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Introduction

Political science has been experiencing an
upsurge in the construction of original, historically-
oriented datasets. Whether cross-national or
subnational, these data collection efforts are
increasingly recognized as invaluable to the
field—providing resources of enormous long-term
benefit and enabling richer empirical analysis of
a broader range of research questions.” There
is a large and rich literature on conceptualization
and measurement in the social sciences, which
provides an important foundation for such
dataset construction (e.g., Adcock and Collier
2001; Goertz 2006; Sartori 2009; Schedler 2012).
There is also work that identifies best practices
or principles scholars should follow in building

historically oriented datasets—those that involve
“the translation of narrative records of events and
processes into numerical scores in the form of
indexes, scales, or dummy variables indicating the
presence or absence of some trait, such as regime
type or degree of conflict” (Lieberman 2010, 39;
Salehyan 2015).2 At a pragmatic level, however,
there are few resources on how to collect, code,
and document historically oriented data.

To aid scholars embarking on efforts to build
such historical datasets, this article presents a
practical guide for dataset construction. Itis geared
towards graduate students, early career scholars,
and others without extensive financial resources
or a large research team. It may also be useful to
scholars piloting data collection processes in order
to secure funding for subsequent scaling-up. Our
goal is to make transparent the choices and trade-
offs involved during the data generation process,
while providing helpful tips and highlighting pitfalls
to avoid.

We provide a sequenced approach for historical
data construction. We first discuss how to limit
the scope of data collection to make it feasible for
researchers with time and budgetary constraints.
We then discuss sources and the trickiness
of coding variables from collated narrative

1 The limitations and biases of such data are also quite well-known (see e.g., Bagozzi et al. 2019; Dietrich and Eck 2020; Gohdes

and Price 2013; Hug 2003; Weidmann 2015).

2 Lieberman (2010), for example, emphasizes the principles of proximity of observations, transparency in citations, certainty of

the historical record, and attention to valid comparison.
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information, advocating pilot projects and a
flexible, iterative process of refinement. Finally,
we identify principles that should guide coding
documentation and describe how to manage what
can be an overwhelming amount of material by
creating good workflow processes. Throughout,
we draw upon our own experiences, failures, and
hard-won lessons learned in constructing cross-
national time-series datasets.?

Determining the Scope of Your Dataset

Embarking on historical data collection is
daunting. Political processes often have no
clean beginnings, neat endings, or clearly defined
boundaries. Ideally, many of our projects would
code hundreds of variables far back into the
mists of time, include every conceivable unit
of observation, and disaggregate as much as
possible. But that task would never end. Thinking
sensibly about your own time is important,
especially for early career scholars. Job market,
tenure clock, and promotion processes create
extraordinary pressures to publish quickly. But
only the fortunate few have sufficient institutional
resources or grant funding to hire large teams of
research assistants to gather and code data for a
dissertation or first book.

Data collection becomes far more manageable
if you can limit its scope. Here, the tricky part is
balancing such reductions against the validity and
richness of your empirical analyses—you want to
ensure that your scoping decisions will still ensure
you have leverage over the type of variation that
is most relevant for answering your research
questions and generating or testing your theories.

Scoping decisions are also fundamentally
intertwined with operationalization—the art of
turning theoretical concepts into observable and
measurable indicators. Operationalization is well-
covered in the existing literature, and we would
strongly recommend a thorough read (see, for
example, Adcock and Collier 2001; Collier, LaPorte,
and Seawright 2012; Goertz 2006; Pepinsky 2007;

Sartori, 1970). From a practical standpoint, we
would also emphasize, before developing your
own coding guidelines, first looking at how other
scholars have previously operationalized your
concepts and closely related ones. This allows
you to understand what work has already been
done, standard practices in the field, and how other
scholars have thought through tricky issues.

In our collective experiences, we have used four
strategies to limit the scope of data collection:
(1) winnowing variables; (2) limiting temporal or
geographical coverage; (3) randomly sampling
cases; and (4) reducing granularity. There are both
benefits and risks to each.

Winnowing variables. Conceptualizing,
measuring, gathering information about, and
coding a small handful of variables —as opposed
to dozens or hundreds— is intuitively less time-
consuming. Such laser focus, however, depends
heavily on well-developed theory. You must
first identify a narrow set of independent and
dependent variables that will enable compelling
empirical tests. This includes thinking through
how to potentially test causal mechanisms and/or
alternative explanations. The greatest risk of this
strategy is narrowing too early. It is far easier, from
the outset, to track multiple types of information
from a set of sources than to realize later that you
must add another key variable and need to return
to your source material to do so. Pilot projects
can help thread this needle, as discussed later,
allowing the researcher to start broader and then
clarify which variables may be too difficult or time
consuming to code.

Limiting temporal or geographic coverage.
Every project makes decisions over time and
space. Strong theory, and careful consideration
of variation, not only strengthen research design
but can conserve resources as well. What type of
variation will give you the most leverage over your
research questions: across cases, or within cases,
over time? To the extent that you want to leverage
temporal variation, do you need annual, monthly, or
daily data? Or would snapshots at specific historical

3 These include datasets on military purges, ethnic stacking in Africa, and features of state security and police forces (e.g., De

Bruin 2021, 2022; Harkness 2022; Sudduth 2021).
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moments suffice? Is there a narrower time period
that would make for an ideal test of the theory or
capture the most important variation?

Keep in mind that you can expand coverage after
you have demonstrated the value of your data. In
her book on building and dismantling ethnic armies,
for example, Kristen focused her data collection
efforts on the immediate post-colonial period and
the third wave of democratization (Harkness 2018).
Only later —with more time and more funding— did
she build a comprehensive cross-national time-
series dataset (Harkness 2022). Similarly, for her
pilot study of civilian elite purges, Jun limited her
initial data collection to the years 1985-1996.
This allowed investigation of possible systematic
changes in purge trends since the end of the Cold
War, while reducing data collection time.

Also worth consideringis the nature of real-world
variation. For instance, if there is little temporal
variation, the value of collecting time-series data is
much less clear. Erica found that coding features
of police forces in the first and last years of
counterinsurgency campaigns took a fraction of
the time than coding annually without much loss in
data richness, as very few police forces underwent
significant organizational change in between
(De Bruin 2022). And it may not be worth coding
data before or after the temporal ranges of other
datasets containing variables you —or the users of
your data— may frequently use.

Similarly, narrowing to a specific geographic
region or sub-region can make data collection more
manageable. This was the strategy Kristen used in
her dataset on ethnic stacking; the dataset focuses
on Africa, where the recruitment and promotion
of coethnics has been a crucial component of
rulers’ efforts to control their militaries (Harkness
2022). It has the added benefits of limiting
conceptual stretching and honing the researcher’s
contextual knowledge in a beneficial way. Deep
regional or country expertise can also generate
public engagement and impact opportunities.
Yet, a narrow geographic focus has important
implications for generalizability. Other scholars

may perceive your theory as only relevant to the
region where it was empirically tested. Your data
will also have diminished utility to other scholars
who either focus their work on a different region
or want to conduct global analyses. Finally, some
journals discourage regional datasets, limiting —
but by no means eliminating— publication outlets.*

Randomly sampling cases. Another strategy is
to only collect data on a manageable subset of
randomly selected cases, as Erica did with the State
Security Forces Dataset (De Bruin 2021). One could
choose every sixth country listed alphabetically
or use a random number generator to select
observations. With this approach, geographic and
temporal limits are minimized, allowing for better
integration with existing (especially cross-national)
datasets, and inferences can still be drawn to the
wider population. But there are also drawbacks. A
random sample may end up excluding important
cases within the literature to which your project
speaks. It could also require you to develop
contextual expertise on perhaps an uncomfortably
broad set of cases. Finally, concerns over missing
observations may still compel future studies
to draw their variables from other datasets —
regardless of improvements in reliability or validity
that your dataset might be able to make.

Reducing granularity. Finally, coding simple
binary variables or categorical variables with a
small number of outcomes is usually less time
consumingthan coding continuous variables. It also
enables wider coverage and higher recovery rates,
minimizing missing data. For example, Jun found
it easier to code whether a leader purged officers
from the military at all (0 or 1) than to measure
consistently and reliably how many officers were
purged (a continuous variable) (Sudduth 2017).
Some granularity could be preserved, without too
much additional work, by creating categories for
different levels of purges (e.g., none, less than ten,
11 to 100, more than 100) (Sudduth 2021). Again,
it is worth thinking hard about whether fine-grained
distinctions between categories will map onto
your theoretical constructs in a meaningful way,

4 For example, the Journal of Peace Research has historically tended to publish datasets with global coverage, as well as
subnational datasets; others, such as Conflict Management and Peace Science, have welcomed those with a regional focus.
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or whether you can do without them. The trade-off
is information loss —missing details that could be
important for later empirical tests and for ensuring
other researchers, testing different theories and
causal mechanisms, find the data useful.

Regardless of how you ultimately balance this
trade-off, we recommend capturing the most
granular information that you can find in your
source material at the beginning of a project. It is
much easier to code at higher levels of abstraction,
given a rich information base, than to go back and
re-collect more detailed information later in the
project. Furthermore, more detailed information
can help you understand processes and dynamics
better, as well as provide useful anecdotes or serve
as the basis for qualitative case studies.

Identifying and Selecting Source
Material

Once you know the general scope of the
data you need to collect, the next step is to think
about sources. Rather than delve immediately
into primary sources, we have found it valuable
to first gather what information you can from
existing academic scholarship (particularly
country-specific historiography and ethnography),
historical dictionaries, annual surveys, and other
such resources. Then you can strategically think
through the gaps that need filling with more time-
intensive primary sources.

It is important to remember that all sources
are subject to data generating processes that
create biases in what information is recorded and
preserved. News sources are easy to access as
mostacademicinstitutions subscribe to searchable
online databases, including LexisNexis and
Keesings, which provide broad global coverage, as
wellasnationalandlocalnewspapers.However,they
are shaped by audience appeal and may be biased
in favor of particular countries, urban areas, and the

most “news-worthy” or visible events (Croicu and
Eck 2022; Dietrich and Eck 2020; Parkinson 2024;
Weidmann 2015). Historical archives can provide
astoundingly rich and unique information, enabling
greater disaggregation and more direct capture
of key concepts. However, access to archives can
be tricky and, at a minimum, requires the time and
funding to travel to the location of preservation.®
Archives also contain their own biases, which
reflect the incentives of actors recording and
releasing the records (Balcells and Sullivan 2018;
Lee 2022), issues likely exacerbated by the (often
partial) digitization of archival collections (Kim
2022). Whatever the sources you use, we would
thus echo Salehyan’s (2015) encouragement to
think hard about what may be missing from them,
and to triangulate contested information from
multiple sources wherever possible.®

Using Pilot Projects Effectively

Once you have developed initial ideas of how
you want to measure your concepts (e.g., coding
guidelines) and where you will find relevant
historical information (sources), we strongly
recommend embarking on a pilot coding project.’
Pilot projects enable you to iteratively refine your
processes of data collection and coding and reflect
on measurement validity: do the numerical scores
produced map back onto the original concepts and
theoretical constructs in a meaningful way? Could
revisions to coding practices improve such validity?
Carefully crafted pilot projects generate confidence
in your approach before sinking extensive time and
resources into a particular coding scheme.

We have found it helpful to strategically select
a small sample of observations to code that will
“stress test” your initial coding rules by making
you consider the full range of outcomes on your
variables, highlight gray zones between coding
categories, and probe the limits of source material.

5 For a thoughtful discussion of the politics of archives, and other ethical issues in archival research on political violence, see

Suboti¢ (2021).

6 Both Lee (2022) and Kim (2022) provide excellent guides to how to anticipate and help mitigate biases in different forms of

archival research.

7 Budget allowing, it may be helpful to hire one or two research assistants at this stage to help you pilot. You can provide them
the guidelines and the same set of sample cases to check the extent to which their codings converge.
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Sample cases from different geographical regions
or sub-regions and from different historical eras,
decades, or years. Pick some difficult cases
that do not easily fit your concepts and chosen
measures. Include some observations with a
wealth of historical materials —an overabundance
of sources that will generate differing and
sometimes contradictory interpretations. But also
include observations with a dearth of sources that
will stretch your capacity to find enough material
and help highlight which variables it might not be
feasible to collect data on across your cases.

Pilot projects usually reveal useful time-saving
lessons such as coding rules that need modification
and variables that cannot be systematically coded
across cases. Keep a flexible mindset and remind
yourself that this is the whole point of the pilot —
to find the problems and improve measurement
validity by iteratively modifying and re-test your
approach. You can re-pilot as many times as
needed. Then, when you feel confident in your
processes and coding guidelines, scale up and
tackle the rest of the data collection project.

A final tip: Keep extensive notes for yourself
during your pilot. Track which variables were
most challenging to find sufficient information on;
where you had trouble coding the information you
found; sources that were particularly useful (or
turned out to be irrelevant); and where interesting
and important features of the cases were not yet
captured by your coding scheme. Your future self
will be very grateful for detailed tracking of your
own thoughts and decisions over tricky issues and
difficult cases.

Documenting Your Coding Decisions

In documenting your coding decisions, the aimis
to ensure transparency and, to the extent possible,
replicability. Transparency centers on creating a trail
of documentation that allows others to understand
each step of how you built the data, the decisions
involved, and the sources consulted.® It gives
meaning to the numbers, enabling good inferences.

Replicability sets an even higher bar. Some would
argue that after reading your full documentation,
other scholars should be able to reach the same
coding decisions as you did, in the vast majority
most cases. This is a high bar indeed, and one that
may overlook the unavoidable messiness of social
data.

There will always be debates over data
subjectivity, as human judgment is fundamental
to translating often incomplete, complex, and
sometimes contradictory narrative records
into numerical scores. Take the recent debate
over whether and to what extent democracy
is backsliding globally. Little and Meng (2024,
151) highlight a discrepancy between “objective”
indicators of democracy, which they describe
as “based in fact” and “subjective” indicators,
which depend on a combination of fact and coder
judgement. However, even seemingly objective
indicators often require multiple judgments
by human coders (Schedler 2012). Knutsen
et al. (2024) provide the example of coding
parliamentary vote share —while theoretically
fact-based, coders must still make choices about
how to code independents, which electoral rounds
to consider, and other issues.

Limitations in source material may also produce
ambiguous or conflicting information that must
be adjudicated. Jun found this to be the case
in coding military purges, which she defined as
leaders’ actions to dismiss, demote, expel, arrest,
or kill individuals within their security apparatus.
In some instances, there was evidence that top-
ranking officers left their positions unexpectedly,
but whether they resigned voluntarily or were forced
out remained unclear (Sudduth 2021).

More generally, many of the concepts most
integraltothe study of politicsare deeply normatively
important, and thus essentially contested (Gallie
1955-56). As a result, the expectation should not
be that our codings will be accepted uncritically.
Indeed, debates over coding can be instrumental in
advancing our understanding of complex political
phenomena. The debate over whether the January 6

8 Many political science journals now subscribe to Data Access and Research Transparency (DA-RT) principles, which aim to
increase transparency in social science (https://www.dartstatement.org/).
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attack on the U.S. Capitol counted as a coup d’état,
example, drew attention to a growing divergence
between academic and journalistic uses of the
term; the extent to which major coup datasets
disagreed about specific cases (Chin, Carter,
and Wight 2021); and the need to better map the
conceptual terrain of other types of antidemocratic
actions, such as “self-coups,” which share some
features with coups but also diverge from them
in important ways (Powell et al. 2022). What good
coding and documentation practices do allow us
to do is minimize unnecessary disagreement by
making explicit the choices we have made and
enabling other scholars to evaluate for themselves
whether they would come to the same decisions
about our cases.

Managing Documentation and
Workflow

Handling all the source materials, citation
information, qualitative  narratives, coding
guidelines, and spreadsheets involved in these
projects, just for one’s own personal use, is a huge
task. We cannot stress enough how vital it is to
develop good systems, right from the beginning,
to track and organize your project. Fixing mistakes
can be costly and time consuming. When copy-
editing her book, for instance, Kristen had to
return to archives she visited as an inexperienced
graduate student to fix three footnotes that were
missing some small but essential piece of citation
information (e.g., part of a document title, the
recipient of a letter).

While individualized, the systems we have
each developed to manage documentation and
workflow revolve around four types of documents
that we combine and layer: (1) coding guidelines;
(2) source notes; (3) case or coding notes; and (4)
data spreadsheets.

First, coding guidelines (the “codebook”)
contain the final rules for data coding. They should
be ultimately published alongside the dataset. For
each variable, they should describe the underlying

concept and how it has been measured. The
best coding guidelines also discuss why you
made certain decisions and what reasonable
alternatives were considered (but ultimately
dismissed). Your thinking will change over the
course of the project given the iterative process of
flexibility and refinement that we suggest imbues
all historic data creation. This makes it crucial to
keep “in progress” notes and preserve any iteration
of coding guidelines used to produce coded data
(linked through version numbers to the associated
spreadsheets). Draft coding guidelines can also
be shared with advisors, mentors, and colleagues
for feedback before the final, cleaned-up version
is publicly released.

Second, source notes are an important
intermediary step between learning relevant
information and using it to code your data.
This step is tempting to skip. However, for data
construction that relies on primary sources or
requires more interpretation, it is very useful to
preserve nuggets of information in the broader
contexts in which they were found. Source notes
are especially useful for tracking information from
archival documents, interviews, ethnography,
newspaper articles, and social media posts.®
Source notes are also a place to record overly
detailed citations, interesting tidbits whose
relevance is not immediately apparent, and
one’s own evolving thinking. The supplementary
material included online provides an example of
Kristen's source notes on an archive dossier.

Third, case or coding notes compile information
across multiple sources for a particular case or
observation. They can be in any format —from
polished narratives to bullet points to a series of
questions and answers— but should be rationally
organized around the original variables that need
coding. The idea is to collate, for that observation,
all the various relevant pieces of information from
the underlying sources. Citation tracking is critical,
and we recommend refraining from any clustering:
cite at the sentence level and keep sources distinct
even where they contain the same basic fact.

9 Ethical and copyright considerations permitting, you may also consider publicly releasing primary source images, notes, or links

along with the dataset.
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We also endorse tracking “consulted” sources,
including those that you do not draw from, so you
avoid rereading them. Erica learned this the hard
way when she came across her own hand-written
post-it note in a book which, it turned out, she had
requested via InterLibrary Loan and consulted a
year earlier.

Developing atemplate for case study notes helps
guide data collection (and is vital for employing
research assistants). Questions to consider when
designing a template include: What background
information would help understand the context of
this case? What do you need to know to code each
variable? Is there other information you want to
track, even if it cannot be compiled systematically?
The extra material often provides arich resource for
later publications, including anecdotally illustrating
theoretical points or fleshing out qualitative case
studies. For maximum transparency, case study
notes can be published alongside the dataset—
either in template form or after rewriting into
more polished narratives. This renders visible the
underpinning information and justifications for
why variables obtained the codings they did. The
supplementary material includes three examples
of different ways to structure case study notes
from Erica and Jun.

Finally, data spreadsheets record the numeric or
categorical codings assigned to each observation.
In their final form —you may go through several pilot
or interim versions— they provide you and other
potential users with the actual quantitative data.
Youmight produce one large spreadsheet, or several
data tables linked together through identifiers. For
example, datasets are often published in different
versions to distinguish between related units of
analysis (e.g., conflict actor and conflict-spell,
leader-spell and time-series, or event and time-
series).

There are many valuable, published resources
on good data management practices (see, for
example, Weidmann 2023). Just a few pointers
to keep in mind from our experience: Use existing
coding conventions for identifying countries,
conflict actors, etc., to make merging your dataset
with others easier. Try to ensure variable names
have enough content for you and future users to
understand and remember what they capture

without constantly referring to the codebook (e.g.,
v1, v2, v3 are not that helpful, nor are self-invented
acronyms). Do some good spot-checking and
quality control at the end—it is easy to make errors
while inputting loads of data into a spreadsheet.
You can also set up some automated quality
control checks within your spreadsheets (e.g., if
the variable is supposed to be 1-5, and there's a
value of 10, you know it’s an error). Finally, generate
a comma-separated values (CSV) file for sharing
purposes that is easy to use with any software
program.

Sharing and Updating Your Data

When you are ready to share your data, posting
it in an online data repository like the Harvard
Dataverse (https://dataverse.harvard.edu/)
increases data accessibility beyond your own
networks and allows you to track the number
of downloads. You can also choose to gather
information on who uses your data by requesting
names, institutions, and positions from users
before they download your datasets. However,
keep in mind that requesting this information may
create a barrier to access for users uncomfortable
with sharing such personal data, so consider how
important it is to you.

Finally, while one may be tempted to hang the
victory banner at this stage, it is useful to consider
how you want to process queries or disputes, as
well as how you will revise and release updated
versions of your dataset. Periodic updates may be
necessary to extend your data collection forward
in time. New records may be declassified, or more
detailed historiographies published, which change
your interpretation of cases. And ideally, lots of
other scholars will use and scrutinize your data,
which will bring the occasional data entry or coding
errortolight,even where it does not provoke broader
debate over your indicators. As a field, we should
think more deeply about how to support periodic
cleaning and updating of our data resources —an
important task for which little financial support is
typically available. In the meantime, developing
your own plan for revisions will help ensure your
data remains relevant to users.
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Conclusions

The construction of original, historical-oriented
datasets allows political scientists to document
patterns and to develop and test theories about
the political world. Our aim, in this article, was to
provide a practical guide to building datasets that
highlights important tradeoffs and provides advice
to assist researchers undertaking such efforts for
the first time. We hope that it helps get more data
projects off the ground.
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