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and quantitative. = Comparative historical
sociology and the discipline as a whole will be
better off as a result.
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Tools for Historical
Sociologists

Christopher Muller
University of California, Berkeley

There is no substitute for the intuition for a
historical period you can get by immersing
yourself in primary and secondary source
material. Robert Fogel (1982: 51) was right to
acknowledge that “No amount of mathematical
wizardry or computer magic can shortcut this
process.” But one of the distinct advantages of
historical sociology relative to historical
research in other social sciences is that it
recognizes the importance of both primary-
source qualitative work and historical data
analysis of other kinds. Learning a little bit
about some new tools for historical data
collection and analysis can both speed up your
archival research and allow you to supplement
more traditional archival work with data that
only recently would have been too laborious to
collect or construct. In this essay, 1 will
describe some ways historical researchers have
extracted data from maps and linked people
across multiple records. I’'ll then offer some
brief thoughts on why I believe these tools and
the approach to studying history that they
facilitate are important.

One problem historical researchers often
encounter is finding high-quality representative
data about the past. Where data of the kind we
are used to working with—censuses, surveys,
events, and so forth—are unavailable, we can
sometimes find helpful information in maps
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instead. Take a recent paper by the economists
Stelios Michalopoulos and Elias Papaioannou.
Michalopoulos and Papaioannou (2016) were
interested in the effects of the “Scramble for
Africa” among European powers in the late
nineteenth and early twentieth centuries. They
argue that European powers divided up Africa
with little regard for the shape or politics of the
societies on which they imposed colonial
borders. The design of their paper is very
simple. First, they used a georeferenced version
of  George Peter Murdock’s (1959)
Ethnolinguistic Map, which depicts the territory
of African ethnic groups at the time of
European colonization.! Then they projected
onto the Murdock map a map of the national
borders that divided up the continent. This
allowed them to divide ethnic groups into those
that were split by a national border and those
that were not. Finally, they added data on the
locations of civil conflicts that took place in the
late twentieth and early twenty-first centuries.
They find that ethnic groups whose historical
territory was partitioned by a colonial border
experienced more, longer, and more devastating
political conflicts.

Another example is Neil Fligstein’s (1981)
Going North. Fligstein’s book is a sociological
account of the causes of the Great Migration.
To assess the claim that the boll weevil
infestation of 1892-1922 inspired African
Americans to leave the South, Fligstein hand-
coded a map of the boll weevil’s migration
published in a United States Department of
Agriculture (USDA) report. Looking decade by
decade, he finds that infested counties generally
had higher rates of black outmigration. Using
georeferenced versions of the USDA boll-
weevil maps and data on historical county
borders (Minnesota Population Center 2016),
Deirdre Bloome, James Feigenbaum, and I
estimate the infestation’s effects on other
dimensions of the South’s economy and
demography (Bloome, Feigenbaum, and Muller
Forthcoming).
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Both of these examples show how historical
sociologists can use maps to turn data-sparse
historical periods into data-rich ones. In both
cases, the most important source of data was
neither numbers nor text, but the simple
intersection of two geographical boundaries.
Using maps in this way is not new, as the
publication date on Fligstein’s book shows. But
creating georeferenced historical maps and
combining them with the growing library of
maps produced by other researchers makes it a
lot faster and easier than it used to be.2

Sociologists have also been linking data for a
very long time. Finding the same person in two
records often allows you to learn more about
them than you could by consulting one record
alone. In the past, researchers did much of this
work by hand, moving, person by person, from
one list to another. Simple string-matching
algorithms let you do this kind of work much
more quickly.

Despite their fancy name, string-matching
algorithms are straightforward. At their most
basic, they compare two strings of characters
and penalize the substitutions, deletions,
transpositions, and so forth needed to turn one
string into the other.3 Different algorithms give
weight to different things, like where in the
strings a discrepancy appears or whether
certain letters sound like others.

Knowing just a little bit about string matching
can help you even if you never plan to do any
quantitative analysis. In my dissertation
research, I was interested in knowing about the
circumstances under which people confined in
Georgia’s convict lease system in 1880 were
apprehended. Luckily, the Georgia Archives
had a collection of all of the pardon requests
sent to the governor from 1858 to 1942. The
only problem was that the information about
the convicts who had sent requests was limited
to a webpage that listed them alphabetically,
with no additional information except for their
county of commitment. In the past, I would
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have had to compare my list of prisoners to this
list of over 10,000, one by one. Instead, |
wrangled the data on the webpage into a
machine-readable format, used the sdists()
package in R to construct a list of possible
matches, then wrote to the Archives asking
them to pull about 200 boxes so that they would
be ready when I arrived. What would have
taken me weeks took only two days in the
archive.4

Looking for a prisoner in two lists is much
easier if both lists only contain prisoners. What
if instead we wanted to match everyone in the
1920 U.S. Census to everyone in the 1940 U.S.
Census? We are still working on solving that
problem, but we are getting better at it. The
economist James Feigenbaum has a new paper
in which he describes some ways to use
machine learning to link census records.
Feigenbaum (2016) hired a research assistant to
link a small sample of people across two
censuses. Then he taught an algorithm to
replicate how the assistant created the links. He
found that most of the gains from using the
algorithm came after the assistant had linked
only about 500 records. We are still a long way
from creating a census-based genealogy of the
entire U.S. population, but we are starting to
make some impressive advances in our ability
to link large numbers of people across multiple
sources.

These are just two examples of ways historical
researchers are creating new sources of data
about the past. But why would we want to
create datasets like this in the first place? One
answer is that data of the kind I have described
can help us to get a better handle on
foundational questions not only in historical
sociology but in the discipline more broadly.

Data linked over long stretches of time, for
instance, can reopen research on the topic of
historical persistence (Abbott 2005; Patterson
2004). The economist Nathan Nunn (2008) has
shown that the countries in Africa that had the
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greatest concentration of people who were
forcibly removed and enslaved have the lowest
average income today. Nunn’s paper provides
compelling quantitative evidence about a
question historians have long debated, and it
helped to spawn a whole literature on the
effects of historical institutions on economic
development today. But one notable feature of
this literature is that it tends to use geographical
territories as its units of analysis. With linked

What would have taken me
weeks took only two days in the
archive.

multigenerational data, historical sociologists
could begin studying how historical events and
institutions affect not just the aggregate
statistics of geographical territories, but also
lineages of people, some of whom moved away
from the territories of their ancestors. This kind
of work could create a bridge between
historical  sociologists and demographers
studying multigenerational mobility.

With tools like the ones I have described, we
can also uncover missing data that could
change our understanding of contemporary
problems. It is easy to find examples of errors
social scientists have made by studying too
short a time period. The first graph in Thomas
Piketty’s (2014) Capital in the Twenty-First
Century, for instance, shows how Simon
Kuznets built a theory about the relationship
between economic growth and inequality based
on a narrow slice of a time series. This wasn’t
entirely his fault: he was dealing with the data
he had.5 But it offers a cautionary tale for all of
us: it is very easy to build grand and sweeping
theories based on anomalous periods of history.
We need to have more humility about this. The
future can always confound us, as when
Blumstein and Cohen (1973) developed a
theory about the stability of imprisonment in
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the early 1970s, right before the U.S.
imprisonment rate exploded. But, with the
increasing availability of historical data, we
have a much weaker excuse for letting the past
do the same.

Endnotes

1. Maps that are “georeferenced” are encoded with
coordinates allowing them to be combined with other
maps. Michalopoulos and Papaioannou (2016: 1812)
discuss how imperfections in the Murdock map could
affect their analysis.

2. Harvard University's World Map is one example of
such a library.

3. For an introduction to the stringdist() package for
string matching in R, see van der Loo (2014). Another
useful function for string matching in R is sdists().

4. Of course, during other phases of historical research
this kind of efficiency is not desirable. See, for instance,
chapter 6 of Abbott (2014).

5. Taking a longer historical view, Milanovic (2016)
introduces the idea of “Kuznets waves.”
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Computational Methods,
Meaning, and Comparative
Historical Sociology

Laura K. Nelson
Northeastern University and University of
California, Berkeley

Larry Irving—widely credited with coining the
phrase the “digital divide”—recently
commented on the relationship between sports
analytics and Black fans: “Sports is emotional.
And analytics represent the absence of emotion,
the antithesis. Nobody gets into sports to be
dispassionate. And it just seems to me we are
the feel it, smell it, touch it people.”’ In
discussions 1 have had with sociologists,
particularly  qualitative  sociologists,  this
comment rings true. Instead of emotion, many
sociologists care about meaning and
interpretation, and believe analytics represent
the absence of meaning. And, of course,
nobody gets into sociology to be dispassionate.

Comparative  historical sociology  has
historically tackled the big questions—
democracy versus totalitarianism, the causes of
revolution, the formation of the state, the
causes of inequality. These topics elicit a great
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