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With recent advances in computing power enhancing the ability of social scientists to analyze newly 
available “big data,” there is a new set of challenges for researchers building cross-national, longi-
tudinal data sets. While scholars should embrace these new sources of data, we must carefully con-
sider cleaning and coding decisions and how these influence our ultimate findings. In this article, we 
outline five common issues that researchers may face in building large cross-national, longitudinal 
data sets and suggest strategies for how to address each: (1) country data consistency including 
births, deaths, splits, unifications, and name changes, (2) longitudinal string matching, (3) identify-
ing different types of missing data, (4) using these types of missing data in developing a theoreti-
cally and empirically grounded imputation strategy, and (5) understanding whether systemic change 
is driven by real world processes or by coding/cleaning choices. We also touch briefly on some gen-
eral technical and technological considerations when working with large data sets. Throughout, we 
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illustrate issues and strategies with examples drawn from our experience building a cross-national, 
longitudinal network data set of country-international nongovernmental organization memberships. 

Keywords big data; cross-national; data set construction; imputation; longitudinal; missingness 

In recent years, the advent of “big data” has brought social scientists exciting new possibilities 
to advance the state of our fields. But this influx of ever larger new data sets has also created at 
least two challenges for social scientists. The first challenge relates to the nexus between theory 
and methods, and the need to make informed decisions when confronting ambiguities or irre-
gularities in raw data, knowing that these will ultimately affect our scientific findings. Larger 
data sets are becoming the reality of research in most fields. But contrary to the predictions 
of some big data enthusiasts (Anderson 2008; Mayer-Schönberger and Cukier 2013) the data 
“do not ‘speak for themselves’” and “theory still matters to build credible stories of what the 
data reveal” (González-Bailón 2013: 147–48). Thus, there is a need for social scientists to 
engage in the construction and analysis of large data sets, since “the translation of data into 
knowledge itself is a social enterprise” (Hesse, Moser, and Riley 2015: 18). A second challenge 
is a technological one, and relates to the need for social scientists to learn new skills and tech-
nologies necessary to store, clean, and analyze large quantities of data in a time-efficient way. 
This article will focus primarily on the first challenge, outlining strategies applicable to cleaning 
and analyzing cross-national, longitudinal data sets in the social sciences in a theoretically 
informed way. We also briefly touch on some issues relevant to the latter dilemma. 

Our main purpose in this article is to highlight a number of generalizable issues related to the 
theoretical and coding decisions involved in constructing large data sets, using an empirical 
example from our own work. The theoretical and methodological issues faced by a researcher 
when cleaning and preparing large data sets for analysis will differ based on the content and 
structure of the data, and the subject of study. However, we have identified five major issues 
likely to be common to many researchers building cross-national, longitudinal data sets. We 
discuss: (1) longitudinal country consistency, (2) longitudinal string matching, (3) identification 
of various unique types of missing data, (4) developing a theoretically and empirically grounded 
imputation strategy, and (5) understanding whether systemic change is driven by real world pro-
cesses, or by coding/cleaning choices. These are issues new researchers are likely to encounter 
in any cross-national, longitudinal study, and these issues are not typically taught. Instead, they 
are often painfully and painstakingly learned through trial and error by each individual 
researcher. Throughout, we illustrate issues and strategies with examples drawn from the 
construction of a cross-national, longitudinal network data set of country-INGO (international 
nongovernmental organization) memberships. 

Many scholars use the term big data synonymously with social media data, sometimes 
referred to as the “‘exhaust’ of social media” (Monroe et al. 2015: 72). But just what constitutes 
big data? We concur with the views of Monroe et al. who suggest that: 

the intuitive criterion—“lots of data”—is both unnecessary and insufficient. When referring to 
data qua data, “big” is defined relative to the computational or informational capacities of con-
ventional approaches. Data can be big in many dimensions: observations (e.g., the US Census), 
covariates (e.g., gene sequences), file size (e.g., images), or network bandwidth (e.g., video) 
(Monroe 2013). Even “small” social data may contain interdependencies (e.g., networks, 
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space-time, or hierarchy) that imply big models. The term also may describe the body of 
computational innovation that has become associated with such data, roughly equivalent to “data 
science” but need not imply the application of “data mining.” (Monroe et al. 2013: 71)   

Thus, big data is less about “size of the data sets and more about their spatial and temporal 
resolution” and that it enables us to analyze complex “interactions” and “dynamics of social 
systems” (González-Bailón 2013: 153). Furthermore, even data sets that begin with large file 
sizes are usually reduced through filtering until only a fraction of the original data is analyzed. 
To draw one useful comparison, research conducted using large machine-coded data sets such 
as GDELT (Global Database of Events, Language and Tone) might entail working with numer-
ous files that comprise a data set larger than 100GB in total file size. However, final file sizes 
may only be several hundred megabytes after cleaning and aggregating the data. Thus, analyses 
of such machine-coded big data may not ultimately differ markedly from statistical analysis of 
most other quantitative variables, after initial distillation. 

While software and hardware developments have certainly increased our ability to analyze 
larger data sets than was possible in the past, they have also increased the size of these data 
sets, and it is not clear that processing power has kept pace with storage capacity and our ability 
to collect massive amounts of data. Moore’s law has held thus far in predicting that the “number 
of transistors in a dense integrated circuit doubles approximately every two years,” or as quickly 
as every 18 months in recent times (Chien and Karamcheti 2013). The counterpoint to this 
increase in processing power has been the increasingly cheap availability of enormous storage 
capacity, with some corresponding increases also found in disk-drive read and write speeds 
(McCallum 2014). With access to even more storage and processing power on university 
servers and super computers, gone are the days when a laptop and Microsoft Excel were suf-
ficient for data cleaning. Thus, in a final section, we briefly highlight some of the technical 
issues and solutions to analyzing data sets that range in the millions of observations. 

This article follows in a tradition of attempts to improve data analysis through careful atten-
tion to measurement (Goertz 2012). In many areas, findings have been challenged or overturned 
based on measurement and coding. In the area of politics and political behavior, attention to the 
measurement of world system position has influenced conclusions (Bollen 1983; Clark 2012; 
Clark and Beckfield 2009). Democracy is another concept where measurement and coding deci-
sions have been continually challenged, debated, and updated (Bollen 1993; Bollen and Paxton 
2000; Coppedge et al. 2011; Munck and Verkuilen 2002; Paxton 2000). In yet another example, 
researchers at the National Academy of Sciences found that conclusions about the link between 
climate change and conflict were heavily swayed by the data set and types of models used 
(O’Loughlin, Linke, and Witmer 2014). Finally, consider the recent debate on social isolation, 
which hinged significantly on measurement, survey, and interviewer effects (Fischer 2009; 
McPherson, Smith-Lovin, and Brashears 2006; Paik and Sanchagrin 2013). 

The question of data quality, for both qualitative and quantitative data, has been of para-
mount importance for researchers in the fields of business analytics, and computer and data 
sciences (Brown, Chui, and Manyika 2011; Rahm and Do 2000). Social scientists have also 
been concerned with data quality, in particular studying data production process, and comparing 
similar data sources in search of data quality and reliability (Mauthner, Parry, and Backett- 
Milburn 1998; Schrodt 2012; Schrodt and Gerner 2000; Weidmann 2014). With the rise of 
big data, one particularly prescient subject is the question of human-coded vs. machine-coded 
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data quality (Bond et al. 1997; Hammond and Weidmann 2014; King and Lowe 2003; Shellman 
2008). Regardless of the source of the data, there is much work to be done between data col-
lection and data analysis, and as one scholar justly points out, we should attend to “first things 
first, assessing data quality before model quality” (Gohdes and Price 2013). The behind-the- 
scenes process of large data set construction and the diagnostic assessment of data quality 
are the main focus of this article. 

OUR EXAMPLE DATA SET: COUNTRIES AND INGOS OVER TIME 

Throughout this article, we rely on examples taken from our experiences constructing one 
particular “big data” data set. This data set is a cross-national, longitudinal, network data 
set of country memberships in INGOs. It includes all sovereign countries, and all known, 
universal-membership INGOs, at 11 sample year intervals from 1950 to 2008. It records 
network connections between countries and INGOs as a bipartite network. We will dwell only 
slightly on the network character of these data, since the cross-national and longitudinal aspects 
of this data-building effort are applicable to a broader audience of social scientists. 

The data were manually collected by a team of researchers supervised by co-principal inves-
tigators, Pamela Paxton and Melanie M. Hughes, through a National Science Foundation 
(NSF)-funded project: “Measuring International Nongovernmental Organizations and World 
Polity Network Embeddedness.” This project represents a follow-up to and expansion of 
previous work on INGOs, women’s INGOs, and the world polity (Hughes et al. 2009; Paxton, 
Hughes, and Green 2006; Paxton, Hughes, and Reith 2015). Researchers extracted data from 
annual volumes of the Yearbook of International Organizations, published by the Union of 
International Associations (UIA), for the years 1950, 1955, 1965, 1973, 1978, 1983, 1988, 
1993, 1998, 2003, and 2008 (UIA 1950). Before cleaning there were more than 17,000 unique 
INGO names, which were matched and identified as approximately 5,200 unique organizations 
by the end of this process. While this data set is specific, the issues raised in its construction 
generalize to almost any cross-national, longitudinal data set of the type used in much research 
on political behavior. 

BUILDING BIG DATA SETS: INFORMED STRATEGIES 

It may seem strange to discuss “building” or “constructing” data sets, rather than data collec-
tion. But when it comes to large, matched data sets, the reality is that collection and construction 
are two quite separate and distinct phases. With small surveys, academic researchers often have 
significant control over the collection process. Given a degree of experience in survey design, 
they can design the survey and orchestrate data collection in such a way that any cleaning needs 
are (hopefully) minimal, and there may be few changes from the raw collected data to the final 
data set. With cross-national, longitudinal data, researchers face additional challenges. 

There may be, for example, a disconnect between those who collect the data for one set of 
purposes, and those who wish to analyze it for another set of objectives. In our example, for the 
UIA Yearbook of International Organizations, the collection methods, types of data collected, 
types of organizations included, data structures, and data format have changed over time, based 
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on changing needs within the UIA. And this does not even begin to take into account country 
and organization name changes, patterns of missing data, extraneous or irrelevant data, and 
other inconsistencies to be uncovered in the cleaning process. Clearly then, there is much work 
to be done for scholars interested in transforming such raw data into a data set that is compa-
rable and analyzable across space and time. It is for this reason that we refer to this process as 
the “construction” of a data set. 

Country Data Consistency 

One of the first aspects of building a cross-national, longitudinal data set involves how to deal 
with countries over time. Following common practice, we assume a researcher will remove non-
sovereign countries. Researchers also often limit their cross-national analyses to countries with 
a population of at least 1 million. But there are many other data issues relating to countries, 
including name changes over time, and country splits, reunifications, and annexations. Thus, 
the first step in building cross-national, longitudinal data sets is to ensure that the countries 
in the data set are correctly and uniquely specified over time. 

In this first phase of data set construction, we recommend the following steps: 
1. Reduce country name variations across sources to a unique name. For example, 

change “Germany West FGR” or “Germany West FR” to “Germany West.” 
2. Reduce country name changes across time to a unique name. For example, Zaire 

would be renamed as “Democratic Republic of Congo” because the country is 
continuously the same except for the name. 

3. Decide whether or not to assign data for unclear country designations and to which 
country. For example, we assigned to West Germany any data listed for “Germany” 
by Western data sources during the period in which both West and East Germany 
existed. Our decision was based on additional research indicating that the Federal 
Republic of Germany considered itself the continuation of the 1871–1945 German 
Reich, and was often referred to as simply “Germany” by West Europeans and 
Americans (Osmańczyk 2003: 806). 

4. Clean data surrounding country births and deaths. For example, we convert to miss-
ing any existing data for Turkmenistan prior to 1991, or for Czechoslovakia after this 
point, because these years fall outside the bounds of sovereignty for these countries. 

5. Clean country splits and reunifications. For example, Vietnam becomes North and 
South Vietnam in 1954, and then reunites as Vietnam in 1975.  

Other decisions are possible. Some researchers may wish to include colonial history in their 
models, and they would therefore modify Step 4 to include years prior to sovereignty. In such 
cases, researchers would have to be careful about maintaining consistent geographic boundaries, 
and be aware that data for nonsovereign countries and colonies are sparse compared to officially 
recognized sovereign countries. 

Clarifying country names over time (Steps 1 and 2) is unproblematic, because this does not 
entail decisions about assigning or reassigning data. However, the remaining steps require care-
ful thought. Step 3 requires close consideration by a researcher after qualitative, historical 
research. In cases where there are unclear country name designations, such as “Germany” in 
a period in which both East and West Germany exist, researchers must decide whether to 
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remove the data, or to assign it to one or both of the other countries. In building our INGO/ 
country data set, we attempted to identify which of the countries in question would be most 
likely to be the intended target of the designation. For example, we were able to ascertain with 
a high degree of probability that INGO employees responding to UIA surveys were most likely 
referring to South Korea when submitting “Korea.” Other researchers working with other data 
sets might make different decisions.1 

In the particular case of our INGOs data set, our decisions regarding Steps 3 through 5 were 
as follows: 

.� For country splits, any observations of the defunct country that continue in the year of 
the split or beyond are assigned only to the clear successor state where one is ident-
ifiable. The same applies to ambiguous country designations where we can confidently 
assign the data to one of the split countries. For example, only Russia among former 
Soviet Republics gets USSR INGO memberships (ties) after 1991, and “South Korea” 
gets incorrectly designated “Korea” ties, but neither the Czech Republic nor Slovakia 
get leftover Czechoslovakia INGO ties after their split in 1992, since it was a split with 
no clear successor. 

.� For country unifications or reunifications, any additive observations of the defunct 
countries that continue in the year of unification or beyond are assigned to the newly 
united country. 

.� For all countries, we convert any observations prior to or after sovereignty to missing, 
specifying different types of missing where appropriate.  

To aid researchers, we provide Table A1 in the appendix.2 

Longitudinal String Cleaning and Matching 

Another issue in the construction of a cross-national, longitudinal data set is that of string 
variable cleaning and matching. This is also easily generalizable to the process of construct-
ing any large data set. String variables might include INGO names, Twitter user names, 
types of political events, or geographic location names. Each string variable matching prob-
lem will be unique, but in this section we describe general principles of how we dealt with a 
massive string matching operation of over 17,000 INGO names across 12 years of data. 
Throughout the period 1950–2008,  INGOs experienced name changes and misspellings 
during data entry, births and deaths, and splits and unifications. They also faced periods 
of inactivity, and missing data. However, we have much less reliable information on the 
specifics of the lives of organizations than we do for countries. In addition, there are many 
more organizations than there are countries. Given the small number of countries and a 
wealth of historical information, most of the cleaning and coding for countries can be done 
by hand, although coding/scripting is useful for replicability purposes. On the other hand, 
with more than 17,000 original unique organization names in the raw data for all 12 years 
from 1950 to 2008, manual cleaning of organizations data is not feasible. In such situations, 
we recommend machine-assisted methods of “fuzzy string matching,” combined with 
research and human verification. 
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The specific steps we recommend for string cleaning and matching include: 
1. Create two new variables: (1) a common string name, and (2) a unique observation 

ID number. 
2. Spell check and unabbreviate string names, translating foreign names into English, 

including British to U.S. spelling, or vice versa, and make other simple fixes. 
3. Use computer-assisted fuzzy string matching to verify and combine string duplicates 

within years. 
4. Use computer-assisted fuzzy string matching to give each unique organization a 

common name across years. 
5. Repeat Steps 2–4 until data quality improvements are minimal. 
6. Remove string names that do not fit the desired data category.  

In many cases, researchers may lack specific knowledge about the history of individual 
string observations, and large data sets with thousands of observations make obtaining this 
knowledge time prohibitive. In such cases, the first step we recommend is to create two new 
variables, one that will contain the revised, common string names, and a second unique obser-
vation ID number. The process of cleaning will change string names in a variety of ways, and 
researchers may wish to have a record of the original string name of the observation. All sub-
sequent changes should be made to the new common string name variable, leaving the original 
untouched. Next, correcting spelling errors and abbreviations is self-evident, and may not apply 
to every data set. We suggest translating foreign names where appropriate in the data, because 
in many cases an observation’s name can change languages from one year to another, especially 
in cross-national data.3 

To understand string matching over time, we provide an example data structure. In Table 1, 
countries are represented across columns, and organizations are nested within years down the 
rows, such that one row or observation represents an “org-year.” In this example, based on prior 
country cleaning, Ukraine is missing prior to 1991, and the USSR is missing thereafter. A 
couple of issues are apparent with the string names of organizations. The first two observations 
represent duplicate entries within the same year, and must be made unique either by merging the 
two rows or by giving them unique names, such as “International Workers’ Association A” or 
“B.” Next, it is evident that the first four observations may represent the same organization. 
After unabbreviating “Int.” and “Assoc.” they must be given a common name that will link 
the same organization across time in the data set. And finally, “Workers International,” in 
the last observation, is a unique organization that is distinct from the “International Workers’ 

TABLE 1 
Sample Data Structure 

Obs. Num Year Organization Ukraine USA USSR  

1 1988 Int. Workers’ Association . 1 0 
2 1988 Int. Workers’ Association . 0 1 
3 1993 International Workers’ Assoc. 0 1 . 
4 1998 International Workers’ Assoc. 1 1 . 
5 2003 Workers International 1 0 .  
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Association.” The same set of tools enables researchers to identify any string matches that may 
be duplicates within years, or matches when considered across years. 

When seeking to match string observations numbering in the thousands or more, it is often 
impractical to do so without computer assistance of some sort. There is a large literature in 
the fields of computer science and linguistics on methods for string matching, also known as 
“ontology matching,” which propose ways of calculating similarity between two strings. 
These include methods such as “Hamming distance,” “longest common substring,” “cosine 
distance,” “Jaro distance,” and the “soundex method” (Euzenat and Shvaiko 2013). The parti-
cular string distance algorithm is up to each individual researcher. In our case, we chose the 
“Levenshtein distance” algorithm, which is defined as “The smallest number of insertions, 
deletions, and substitutions required to change one string or tree into another” (NIST 
2013).4 This string distance calculation is easily implemented in Stata with the user-written 
package, STRGROUP.ado, written by Julian Reif at the University of Chicago (Reif 
2012).5 This procedure requires the user to choose: (a) a string variable to be analyzed, 
(b) a new match variable to be created, and (c) a threshold, which is the maximum percentage 
of characters on which two strings may differ, under which threshold they are considered a 
match. The new match variable created is a numeric variable, where a common number is 
given to all observations (rows) in the previous string variable that are considered to be 
matches under the algorithm threshold. We provide sample code below that performs the 
strgroup function and generates a variable identifying any duplicate string observations within 
years.          

We recommend repeating this process in several rounds, gradually increasing the Levensh-
tein threshold, and manually reviewing the results after each round. The reason for gradually 
increasing the threshold through several rounds is to return a more manageable number of 
matches for manual review and verification. After manually verifying each round of matches 
suggested by the Levenshtein distance algorithm, the last step is to change matching string 
observations to a common name. This allows preservation of data from all duplicate entries. 
That is, if the matches are duplicates within a given year, then we merge them into one 
observation. 

The same process can be applied across years. If the matches are longitudinal, we change the 
common string name designation, so as to align unique observations with a common name 
across time. There is no need to combine values and drop duplicates, as these are “matches” 
rather than “duplicates” across years. The same observation appearing in multiple years is 
repetition, not duplication. 

Through a combination of human and computer-assisted string matching, and cleaning, the 
objective of this phase is to ensure the best possible data integrity. In the example of the 
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International Workers’ Association above, the two duplicate observations for 1988 would be 
merged into one, and we would have three unique observations with a common name for 
1988, 1993, and 1998. Observation 5, “Workers International” would remain as is because this 
is identified as a different organization. 

With increasing availability of textual data for analysis, string matching is becoming more 
useful and necessary. In addition to the example provided here, this procedure could also be 
used for document names, geographic locations, event descriptions, or any other variables 
for which researchers need accurate string variables without duplication. 

Types of Missing Data 

A third issue in the process of constructing a cross-national, longitudinal data set is the 
identification and designation of different types of missing data. Not all missing data is equiva-
lent. Some types of missing are what researchers traditionally think of as “missing data,” for 
example, an existing variable (such as gross domestic product [GDP]) is missing for a country 
that exists in a given year. But with cross-national, longitudinal data, there are also other types 
of missing data, including absolutely and correctly missing. Observations that exist prior to a 
country’s sovereignty, would fall into this category. 

When many scholars speak of “types of missingness,” they are referencing the “random-
ness” of missing data, such as OAR (observed at random), MAR (missing at random), and 
MCAR (missing completely at random) (Allison 2002; Little and Rubin 1989). Here, we 
create a taxonomy relevant to a missing data point’s aptness and usefulness for imputation. 
We designate three broad types of missing, defined at the observation level (observation-year, 
country-year, or observation-country-year): (1) “theoretically absolute missing,” which are 
unimputable, and must even be removed where such data exist, (2) “imputable missing,” 
which may be imputed if they meet certain criteria, (3) and “informative missing,” which 
are themselves not imputable, but may provide valuable information for the imputation of 
other data points. In some cases, we may have cause to convert missing data to nonmissing 
data through imputation, or conversely to convert nonmissing data to missing, depending on 
criteria we specify. It is important for a researcher to distinguish these types of missing. Stata 
has the ability to code missing as .a, .b, .c, and so on, and a similar scheme can be coded in R 
using categorical factor-variables. 

To understand “imputable missing,” consider INGOs. We identified four specific types of 
missing data for an INGO: 

.� .a ¼ INGO appeared in Yearbook in given year, but country members were not listed; 

.� .b ¼ INGO was listed as inactive in Yearbook in given year; 

.� .c ¼ INGO was not listed in Yearbook in the given year, but had data in other years; and 

.� .d ¼ INGO did not have members listed in any years.  

In the above list, both .a and .c org-years are “imputable missing” and could be imputed under 
certain conditions. Although missing for the observation in question, .a and .c have data patterns 
that indicate that their missingness might be an error of omission. In contrast, .b and .d orgs are 
“theoretically absolute missing” and should not be imputed. The missingness of .b and .d is 
either known to be correct or lacks any other evaluative information. 
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A third type of missing is “informative missing,” where a data point should not be imputed, 
but could provide useful information for the imputation of other observations. For example, 
consider an INGO with Ukraine listed as a member in year 1988 of our data. Though this 
membership occurs before Ukrainian sovereignty, and is absolute missing, we might want to 
consider that particular organization in a pool of potential organizations if we are imputing 
membership for Ukraine in 1993, its first year of sovereignty in our data set. In any probabilistic 
model of country-INGO membership prediction, we clearly want to give at least equal consider-
ation to organizations that had ties with the given country in other years, even if those original 
ties had to be removed for other reasons. 

In short, researchers must try to differentiate types of missing that may be considered 
“absolute” missing from those that might potentially be imputed, or useful for imputation. 
In the next section, we will discuss how we use these types of missing data in various rounds 
of imputation. 

Deciding What Missing Data to Impute 

Having defined various types of missing, the next issue is to impute data where both possible 
and theoretically appropriate. As always, this is a theoretically driven process, as we illustrate in 
an example from our INGOs imputation process. Recall that we categorized .a and .c organiza-
tions as “imputable missing” because they were clearly membership organizations that appeared 
in the Yearbook without members specified (.a orgs), or because they appeared to be an active 
organization with only a small gap in data (.c orgs). But knowing that .a missing is imputable 
does not fully determine whether a particular .a should be imputed. Therefore, in deciding 
whether to impute country members for an INGO missing as .a, we developed the following 
set of rules: 

. Country memberships were allowed to be imputed for INGOs listed in the book with-
out members .a for the first year (1950) or last year (2008) of the data if the INGO had 
at least one adjacent year of data respectively (1955 or 2003). 

.� For all other years, country memberships for the INGOs are imputed if the INGO 
had at least one preceding and one following year of data, which need not be 
adjacent.  

Our reasoning for these rules was as follows. We assume that if the INGO appeared in the 
Yearbook and had country members in other years, then its lack of listed country members in 
the given year is an anomalous error. It is most likely that the INGO simply failed to fill out 
the Yearbook membership survey that year. We are stricter with the tail ends of our data 
range, and insist on adjacent membership data, since we need to be more cautious with pro-
jecting membership backward or forward. Extrapolation is always less certain than 
interpolation. 

The point with this example is not that another researcher would face precisely the same situ-
ation in a given project, but rather to illustrate that theory is essential to making what, on the 
surface, appears to be a methodological decision. Data structures may vary, but all researchers 
constructing a large data set will need to consider the categories for which, and the criteria 
under which, they would consider imputation. 

30 REITH, PAXTON, AND HUGHES 

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 O

f 
Pi

tts
bu

rg
h]

 a
t 1

1:
45

 1
1 

A
pr

il 
20

16
 



Imputation and Data Removal Strategies 

With countless books and articles devoted to imputation (Allison 2002; Rubin 2004; Von 
Hippel 2007), we focus here on the procedures we used to impute .a missing across time using 
informative missing data. Again, the overall goal is to make theoretically informed decisions 
that lead to the best possible imputed data set. The steps we followed include: 

1. We created a 0/1 dummy variable to signify whether or not a particular country-org- 
year observation is imputable. 

2. We created a “pool” variable that listed the countries from which the imputed coun-
tries for a given INGO would be drawn. In order to be considered in the pool of 
possible countries, a country must have been a member of the INGO in the closest, 
nonmissing, previous or following year of data. 

3. We generated a mixed-effects (multilevel) Poisson prediction of the number of 
country memberships to be imputed for INGOs, interpolated based on their pre-
vious and following membership counts. So, for example, if an INGO was missing 
country members in 1983 but had 83 country members in 1978 and 85 country 
members in 1988, it is likely that the number of memberships to be imputed 
for that INGO in 1983 would be around 84. This mixed-effects model further 
incorporates the overall growth in membership counts for all INGOs into the 
prediction, and we manually set an upper limit on the predicted number of ties, 
such that it cannot exceed the maximum number of ties in that year for the most 
connected INGO, in order to ensure predictions remain within the upper bounds of 
our data. 

4. Next we generated, for each country in the pool, a predicted probability of member-
ship based on the average of five draws from a partially randomized R-Beta distri-
bution. We give countries in the pool a partially randomized probability of winning a 
coin toss and gaining membership in the INGO, which takes into account their over-
all proportion of ties (existing ties divided by possible ties) in a given year. 

5. We then rank these probabilities such that the most probable candidate in the pool is 
given a rank of 1, with increasing order denoting decreasing probability of being a 
member. 

6. Finally, we add imputed country memberships to a new variable by replacing the 
corresponding observations with 1 where the R-Beta rank is less than the ME 
Poisson number of predicted ties. Again, we were careful to add memberships only 
under precise conditions: (1) the INGO observation meets the imputation criteria, (2) 
the country is part of the selected pool, (3) the country’s beta probability ranks it 
highly enough to be included in the selected number of ties, and (4) the observation 
is not already 1 for an existing tie. This last part ensures that we add to existing ties, 
instead of overwriting them.  

Although there are some rather technical aspects to this imputation process, what we hope to 
illustrate is the necessity of devoting attention to the reasoning and justification behind the 
design of rules, criteria, and pools that go into determining which data points are imputed, 
and with what information. Sample code for this imputation process is available from the 
authors by request. 
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Data Set Versions and Samples 

The fifth issue for large data set construction entails our recommendation that researchers create 
multiple final data sets for comparative analytics. Throughout the four phases of cross-national, 
longitudinal data set construction outlined above, it has hopefully become clear that a great deal 
of informed choice goes into the construction of a final, analyzable data set. Throughout this 
process, researchers must make coding decisions that have potential influence on the shape 
of the final data set and the scientific findings that result. 

We advocate creating multiple parallel versions of the final data set in order to understand 
the effects of particular decisions or transformations. Whether these comparisons ultimately 
represent a section of a publishable academic piece, or simply a footnote, this phase is an impor-
tant part of academic transparency. It enables other researchers to know how the data they are 
using differ from the raw data, and to potentially alter the data in other ways. 

Examples of possible versions include: (1) unimputed vs. imputed versions, allowing diag-
nostic checks on the imputation procedure, (2) all countries vs. a version including only coun-
tries with over 1 million in population, allowing assessment of the potential outside influence of 
small countries, economies, and legislatures, (3) a sample that allows the number of countries to 
vary over time vs. constant sample versions, which include only countries that were constantly 
present throughout a given time period. For example, in our project we created a constant 1978 
sample that contains only the 124 sovereign countries with population greater than 1 million 
that existed during every year from 1978 through 2008, thus excluding countries that entered 
or exited during this period. 

The reasons for creating these data sets vary, but each comparison stands to reveal some-
thing about our underlying data and/or our coding decisions. Diagnostically, what is the effect 
of imputation on results? Does the inclusion of tiny countries such as Liechtenstein, Tuvalu, 
and Andorra change findings? Is there a systemic effect due to the rapid entry and exit of a 
number of countries in the world system? In other words, do certain observable trends 
strengthen or weaken when we focus only on durable countries? These are only some of 
the types of questions that can be asked and answered by analyzing models on more than 
one version of a data set. Ultimately data set builders should provide, at a minimum, both 
the raw and transformed or “final” version of their data sets, in order for other researchers 
to be able to make their own coding decisions or comparisons. With all of the benefits of 
“big data” there is also a major potential downside if the process of data set construction 
remains a mystery to other researchers wishing to use the data. Providing the raw data and 
extensive details on coding decisions will help mitigate this, and will help leave a digital 
paper trail of the important role of social scientists in converting large amounts of data into 
knowledge, while identifying potential sources of bias. 

THE NEED FOR SPEED: TECHNICAL AND TECHNOLOGICAL CONSIDERATIONS 

In the previous sections in this article we avoided opening a Pandora’s box of technical and 
technological considerations too widely, in order to offer more general insights into the theor-
etical and methodological issues and strategic decisions that are part of the construction of a 
large, longitudinal, cross-national data set. But historical advances in hardware and software 
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are part of both the problem and solution to many of the issues of “big data.” Indeed, we faced 
bottlenecks at a number of stages in this process due to the sheer size of a longitudinal data set 
with more than 12 million country-org-year observations.6 We overcame these through a mix-
ture of hardware and software solutions. General hardware solutions include using more RAM 
(random access memory), more or faster processors, faster solid state hard drives, cloud com-
puting, or remote work on university servers or super-computers. Software solutions include 
removing unneeded variables or observations and compressing the format to reduce the size 
of the data set, optimizing code, using parallelization to take advantage of multiple processors, 
using alternative languages or programs (i.e., Stata, R, or Cþþ), and employing command-line, 
batch processing to reduce graphical memory usage. 

CONCLUSIONS 

In this article we shared some of the behind-the-scenes trials and tribulations as well as the theor-
etical thinking that goes into the construction of a cross-national, longitudinal, network data set. 
First, we addressed sets of issues related to data merging of countries and string variables. We 
outlined steps researchers can follow to ensure sample consistency over time in the presence of 
(geographic) country name changes, country splits, reunifications, and annexations. We also 
described how researchers might use a combination of “fuzzy string matching” and human verifi-
cation to match and de-duplicate string variables that are coded in slightly different ways over time. 
Next, we focused on concerns related to missing data. We suggested that researchers should be 
attentive to differences in the types of missing data, as those differences should inform whether 
and how to impute missing values. We also provide a list of steps for how to impute longitudinal 
data in a theoretically informed way. Finally, we made the case that researchers need to try to under-
stand how their coding and cleaning choices could affect their findings. By creating multiple data 
sets using different coding distinctions and running the same models across each, researchers can be 
more certain that their research findings are driven by substance rather than coding decisions. 

The larger concern is the recognition that the minutiae of methodological coding decisions 
can have an outsized influence on empirics, a problem not limited to studies of politics. The 
social sciences broadly speaking have been criticized for their inability “to replicate some of 
the foundational studies in their constituent disciplines” (Winerman 2013) or for making non-
replicable modeling choices (Leamer 1983). In this context, big data offers both opportunities 
and challenges. On the one hand, “lots more data” has generated obvious enthusiasm among 
social scientists about the possibilities of testing prevailing paradigms and theories with vast, 
untapped sources of data (Mayer-Schönberger and Cukier 2013). On the other hand, analysis 
of large-n data sets generally entails great statistical power with significance tests that are very 
sensitive to deliberate “p hacking” (Simonsohn, Nelson, and Simmons 2014), or even coding 
errors or misinterpretation, since “big data drives sampling error toward zero but does not 
reduce other errors associated with inferences drawn from a sample” (Nagler and Tucker 
2015: 84). In this article, we offered one possible response to some of the critiques about 
“the lack of theory driving much of the work” (Hargittai 2015: 64). We suggest that scholars 
should indeed think more theoretically about how they approach big data, especially in the 
stages of collection and construction of data sets. Because big data do not speak for themselves, 
researchers may find different results depending on decisions about data collection, sampling 
frames, filtering, reducing, aggregating, and data set assembly (González-Bailón 2013). 
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The issues, steps, and broader “decision tree” we describe are only exemplary, and are more 
iterative than the simple bullet points and lists described here. They may also differ depending 
on the particular data set in question. Nonetheless, we believe this demonstration offers a useful 
example, and highlights some issues of concern to other scholars building similar cross- 
national, longitudinal data sets. 

While it is impossible to give advice applicable to all other specific projects, we make two final 
general recommendations: (1) it is important to carefully consider each and every coding choice 
along the path of large data set construction; and (2) it is equally important to communicate such 
choices to other researchers transparently, in order to allow a range of diagnostics and analytics and 
the ultimate development of scientific knowledge about cross-national, longitudinal processes. 
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NOTES  

1. Issues of longitudinal case consistency occur for geographic data sets of all types. It can be more difficult at the 
subnational level where less information is available on redistricting and historical name changes, and map data may not 
be available for all such changes.  

2. Countries can change without a name change. This may lead to different ID codes for the same named country 
over time. For example, Ethiopia has a separate United Nations ID code before and after the creation of Eritrea. We 
provide a variety of country identifiers in appendix Table A1, which may be useful to researchers working with various 
cross-national data sources.  

3. For example, the “International Organization for the Promotion of Work” was listed by its French name, as the 
“Union internationale pour la promotion du travail” in some years. In fact, for the sake of uniformity, it is preferable to 
choose either British or U.S. English and convert all spellings to one or the other.  

4. Set of hierarchically related strings, with “parent” and “child” nodes, and just one “root” node.  
5. For researchers who prefer R, the stringdist package is nearly as simple and even more flexible than the 

STRGROUP package for Stata (Van der Loo 2014).  
6. Based on the definition of Monroe et al. (2015), the data and the analyses discussed in this article are “big” in 

several senses. First, they were manually gathered by a team of researchers through a painstaking process of more than 
two years of coding large amounts of membership data from dusty library volumes. Second, the network dimensions of 
these data imply a much larger data set than simple count data for country-INGO memberships. Third, assembling and 
analyzing this data set required manipulation of hundreds of thousands or millions of observations, and tens of thou-
sands of string observations. Some bipartite network analyses of the final membership matrixes entailed computations 
with so many millions of factorial combinations that they required programming genetic algorithms to optimize the fit 
of solutions, or outsourcing R analyses to external Cþþ code. 
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APPENDIX   

TABLE A1 
Country Births, Deaths, Alterate Names and IDs 

Country 
Start 
Sov 

End 
Sov UNID 

COW 
ID Alternate Names  

Afghanistan 1919  4 700  
Albania 1912  8 339  
Algeria 1962  12 615  
Andorra 1993  20 232  
Angola 1975  24 540  
Antigua and Barbuda 1981  28 58  
Argentina 1816  32 160  
Armenia 1991  51 371  
Australia 1901  36 900  
Austria 1156  40 305  
Azerbaijan 1991  31 373  
Bahamas 1973  44 31  
Bahrain 1971  48 692  
Bangladesh 1971  50 771 East Bengal (1947–1955); East Pakistan (1955–1971) 
Barbados 1966  52 53  
Belarus 1991  112 370  
Belgium 1830  56 211  
Belize 1981  84 80  
Benin 1960  204 434 Dahomey 
Bhutan 1949  64 760  
Bolivia 1825  68 145  
Bosnia and 

Herzegovina 
1992  70 346  

Botswana 1966  72 571  
Brazil 1822  76 140  
Brunei Darussalam 1984  96 835  
Bulgaria 1908  100 355 Balgarija; Republika Bulgariya 
Burkina Faso 1960  854 439 Upper Volta (through 1984) 
Burundi 1962  108 516  
Cambodia 1953  116 811 Democratic Kampuchea; Kampuchea;  

Khmer Republic (1970–75) 
Cameroon 1961  120 471  
Canada 1867  124 20  
Cape Verde 1975  132 402 Cabo Verde 
Central African 

Republic 
1960  140 482 CAR/C.A.R. 

Chad 1960  148 483 Bornu (precolonial) 
Chile 1810  152 155  
China � 221  156 710 People’s Republic of China (PRC) 
Colombia 1810  170 100  
Comoros 1975  174 581 Comoro Islands 
Congo 1960  178 484 Congo-Brazzaville; French Congo; Middle      

Congo; Republic of the Congo 
Costa Rica 1821  188 94   

(Continued) 
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TABLE A1 
Continued 

Country 
Start 
Sov 

End 
Sov UNID 

COW 
ID Alternate Names 

Croatia 1991  191 344  
Cuba 1902  192 40  
Cyprus 1960  196 352  
Czech Republic 1993  203 316  
Czechoslovakia 1918 1992 200 315  
Democratic Republic 

of the Congo 
1960  180 490 Belgian Congo; Congo-Kinshasa; DRC;  

Zaire (1971–97) 
Denmark 1849  208 390  
Djibouti 1977  262 522  
Dominica 1978  212 54  
Dominican Republic 1844  214 42  
East Timor 2002  626 860 Timor L’este/Timor Leste 
Ecuador 1822  218 130  
Egypt 1922  818 651 United Arab Republic/UAR/U.A.R. (1958–1971) 
El Salvador 1821  222 92 San Salvador 
Equatorial Guinea 1968  226 411 Spanish Guinea 
Eritrea 1993  232 531  
Estonia 1991  233 366  
Ethiopia 1896  231 530 Abyssinia 
Fiji 1970  242 950 Fiji Islands 
Finland 1917  246 375  
France 486  250 220  
Gabon 1960  266 481  
Gambia 1965  270 420  
Georgia 1991  268 372  
German Democratic  

Republic 
1949 1990 278 265 East Germany; German Democratic Republic (GDR) 

German Federal  
Republic 

1949 1990 280 260 Federal Republic of Germany (FRG); West Germany 

Germany 1990  276 255 Deutsches Reich; Deutschland* 
Ghana 1957  288 452 Gold Coast 
Greece 1829  300 350  
Grenada 1974  308 55  
Guatemala 1821  320 90  
Guinea 1958  324 438 French Guinea 
Guinea-Bissau 1974  624 404 Portuguese Guinea 
Guyana 1966  328 110 British Guiana 
Haiti 1804  332 41  
Honduras 1821  340 91  
Hungary 1848  348 310  
Iceland 1944  352 395  
India 1947  356 750  
Indonesia 1945  360 850  
Iran 0  364 630 Persia; The Islamic Republic of Iran 
Iraq 1932  368 645 Portuguese Timor 
Ireland 1921  372 205   

(Continued) 
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TABLE A1 
Continued 

Country 
Start 
Sov 

End 
Sov UNID 

COW 
ID Alternate Names 

Israel 1948  376 666 Palestine (until 1948) 
Italy 1861  380 325  
Ivory Coast 1960  384 437 Cote d’Ivoire; Côte d’Ivoire 
Jamaica 1962  388 51  
Japan � 660  392 740 Nippon 
Jordan 1946  400 663  
Kazakhstan 1991  398 705  
Kenya 1963  404 501  
Kiribati 1979  296 946  
Kuwait 1961  414 690  
Kyrgyzstan 1991  417 703 Kyrgyz Republic 
Laos 1953  418 812 Lao 
Latvia 1991  428 367  
Lebanon 1943  422 660  
Lesotho 1966  426 570  
Liberia 1847  430 450  
Libya 1951  434 620 Libyan Arab Republic; Libyan Arab Jamahiriya 
Liechtenstein 1806  438 223  
Lithuania 1991  440 368  
Luxembourg 1839  442 212  
Macedonia 1991  807 343 Former Yugoslav Republic of Macedonia (FYROM) 
Madagascar 1960  450 580  
Malawi 1964  454 553 Nyasaland 
Malaysia 1957  458 820 Federated Malay States; Federation of Malaya 
Maldives 1965  462 781 Maldive Islands 
Mali 1960  466 432 Sudanese Republic (1958–60) 
Malta 1964  470 338  
Marshall Islands 1986  584 983  
Mauritania 1960  478 435  
Mauritius 1968  480 590  
Mexico 1810  484 70  
Micronesia 1986  583 987 Federated States of Micronesia 
Moldova 1991  498 359 Republic of Moldova 
Monaco 1419  492 221  
Mongolia 1921  496 712 Mongolia People’s Republic 
Montenegro 2006  499 341  
Morocco 1956  504 600  
Mozambique 1975  508 541  
Myanmar 1948  104 775 Burma (through 1989) 
Namibia 1990  516 565  
Nauru 1968  520 970  
Nepal 1768  524 790  
Netherlands 1579  528 210  
New Zealand 1907  554 920  
Nicaragua 1821  558 93  
Niger 1960  562 436  
Nigeria 1960  566 475  
North Korea 1948  408 731   

(Continued) 
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TABLE A1 
Continued 

Country 
Start 
Sov 

End 
Sov UNID 

COW 
ID Alternate Names 

Norway 1905  578 385  
Oman 1650  512 698  
Pakistan 1947  586 770  
Palau 1994  585 986  
Panama 1903  591 95  
Papua New Guinea 1975  598 910  
Paraguay 1811  600 150  
Peru 1821  604 135  
Philippines 1946  608 840  
Poland 1918  616 290  
Portugal 1640  620 235  
Qatar 1971  634 694  
Romania 1878  642 360  
Russia 1991  643 365 Russian Federation; Soviet Union; see USSR 
Rwanda 1962  646 517  
Saint Kitts and Nevis 1983  659 60 St. Kitts-Nevis; St. Kitts 
Saint Lucia 1979  662 56 Santa Lucia 
Saint Vincent and the 

Grenadines 
1979  670 57 St. Vincent 

Samoa 1962  882 990 Western Samoa 
San Marino 301  674 331  
Sao Tome and 

Principe 
1975  678 403 Sao Tome e Principe 

Saudi Arabia 1932  682 670  
Senegal 1960  686 433 Part of Senegambia confederation (1982–89) 
Serbia 1992 2006 688  See Yugoslavia 
Serbia and 

Montenegro 
1992  891  See Yugoslavia 

Seychelles 1976  690 591  
Sierra Leone 1961  694 451  
Singapore 1965  702 830  
Slovakia 1993  703 317 Slovak Republic 
Slovenia 1991  705 349  
Solomon Islands 1978  90 940  
Somalia 1960  706 520  
South Africa 1910  710 560  
South Korea 1948  410 732 Republic of Korea (ROK) 
Spain 1492  724 230  
Sri Lanka 1948  144 780 Ceylon (through 1972) 
Sudan 1956  736 625  
Suriname 1975  740 115  
Swaziland 1968  748 572  
Sweden 1523  752 380  
Switzerland 1291  756 225  
Syria 1946  760 652 United Arab Republic (with Egypt, 1958–1961); Syrian 

Arab Republic 
Tajikistan 1991  762 702   

(Continued) 
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TABLE A1 
Continued 

Country 
Start 
Sov 

End 
Sov UNID 

COW 
ID Alternate Names 

Tanzania 1964  834 510 German East Africa; Tanganyika (1920–64); United 
Republic of Tanzania 

Thailand 1238  764 800  
Togo 1960  768 461  
Tonga 1970  776 955  
Trinidad and Tobago 1962  780 52 Trinidad 
Tunisia 1956  788 616  
Turkey 1923  792 640 Ottoman Empire 
Turkmenistan 1991  795 701  
Tuvalu 1978  798 947  
Uganda 1962  800 500  
Ukraine 1991  804 369  
United Arab Emirates 1971  784 696  
United Kingdom 1066  826 200 U.K.; Great Britain; United Kingdom of Great Britain 

and Northern Ireland (1927þ) 
United States of 

America 
1776  840 2 US/U.S./United States; USA/U.S.A. 

Uruguay 1825  858 165  
USSR 1922 1991 810  Union of Soviet Socialist Republics/CCCP 
Uzbekistan 1991  860 704  
Vanuatu 1980  548 935 New Hebrides (through 1980) 
Venezuela 1811  862 101  
Viet Nam 1976  704  Democratic Republic of Vietnam (DRV)/North 

Vietnam (until 1975); Viet Nam 
Viet Nam 

(Democratic 
Republic of) 

1954 1975 7041 816 See Viet Nam 

Viet Nam (Republic 
of) 

1954 1975 7042 817 Republic of Vietnam (RVN); South Vietnam 

Yemen 1990  887 679 Al-Yaman 
Yemen (Arab 

Republic) 
1918 1990 886 678 North Yemen 

Yemen (People’s 
Democratic 
Republic of) 

1967 1990 720 680 People’s Democratic Rep. of Yemen; South  
Yemen 

Yugoslavia 1918 1991 890 345 Serbia (pre-1919 and 2006þ); Serbia & Montenegro 
(1990s) 

Zambia 1964  894 551 Northern Rhodesia 
Zimbabwe 1980  716 552 Rhodesia (through 1980); Southern Rhodesia 

Sources: Hensel 2013 and Paxton, Hughes, and Green 2006. 
Note: This table contains country information for the period 1950 to 2008. For official country names, more rare in 

cross-national resarch, see http://www.un.int/protocol/documents/Officialnamesofcountries.pdf. 
*Many scholars consider Prussia (Preussen) to be the predecessor of Germany before unification (Hensel 2013).   
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