ple with language skills wholly inadequate for the given task. You need
to check and reject to avoid being a sucker.

However, you cannot fairly complain about results from poorly specified
tasks. Rejecting too high a fraction of work will lower your reputation,
with workers and the platform. It is particularly bad karma to refuse to
pay people but use their work product anyway.

• Any illegal task, or one too inhuman to subject people to: You are not
allowed to ask a Turker to do something illegal or unethical. The clas-
sic example is hiring someone to write bad reviews of your competitor’s
products. Hiring a hit man makes you just as guilty of murder as the guy
who fired the shots. Be aware that there are electronic trails that can be
followed from the public placement of your ad directly back to you.

People at educational and research institutions are held to a higher stan-
dard than the law, through their institutional review board or IRB. The
IRB is a committee of researchers and administrative officials who must
approve any research on human subjects before it is undertaken. Be-
nign crowdsourcing applications such as the ones we have discussed are
routinely approved, after the researchers have undergone a short online
training course to make sure they understand the rules.

Always realize that there is a person at the other end of the machine.
Don’t assign them tasks that are offensive, degrading, privacy-violating,
or too stressful. You will probably get better results out of your workers
if you treat them like human beings.

Getting people to do your bidding requires proper incentives, not just clear
instructions. In life, you generally get what you pay for. Be aware of the
currently prevailing minimum hourly wage in your country, and price your tasks
accordingly. This is not a legal requirement, but it is generally good business.

The sinister glow that comes from hiring workers at $0.50 per hour wears
off quickly once you see the low quality of workers that your tasks attract. You
can easily eat up all your savings by the need to rigorously correct their work
product, perhaps by paying multiple workers do it repeatedly. Higher paying
tasks find workers much more quickly, so be prepared to wait if you do not pay
the prevailing rate. Bots and their functional equivalents are happier to accept
slave wages than the workers you really want to hire.

3.5.5 Gamification

There is an alternative to paying people to annotate or transcribe your data.
Instead, make things so much fun that people will work for you for free!

Games with a purpose (GWAP) are systems which disguise data collection
as a game people want to play, or a task people themselves want done. With
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the right combination of game, motive, and imagination, amazing things can be
done. Successful examples include:

• CAPTCHAs for optical character recognition (OCR): CAPTCHAs are
those distorted text images you frequently encounter when creating an
account on the web. They demand that you type in the contents of text
strings shown in the image to prove that you are a human, thus enabling
them to deny access to bots and other programmed systems.

ReCAPTCHAs were invented to get useful data from the over 100 million
CAPTCHAs displayed each day. Two text strings are displayed in each,
one of which the system checks in order to grant entry. The other rep-
resents a hard case for an OCR system that is digitizing old books and
newspapers. The answers are mapped back to improve the digitization of
archival documents, transcribing over 40 million words per day.

• Psychological/IQ testing in games/apps: Psychologists have established
five basic personality traits as important and reproducible aspects of per-
sonality. Academic psychologists use multiple-choice personality tests to
measure where individuals sit along personality scales for each of the big
five traits: openness, conscientiousness, extroversion, agreeableness, and
neuroticism.

By turning these surveys into game apps (“What are your personality
traits?”) psychologists have gathered personality measurements on over
75,000 different people, along with other data on preferences and behavior.
This has created an enormous data set to study many interesting issues
in the psychology of personality.

• The FoldIt game for predicting protein structures: Predicting the struc-
tures formed by protein molecules is one of the great computational chal-
lenges in science. Despite many years of work, what makes a protein fold
into a particular shape is still not well understood.

FoldIt (https://fold.it) is a game challenging non-biologists to design
protein molecules that fold into a particular shape. Players are scored as
to how closely their design approaches the given target, with the highest
scoring players ranked on a leader board. Several scientific papers have
been published on the strength of the winning designs.

The key to success here is making a game that is playable enough to become
popular. This is much harder than it may appear. There are millions of free
apps in the app store, mostly games. Very few are ever tried by more than
a few hundred people, which is nowhere near enough to be interesting from a
data collection standpoint. Adding the extra constraint that the game generate
interesting scientific data while being playable makes this task even harder.

Motivational techniques should be used to improve playability. Keeping
score is an important part of any game, and the game should be designed so that
performance increases rapidly at first, in order to hook the player. Progress bars

https://fold.it
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provide encouragement to reach the next level. Awarding badges and providing
leader boards seen by others encourages greater efforts. Napoleon instituted
a wide array of ribbons and decorations for his soldiers, observing that “it is
amazing what men will do for a strip of cloth.”

The primary design principle of games such as FoldIt is to abstract the
domain technicality away, into the scoring function. The game is configured
so players need not really understand issues of molecular dynamics, just that
certain changes make the scores go up while others make them go down. The
player will build their own intuition about the domain as they play, resulting in
designs which may never occur to experts skilled in the art.

3.6 Chapter Notes

The Charles Babbage quote from the start of this chapter is from his book
Passages from the Life of a Philosopher [Bab11]. I recommend Padua’s graphic
novel [Pad15] for an amusing but meaningful (albeit fictitious) introduction to
his work and relationship with Ada Lovelace.

Many books deal with hands-on practical matters of data wrangling in par-
ticular programming languages. Particularly useful are the O’Reilly books for
data science in Python, including [Gru15, McK12].

The story of our jai-alai betting system, including the role of website scrap-
ing, is reported in my book Calculated Bets [Ski01]. It is a quick and fun overview
of how to build simulation models for prediction, and will be the subject of the
war story of Section 7.8.

The failure of space missions due to numerical computing errors has been
well chronicled in popular media. See Gleick [Gle96] and Stephenson et al.
[SMB+99] for discussions of the Ariane 5 and Mars Climate Orbiter space mis-
sions, respectively.

The clever idea of using accelerometers in cell phones to detect earthquakes
comes from Faulkner et al. [FCH+14]. Representative studies of large sets of
Flickr images includes Kisilevich et al. [KKK+10].

Kittur [KCS08] reports on experiences with crowdsourcing user studies on
Amazon Turk. Our use of CrowdFlower to identify appropriate descriptions
of historical figures was presented in [CPS15]. Methods for gamification in
instruction are discussed in [DDKN11, Kap12]. Recaptchas are introduced in
Von Ahn, et al. [VAMM+08]. The large-scale collection of psychological trait
data via mobile apps is due to Kosinski, et al. [KSG13].

3.7 Exercises

Data Munging

3-1. [3] Spend two hours getting familiar with one of the following programming
languages: Python, R, MatLab, Wolfram Alpha/Language. Then write a brief
paper with your impressions on its characteristics:
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• Expressibility.

• Runtime speed.

• Breadth of library functions.

• Programming environment.

• Suitability for algorithmically-intensive tasks.

• Suitability for general data munging tasks.

3-2. [5] Pick two of the primary data science programming languages, and write
programs to solve the following tasks in both of them. Which language did you
find most suitable for each task?

(a) Hello World!

(b) Read numbers from a file, and print them out in sorted order.

(c) Read a text file, and count the total number of words.

(d) Read a text file, and count the total number of distinct words.

(e) Read a file of numbers, and plot a frequency histogram of them.

(f) Download a page from the web, and scrape it.

3-3. [3] Play around for a little while with Python, R, and Matlab. Which do you
like best? What are the strengths and weaknesses of each?

3-4. [5] Construct a data set of n human heights, with p% of them recording in En-
glish (feet) and the rest with metric (meter) measurements. Use statistical tests
to test whether this distribution is distinguishable from one properly recorded
in meters. What is the boundary as a function of n and p where it becomes
clear there is a problem?

Data Sources

3-5. [3] Find a table of storage prices over time. Analyze this data, and make a
projection about the cost/volume of data storage five years from now. What
will disk prices be in 25 or 50 years?

3-6. [5] For one or more of the following The Quant Shop challenges, find relevant
data sources and assess their quality:

• Miss Universe.

• Movie gross.

• Baby weight.

• Art auction price.

• Snow on Christmas.

• Super Bowl/college champion.

• Ghoul pool?

• Future gold/oil price?

Data Cleaning
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3-7. [3] Find out what was weird about September 1752. What special steps might
the data scientists of the day have had to take to normalize annual statistics?

3-8. [3] What types of outliers might you expect to occur in the following data sets:

(a) Student grades.

(b) Salary data.

(c) Lifespans in Wikipedia.

3-9. [3] A health sensor produces a stream of twenty different values, including blood
pressure, heart rate, and body temperature. Describe two or more techniques
you could use to check whether the stream of data coming from the sensor is
valid.

Implementation Projects

3-10. [5] Implement a function that extracts the set of hashtags from a data frame
of tweets. Hashtags begin with the “#” character and contain any combination
of upper and lowercase characters and digits. Assume the hashtag ends where
there is a space or a punctuation mark, like a comma, semicolon, or period.

3-11. [5] The laws governing voter registration records differ from state to state in the
United States. Identify one or more states with very lax rules, and see what you
must do to get your hands on the data. Hint: Florida.

Crowdsourcing

3-12. [5] Describe how crowdsourced workers might have been employed to help gather
data for The Quant Shop challenges:

• Miss Universe.

• Movie gross.

• Baby weight.

• Art auction price.

• Snow on Christmas.

• Super Bowl/college champion.

• Ghoul pool.

• Future gold/oil price?:

3-13. [3] Suppose you are paying Turkers to read texts and annotate them based on
the underlying sentiment (positive or negative) that each passage conveys. This
is an opinion task, but how can we algorithmically judge whether the Turker was
answering in a random or arbitrary manner instead of doing their job seriously?

Interview Questions

3-14. [5] Suppose you built a system to predict stock prices. How would you evaluate
it?

3-15. [5] In general, how would you screen for outliers, and what should you do if you
find one?

3-16. [3] Why does data cleaning play a vital role in analysis?
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3-17. [5] During analysis, how do you treat missing values?

3-18. [5] Explain selection bias. Why is it important? How can data management
procedures like handling missing data make it worse?

3-19. [3] How do you efficiently scrape web data?

Kaggle Challenges

3-20. Partially sunny, with a chance of hashtags.

https://www.kaggle.com/c/crowdflower-weather-twitter

3-21. Predict end of day stock returns, without being deceived by noise.

https://www.kaggle.com/c/the-winton-stock-market-challenge

3-22. Data cleaning and the analysis of historical climate change.

https://www.kaggle.com/berkeleyearth/climate-change-earth-surface-temperature-data

https://www.kaggle.com/c/crowdflower-weather-twitter
https://www.kaggle.com/c/the-winton-stock-market-challenge
https://www.kaggle.com/berkeleyearth/climate-change-earth-surface-temperature-data
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