
Language Models in Sociological Research: An

Application to Classifying Large Administrative Data

and Measuring Religiosity
⇤

Je↵rey L Jensen† Daniel Karell‡ Cole Tanigawa-Lau§

Nizar Habash¶ Mai Oudahk Dhia Fairus shofia Fani⇤⇤

June 29, 2021

Keywords:

Language model; Classification; Administrative data; Religiosity; Indonesia

⇤The first three authors equally share lead authorship and are listed alphabetically. We thank Blaine
Robbins and our team of Indonesian research assistants.

†Division of Social Science, New York University Abu Dhabi, Abu Dhabi, UAE; je↵rey.jensen@nyu.edu
‡Corresponding Author. Department of Sociology, Yale University, 493 College Street, New Haven,

Connecticut, 06511, USA; daniel.karell@yale.edu
§Department of Political Science, Stanford University, USA; coletl@stanford.edu
¶Division of Science, New York University Abu Dhabi, Abu Dhabi, UAE; nizar.habash@nyu.edu
kDivision of Science, New York University Abu Dhabi, Abu Dhabi, UAE; mai.oudah@nyu.edu

⇤⇤Independent Researcher; dhiafsfani@gmail.com



Abstract

While computational methods have become widespread in the social sciences, probabilis-

tic language models have been relatively underutilized. We introduce language models to

a general social science readership. First, we o↵er an accessible explanation of language

models, detailing how they predict a piece of language, such as a word or sentence, based

on the linguistic context. Second, we apply language models in an illustrative analysis to

demonstrate the mechanics of using these models in social science research. The example

application employs language models to classify names in a large administrative database;

the classifications are then used to measure a sociologically important phenomenon—the

spatial variation of religiosity. This application highlights several advantages of language

models, including their e↵ectiveness in classifying text that contains variation around the

base structures, as is often the case with localized naming conventions and dialects. We

conclude by discussing language models’ potential to contribute to sociological research

beyond classification through their ability to generate language.
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1. Introduction

Probabilistic language models are well-known in computational linguistics (Jurafsky and

Martin 2019) and familiar to anyone using tools for speech recognition, automated

spelling and grammatical correction in word processing applications, and the automatic

completion of email messages. However, they remain relatively uncommon in social sci-

ence research. For example, a search in November 2020 for the bigram term “language

model” in articles published in American Sociological Review, American Journal of Soci-

ology, Social Forces, Sociological Methodology, and Sociological Methods & Research did

not return any references to probabilistic language models (hereafter, LMs).1

In this paper, we help introduce LMs to a general social science audience. To do so,

we begin by o↵ering a non-technical, accessible explanation of LMs. Then, we illustrate

in detail the mechanics and utility of LMs through two related tasks common in social

science research: first, the classification of a large volume of data, which, in our case, are

names in an administrative database; second, the use of the classified data to measure a

sociological concept, such as religiosity.2

We selected our example application for two related reasons. First, the increasing

availability of large administrative databases provides promising new opportunities for

quantitative analyses of data-scarce settings. For instance, in contexts in which individ-

uals’ names signal an identity marker (e.g., race, ethnicity, religiosity), classifying the

names in an administrative database into identity groups can shed light on a setting’s

group-level social composition (e.g., Grofman and Garcia 2014; Harris 2015; Susewind

2015; Enos 2016; Imai and Khanna 2016; Hofstra and de Schipper 2018; Abramitzky

et al. 2020). Yet, the full potential of administrative databases is sometimes attenuated

by the information they contain. For example, if values of a variable, such as names, can

appear in varying and unexpected ways—say, “Mustafa” and “Mustofa”—machine learn-

ing classification methods commonly used by social scientists may struggle to produce

accurate classifications.

This challenge leads to our second reason for introducing LMs with a name-classification
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task: it highlights a distinguishing feature of LMs. From data, they learn patterns of lan-

guage use, such as how specific characters form types of words or particular words form

types of phrases. Then, they estimate the probability of linguistic units (e.g., words,

phrases, or sentences) in a corpus. These probabilities can be used to predict the next

chunk of language in a sequence, as in messaging apps’ auto-complete function, as well as

for classification. Indeed, our illustrative analysis shows that estimating the probabilities

of linguistic units conditional on their context can e↵ectively classify larger units, such as

using characters to classify words, particularly when the larger units vary around a base

form (e.g., “Mustafa”, “Mustofa”).

The illustrative analysis begins with using LMs to classify all names from an Indone-

sian administrative database as having an Arabic linguistic origin or not. A large body

of research has shown that individuals’ names can signal meaningful demographic char-

acteristics and features of identity, such as age, class, gender, and race (e.g., Lieberson

and Mikelson 1995; Bertrand and Mullainathan 2004; Sue and Telles 2007; Gerhards

and Hans 2009; Olivetti and Paserman 2015; Goldstein and Stecklov 2016; Gaddis

2017a;b; Johfre 2020). This scholarship, in turn, draws on the insight that given names

are selected through meaningful cultural processes unfolding in relation to social context

(e.g., Zelinsky 1970; Alford 1987; Lieberson and Bell 1992; Lieberson 2000; Elchardus

and Siongers 2011; Seguin et al. 2021). For example, giving the name “Mary” to a child

born in a small Christian community located in a predominantly Muslim country pro-

vides telling information about the parents’, community’s, and, likely, child’s culture and

beliefs. By the same logic, “Mary” provides less informative signals in an Anglophone,

predominantly Christian context.

In our case, we analyze full names in an original database of administrative records

comprising over a million residents in the Indonesian regency of Indramayu, an area of

West Java that is home to approximately 1.7 million residents. In Indramayu, nearly

all residents are culturally Muslim, but their names have origins in various languages,

primarily Javanese and Indonesian (Bahasa). Hence, in this setting, the choice of parents

to give their child an Arabic name, rather than a name from the regional Javanese or
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Indonesian linguistic groups, signals that the parents held strong religious beliefs since

Arabic is tightly coupled with Islam (Kuipers and Askuri 2017). Moreover, if the Arabic

name invokes a name from the Quran, the Islamic holy book, it suggests a more intense

degree of religiosity.

After classifying names as having Arabic or another origin (e.g., Javanese, Indonesian)—

and, if Arabic, quantifying how similar they are to Quranic names—we use the classi-

fications to construct a fine-grained measure of geographic variation in religiosity. This

extension beyond classification helps us fully demonstrate the usefulness of LMs for social

science research. To create the religiosity measure, we link the classified names to residen-

tial addresses. We then use the spatially-located names to calculate the degree of Islamic

religiosity across Indramayu at various levels of geographic aggregation. Finally, we con-

duct supplementary analyses using two other other databases, another administrative

record capturing residents’ religious behavior and a government registry of enrollment in

religious schools, to evaluate the validity of the measure.

Our introduction and application of LMs have a number of other features worth high-

lighting. First, they expand social scientists’ tool-kit for computational text analysis

methods. While LMs fit computational social science’s (largely) inductive approach of

“sequential and iterative inferences” (Grimmer et al. 2021: 396; see also Nelson 2020;

2021), their advantages di↵er from more common methods. For example, whereas soci-

ologists typically use another way to model language, word embeddings, to identify focal

words’ synonyms or syntactic variants and then use these to infer meaning (e.g., Kozlowski

et al. 2019; Stoltz and Taylor 2019; 2021), LMs provide the probabilities of linguistic

units—which can be words, but also characters, phrases, or sentences—appearing in par-

ticular contexts. Social scientists can use these probabilities for classification, which can

outperform familiar machine learning (ML) methods in certain cases, such as when using

short texts, when linguistic units exhibit small variations around base forms (e.g., when

working with dialects and related languages), and when the subunits of larger units o↵er

important information (e.g., characters’ relations to words, words’ relations to phrases).

Social scientists can also use LMs’ estimated probabilities to generate language, or predict
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a linguistic unit given a sequence of text. We do not examine this application here, but

in the final section of this paper we briefly discuss the potential usefulness of LMs’ gen-

erated language for sociological research, including vignette experiments and the formal

analysis of culture.

Second, we contribute to the body of research showing how to exploit the increasing

availability of voluminous highly detailed individual-level administrative data, which is

driven in part by digitization e↵orts and digital record keeping. This is particularly

important in data-scarce environments where few surveys exist and are expensive to

administer, and government-provisioned public databases are limited or of poor quality.

Specifically, the illustrative analysis shows that administrative databases can be sources

of revealed preferences, and potentially lead to less measurement error than often occurs

when surveys ask subjects questions of a sensitive nature.3,4

Another advantage of our application is that it scales very inexpensively. Surveys

with representative samples are both expensive per observation and di�cult to acquire

at low levels of geographic aggregation (e.g., county-level representative surveys in the

United States). Given the increasing availability of administrative data across the world,

we provide an economical method—especially as the number of observations rises—for

measuring attitudes and beliefs at various levels of spatial or administrative aggregation.

For example, our research setting, Indramayu Regency, has four sub-regency administra-

tive levels; we can generate continuous measures of religiosity for each one after discerning

the religiosity of individual names. This is noteworthy because the lowest administrative

level, the Rukun Tetangga, has more than 10,000 units in Indramayu, each comprising,

on average, approximately only 100 adult residents.

A third contribution is that our example application advances the literature analyzing

and using names as signals of attitudes, beliefs, and non-lineage based identity. In par-

ticular, it demonstrates how to construct an “unobtrusive” (Webb et al. 2000) measure

of the “sensitive and intricate” domain of religious belief and practice (Finke and Bader

2017: 3), which can complement standard survey-based indices.5 Recent research has

demonstrated the potential for names to capture religious group composition when each
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name is already linked to a religion (Susewind 2015). Expanding this work, our analysis

demonstrates how LMs are helpful when researchers are starting only with names—which

unexpectedly vary in spelling—and knowledge of the social context.

Finally, our illustrative analysis demonstrates how names can be used in various kinds

of social science studies. For instance, Arabic and Quranic names can help measure re-

ligiosity not only in Indonesia, but also in other non-Arabic Muslim populations (e.g.,

Albania, Bangladesh, Bosnia, Malaysia, Pakistan, Turkey, the Caucasus, Central Asian

countries). Indeed, our approach could be used when studying any population in which

group members give their children distinctive names to signal membership (e.g., Fryer

and Levitt 2004). In addition, the analysis shows how culturally-significant artifacts con-

taining “dictionaries” of names, such as spiritual texts and canonical works of literature,

can act as tools for gleaning insights into names and attitudes, beliefs, and identity.

In the next section, we explain LMs and further discuss their applicability to social

science research. In the subsequent section, we present our illustrative analysis. We

begin this subsequent section by introducing the LMs that allowed us to classify names

based on how they evoke religion. Then, we explain how we used these values to estimate

geographic variation in the incidence of religiosity and religious intensity across each of

these administrative districts in the Indramayu Regency. We end the paper with a brief

review of a preliminary comparison of ML methods and LMs, as well as a discussion of

LMs’ usefulness for a range of sociological research.

2. Language models

Language models estimate the probability of a piece of text—characters, a word, or a

string of words—given the context (Brants et al. 2007; Mikolov et al. 2010; Jurafsky

and Martin 2019). Doing this can be relatively simple. Estimating the probability of a

word, w, given a sequence of words, s, or P (w|s), can be accomplished by counting the

number of times w follows s in a corpus and dividing the sum by a count of s. However,

relative frequency calculations quickly run into challenges. For instance, new sequences

of words are continuously created so if we are interested in P (w|s0), there may be little or
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no data on how w and s0 are related. In addition, for large corpora, estimating the joint

probability of a sequence of words, s00, can be resource intensive because the count of s00

instances must be divided by the number of all possible sequences of the same length as

s00. A common strategy for handling these challenges is to use the Markov assumption

to estimate the next character, word, or string of words given only the recent history

(Jurafsky and Martin 2019). From here, LMs can become increasingly sophisticated,

such as by building them on recurrent neural networks, but the fundamental logic remains

the same: LMs estimate the probability of a piece of language based on the present pieces

of language.6

Using LMs for classification, as we do in our example application, generally proceeds

in two stages. First, as with most ML approaches, a training set is used to develop,

or train, an LM for each class of interest. In our analysis, the training set is a sample

of names from Indramayu’s complete database of registered voters that a team of local

research assistants labeled by class—whether a name is of Arabic origin (Arabic) or of

non-Arabic origin (Other). One of our LMs uses the Arabic labeled subset to model

the probability of an Arabic name using its sequence of characters; the other LM does

the same for the Other subset.

The second stage commonly involves using the LM’s calculation of probability to

determine a classification. The widespread practice is to use perplexity. For example,

given an input name of unknown class, the LM trained for Arabic origin names examines

the sequence of characters in the name and assigns a probability to whether that character

sequence is “spelling out” a name belonging in the Arabic class. Similarly, the LM

trained for non-Arabic origin names examines the sequence of characters in the name and

assigns a probability to whether that sequence is generating a name in the Other class.

Then, each prediction’s perplexity score—the inverse probability of, in this example, the

name, normalized by the number of characters in the name—can be compared to discern

the better prediction (Gamallo et al. 2017; Jauhiainen et al. 2017; Ramisch 2008;

Vatanen et al. 2010). In other words, since minimizing the perplexity is the same as

maximizing the probability, the LM assigning the lowest perplexity score to its prediction
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is typically considered superior, and (in our case) the name is assigned the LM’s class

label, Arabic or Other.7

There are two aspects of this process that warrant elaboration and highlight use-

ful properties of LM approaches. First, LMs can be used for multi-class classification by

employing multiple models, each focused on linguistic units’ similarity with a distinct cat-

egory. In studies with two classes, this can help address research design questions. Recall

that in our illustrative example, we have two classes of interest, Arabic and Other.

With the LM approach, we could have built a single model that made predictions for

the Arabic class. Then, whenever the predictions’ perplexity scores passed a threshold,

we would have assigned the Arabic label; when the scores were under the threshold,

we would have assigned Other. Yet, while this design is intuitive, it raises questions.

What determines a valid threshold? What if we had more than two classes? Are origins

of names (and other features of linguistic units) best conceptualized as exclusive? That

is, what if it is useful to know how much a name evokes an Arabic origin and how much

it (concurrently) evokes another origin, which, in our case, would usually be Indonesian

or Javanese?

One way to address such questions is to take advantage of the LM approach to build

one model per class, as we do. This way, researchers would no longer be examining how

probable a linguistic unit is to be in a particular class, but rather how probable the lin-

guistic unit is to appear in each class. In our case, the multi-class ability of LMs would

allow us to discern how similar a name is to names of Arabic origin and, at the same

time, how similar the name is to names of Indonesian or Javanese origin. The design is

extendable to any number of classes—a useful property for multi-ethnic or multi-racial

settings—and helps avoid the selection of thresholds determining a dichotomous classi-

fication. Instead, researchers can simply select the strongest prediction by comparing

perplexity scores, or they can incorporate information on the strength of each class’s

prediction into their analyses to shed light on membership in multiple or overlapping

groups.

The second aspect warranting elaboration is that the estimation of probability and
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perplexity-based classification can be combined with a simpler and more familiar dictio-

nary technique. That is, classification can start by performing “look-up”, or simply check-

ing if the linguistic unit to be classified appears in the training data (i.e., “in-vocabulary”,

or INV). If it does, it can be assigned its (usually human-generated) label. Then, for the

remaining linguistic units—those not in the training set, or “out-of-vocabulary” (OOV)—

the perplexity-based classification method can be used to impute labels. In addition to

being conceptually straightforward, beginning with the dictionary technique is computa-

tionally e�cient.

In sum, the LM approach to classification requires researchers to accomplish three

tasks: (a) compile a list of labeled data; (b) use the labeled data in a dictionary ap-

proach; and (c) build and refine the models to classify unknown cases, which involves

tuning hyperparameters, such as the n-gram length, or the number of characters in a se-

quence the models should consider to make the best predictions. The illustrative analysis

demonstrates the details involved in accomplishing these tasks.

3. Example application: Language model classification

We demonstrate the mechanics and utility of LMs by using names from an administra-

tive database to construct a measure of spatial variation in religiosity. Specifically, the

example application draws on data from the Indonesian regency of Indramayu, classifies

Indramayu residents’ names as having an Arabic origin or an origin in another language

with character n-gram LMs (as well as calculations of its “Quranic-ness”), and links the

classifications to spatial locations.

This illustrated approach can be especially useful in environments in which government-

provided data is scarce, administrative data is available, and names can provide important

information on group compositions. Yet, there are other important context-specific fac-

tors that should be considered. The accuracy of our measure increases (or decreases) as:

(a) the signal of the name is less (more) noisy, (b) the intergenerational transmission of

these attributes (e.g., beliefs, attitudes) rises (falls), and (c) the more (less) likely parents

and children are to reside in the same relevant administrative area. Researchers should
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consider these factors when determining whether it is appropriate to use this methodology

to measure an attribute conveyed by given names, such as ethnicity, race, or religiosity.

3.1. Empirical case: Indramayu Regency, Indonesia

In Indonesia, a country of more than 260 million people and 17,000 islands, a regency

is the second highest administrative level (below a province). Indramayu, part of West

Java, the country’s most populous province, is less than 200 kilometers from Jakarta (the

capital), Bekasi, and Bandung, three of the four largest cities in Indonesia. Yet, despite

its proximity to these major urban centers, it is poorer and more rural than the average

regency in Indonesia. Since 99% of the regency is Muslim, our database on individuals

residing in Indramayu consists nearly entirely of Indonesians identified as Muslims.8

While naming conventions in Indonesia vary by geography and ethnicity, most Indone-

sian names do not include a family name. Instead, full names, which commonly contain

two to four single names (e.g., “Abdul Hamid bin Mustofa”), usually include only given

names, one of which is often derived from a name in a person’s father’s full name. Both

these “inherited” given single names and the other given single names typically reflect the

parents’ cultural, ethnic, and religious identities, kinship, or geographic locations. For

example, particular spellings, such as ending a single name with an “o”, often indicates

a Javanese male name (Uhlenbeck 1969). The small minority of Christians will often

give their children names from the Bible (e.g., Mary, John). Parents with a globalized

orientation sometimes opt to give a name evocative of “Western” culture (Kuipers and

Askuri 2017).

Despite the prevalence of Islam, especially in West Java, and the importance of names

in Islam,9 giving a child an Arabic or Quranic name is far from ubiquitous among Indone-

sian Muslims. Arabic names, however, are associated with Islam. They signal Muslim

piety (Kuipers and Askuri 2017) in a country where ethnic and cultural identities remain

strong and compete with religious identities (Pepinsky et al. 2018).10 It is this signal

given by Arabic (and Quranic) names that we use to construct a measure of religiosity.
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3.2. Overview of data

Our data on Indramayu’s residents come from the complete list of registered voters as

of the 2015 elections, procured after a formal request to the Committee of Elections

of Indramayu Regency.11 In Indonesia, all individuals are automatically registered to

vote if they are eligible to vote and have the national identity card, the Kartu Tanda

Penduduk (KTP). As a result, the database omits three kinds of people who might have

been residing in Indramayu. First, individuals who correctly do not have the KTP,

such as children and foreigners.12 Second, individuals who should have the KTP but do

not. Consisting primarily of immobile and extremely impoverished residents, this group

is estimated to be a very small minority. Not only is the KTP required for voting, it

is critical to access all public services in Indonesia, including public housing and other

anti-poverty programs (OECD 2019). Lastly, this database omits adults who live in

Indramayu but are registered to vote in a di↵erent regency. We expect this population

to also be very small because Indramayu experiences little in-migration.13 Thus, we are

confident that the registered voter database, containing the full person names for more

than 1.3 million individuals, is a nearly complete record of adult residents of Indramayu.

In addition to individuals’ full names, this registered voter database provides each per-

son’s residential street address. The address information allows us to place individuals

within Indramayu’s various sub-regency administrative boundaries (i.e., district (Keca-

matan), village (Desa), sub-village (Rukun Warga, or RW) and even residential block

level (Rukun Tetangga, or RT)). The database includes 30 districts, 298 villages, 2,380

RWs and 10,192 RTs. The ultimate goal of our example analysis is to create a measure

resembling those commonly used in social science research. To do so, we will obtain

values of religiosity for each of these administrative levels using the LM-classified names

and addresses of the residents.
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3.3. Data selection and annotation

The voter registry contains 1,314,707 full names (513,527 unique full names), ranging in

length from one single name to a sequence of 12 single names (e.g., “Abdul”, “Abdul

Hamid bin Mustofa”). In order to increase the size of the data used to train and evaluate

our LMs, we supplemented this main list of names with a roster containing 72,691 full

names of expatriate Indramayu migrants provided by the regency’s Department of Mi-

grant Labor. The total corpus of names contained 568,195 unique full names comprising

1,381,923 non-unique single names (149,283 unique single names). The names are written

in Roman alphabet, the standard script for administrative and commercial business in

Indonesia.

We manually annotated three subsets of single names that di↵er in how they were

sampled from the corpus of names. The first subset, “TrainRand”, contained a random

sample of about 10,000 names from the list of unique single names. The second subset,

“TrainFreq”, was selected to maximize the coverage of the names. This subset comprised

approximately the 10,000 most frequent unique single names, corresponding to 75% of all

the non-unique single names. Finally, because we want to ultimately label full names, we

randomly selected approximately 10,000 names from the list of unique full names (about

2%), then converted these names into a list of unique single names. We refer to this

list as “SetFull”. Since some of the names in SetFull appear in TrainRand or TrainFreq,

both of which we use for training, so SetFull is not a “test set” in the usual ML sense.

However, it captures a natural distribution of the phenomenon of interest, and we use it

to evaluate our models (along with a second test set of OOV names) because it provides

a good indicator of performance for the downstream measurement task. The second and

third columns in Table 1 show how many unique names were in each dataset and how

many (non-unique) times they appear in the corpus.

TABLE 1 ABOUT HERE

A team of five Indramayu residents coded the sampled names. All five were recent col-

lege graduates raised in Indramayu; three self-identified as Muslim and two self-identified
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as Christian. The annotators assigned each single name to either the class Arabic, if

locals consider the name as having an Arabic origin, or Other, if the name has a non-

Arabic origin, such as Indonesian or Javanese. After an initial round of annotation, the

team members re-annotated 2,589 names that had received votes of three to two (with-

out knowing the labels other team members had assigned). During this second round the

annotators changed an average of 866 votes each. In the end, each of the five annotators

had assigned a label that was in the majority for between 88% and 96% of the names,

indicating a high level of agreement.

After the second round of annotation, each sampled single name received a final clas-

sification based on the majority vote. For example, if a name was coded as Arabic three

times and Other two times, it received the label Arabic. Roughly 65% of single names

were unanimously annotated Other and 3% were unanimously annotated Arabic. Half

of the Arabic labels were assigned by a 4 to 1 vote. Nearly split voting (3-2) was rare,

occurring for only 7% of all annotations. The last two columns in Table 1 show how

many single names in each sample were assigned to each class.

3.4. Analyzing names and measuring religiosity

Our example application presents, by design, a challenge commonly faced by researchers

using large databases: the manual coding or annotation of the database is not feasible

in terms of time and cost. It also illustrates a second, more subtle, challenge. Namely,

some data in large databases, especially administrative and natural-language databases,

might vary in small, unexpected ways. These variations can be due to, for example, the

same name being spelled a dozen di↵erent ways, word order changing by dialect, or to

something as simple as misspellings. In these situations, LMs are especially useful for

classification.

In this section, we present the underlying reasoning and four technical steps for moving

from LM-based classification to constructing a measure of a sociological phenomenon.

The first step entails a supervised classification of single names in our database using the

training datasets and LMs. The second step involves using weighted voting combinations
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of single-name classes. The third step calculates Quranic name similarity calculation

using cross-linguistic name matching. The fourth step constructs the measure of spatial

variation in religiosity. The final step evaluates the validity of this measure.

3.4.1. Related work and the advantages of language models

Both the substantial computational linguistics literature that undertakes language and

dialect identification in text (e.g., Gamallo et al. 2017; Jauhiainen et al. 2017; 2019;

Ramisch 2008; Salameh et al. 2018; Vatanen et al. 2010; Zaidan and Callison-Burch

2014), as well as the smaller portion examining questions of name origins (Fu et al. 2010;

Chen et al. 2006), largely rely on supervised ML techniques to learn from a training

dataset how to classify a name. Moreover, they usually use as text features character

n-grams, a representation of words in terms of sequences of subword characters.

Following the research using character n-grams in ML, we employ character n-gram

LMs to accomplish the first step of our analysis, classifying all single names. These LMs

estimate the probability of a sequence of characters given the context, which, in our case,

is a preceding sequence of characters (Brants et al. 2007; Jurafsky and Martin 2019;

Mikolov et al. 2010). Our use of character-level LMs is specifically motivated by, first,

previous studies showing that LM inferences of probability are very helpful in the task of

language and dialect identification (Gamallo et al. 2017; Vatanen et al. 2010; Ramisch

2008), and, second, Jauhiainen et al.’s (2017) findings that character-based calculations

of probability are best when working with short texts, as we do when classifying single

names.

We are further motivated to use character-level LMs by how they address variation in

naming practices. Indonesians, like any other society, have developed numerous spelling

variations of names. A name of Arabic origin, for instance, may appear in Indramayu

with several di↵erent spellings, each di↵ering by only one or two characters. Research

in computational linguistics indicates that because character-level LMs leverage subword

information, they are particularly useful at capturing local variations of base word struc-

tures.14 For example, character-level LMs, unlike word-level models, do not face the
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challenge of OOV tokens—units that do not appear in the training data—which often

occurs when analyzing non-formalized areas of language, such as naming practices and

dialects, at the level or words or phrases (Habash et al. 2012).

3.4.2. Step 1: Classifying single names

Before training the LMs, we merged TrainRand and TrainFreq to create a single training

dataset (“Training”). We kept SetFull separate to use for optimizing the choice of hy-

perparameters and evaluating the system’s performance. Table 2 presents the number of

(non-unique) times single names in Training and SetFull that occur in the corpus. The

percentages of Arabic names in Training and SetFull are comparable at around 20%,

but the ratios of Arabic to Other labels within the datasets are unbalanced. The im-

balance suggests that metrics like precision and recall should be used to understand the

e↵ect of di↵erent hyperparameters and model choices, which we explain in more detail

below. Table 2 also includes the details of “Test”, which is the portion of SetFull not

found in Training (i.e., OOV names), and is analogous to the “test sets” used in common

ML classification approaches. The size of Test is about 23% of SetFull.

TABLE 2 ABOUT HERE

For our baseline model, we label the names in SetFull in two steps. First, if a name

appears in the training data, we assign it its label. Second, we assign all remaining names

(i.e., those not in Training) the majority class Other, or non-Arabic. As a result, none

of the Arabic-origin names in SetFull that are OOV (i.e., in Test) would be identified.

As we show below, this “majority baseline model” performed rather strongly on SetFull

in terms of evaluation metrics that ignore the imbalanced nature of the data since the

majority class is prevalent.

We built our LMs using the SRILM Toolkit, a publicly available collection of C++

libraries and programs that provide LM infrastructure (Stolcke 2002). (Python bindings

are available for SRILM, and the Natural Language Toolkit (NLTK) can be used to build

n-gram LMs.15.) Then, we focused on determining the optimal number of characters, or n-

gram window, the models should use when making predictions. We began by evaluating
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the results of a character window of one and systematically moved up to an n-gram

window of 10.16 We also considered a number of discounting techniques provided by the

SRILM toolkit for modeling probability.

We evaluated our models and the various hyperparameter settings using a number of

standard metrics (Power 2011). The first metric was precision, or the ratio of correct

class predictions to the total number of class predictions. We report Arabic precision,

Other precision, and average precision of the two classes. The second was recall, or the

ratio of correct class predictions to the total number of observed class names. We report

Arabic recall, Other recall, and average recall of the two classes. Third was F-score,

or the harmonic mean of the precision and recall. We report on Arabic F-score, Other

F-score, and average F-score of the two classes. Finally, we also used accuracy, or the

ratio of correctly predicted classifications to the total number of observed classifications.

Table 3 presents the results of the majority baseline model and the best LM over

SetFull and its OOV subset, Test. We see that on SetFull, the accuracy and average

F-score of the majority baseline model and our best LM are almost the same. Average

precision is higher for the baseline, while average recall is higher for the LM. These first

results appear to be a simple trade-o↵ of average precision and average recall.

However, when we examine the LM’s Arabic metrics, we see a major increase in

Arabic recall from 86% to 97% paired with a drop comparable in magnitude for Ara-

bic precision. The e↵ect on the majority class Other is less intense. These latter

results indicate that the LM model is successfully identifying the majority of observed

Arabic-origin names at the cost of misclassifying some non-Arabic names as Arabic.

Furthermore, the LM results are significantly better than the majority baseline model

results when evaluating with the Test dataset. In seven out of the ten metrics we use,

the LM is superior to the baseline when using Test, including when classifying Arabic

names, the class of primarily interest. These latter results show that the best LM per-

forms well on the data representing the full names in the administrative database, SetFull,

and that it does so by correctly predicting some OOV Arabic names (compared to the

baseline which predicts no OOV Arabic names).
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TABLE 3 ABOUT HERE

The results indicate that the LM approach provides good overall performance while

ensuring that we are capturing many more Arabic names relative to the baseline. We

thus selected the best performing n-gram window specification—a trigram model with

Witten-Bell discounting—and trained a final LM on all the annotated data (i.e., a merge

of Training and SetFull). We then used this model to classify the remaining single names

as originating from Arabic or not. Of the 1,381,923 (non-unique) single names in our

data, we labeled 214,464 (15.5%) as Arabic and 1,167,459 as Other.

3.4.3. Step 2: Full name classification

Recall that single names combine to form full names. In our application’s second step,

we leveraged this fact by using the relatively small number of manually coded single

names, and the LM-classified remaining single names, to gain insight into numerous full

names. Not only was this strategy e�cient, but it also recognized the social reality that

individuals’ preferences, attitudes, and identities—whether signaled in names or not—

often comprise a mix of cultural elements and practices. In our case, this mixing manifests

as full names that might have some single names representing non-religious Indonesian

heritage and other single names reflecting an Islamic faith. That said, the choice of

variable type as categorical or continuous, and threshold(s) that place names into any

categories, should be both theoretically-driven and consistent with the context. In our

case, both the social science literature (Lieberson and Mikelson 1995; Sue and Telles

2007) and Indonesian-specific work (Kuipers and Askuri 2017; Llewellyn 2018) show

that names are used to signal membership (or not) in a group, which reflects a binary, if

noisy, distinction, rather than a continuous one. For example, in our case, an individual

with an Arabic name is among the pious.

We used a majority rule to label each full name in the voter registry based on single

names’ classifications. For example, if a full name with three single names had two single

names of Arabic origin, the full name was classified as Arabic. In a context in which

more than 99% of the population is Muslim, a threshold of only one Arabic single name
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would likely label too many people as strongly religious. Furthermore, since the setting

is not Arab—Indonesian culture is predominant, after all—requiring all single names to

be Arabic is too stringent. If full names had equal numbers Arabic and non-Arabic

single names, we summed the perplexity scores across the Arabic single names and the

perplexity scores across the Other single names, and then assigned the class with the

lower total score. For instance, the name “Eni Sukarni bin Muhamad”, which has two

non-Arabic names, (i.e., “Eni” and “Sukarni”) and two Arabic-origin names (i.e., “bin”

and “Muhamad”) would be classified as Other because the models have learned to judge

the two non-Arabic names as more strongly not Arabic than the Arabic names as being

Arabic. This technique selected the classification that had the better overall predictions.

We labeled a total of 47,988 unique full names as Arabic (8.4% of the registry’s unique

full names) and 465,539 unique full names as Other. Future research building on our

approach could use each full name’s mix of single name types to assign a continuous value

rather than a categorical one, if appropriate for the study context.

3.4.4. Step 3: Quranic name similarity

The third step of our illustrative analysis measured how evocative full names are of proper

names in the Quran. In addition to demonstrating the flexibility of LMs, we interpret

this “Quranic-ness,” or the extent to which individual full names contain Arabic and

Quranic single names, as an indication of religious intensity. After all, the full names

with Quranic-like names comprise terms taken from Islam’s core spiritual text.

To calculate full names’ Quranic-ness, we first computed the similarity between each

Arabic single name in each full name and each of the 98 person names mentioned in

the Quran17 using Freeman distance (Freeman et al. 2006). Comparing names writ-

ten in the Roman alphabet to names originally written in Arabic is di�cult because of

varying transliteration conventions, resulting in a range of character representations for

each phoneme. This problem is compounded by the fact that Arabic script typically

does not represent short vowels. Freeman distance o↵ers a solution to the challenge of

matching Romanized and Arabic names primarily by allowing an expanded number of
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cross-language matches for many characters (Freeman et al. 2006). Doing so has been

found to result in better matching performance across several commonly used string-

matching techniques (Freeman et al. 2006; Habash 2008). Freeman scores range from

zero to one, with one being a perfect match.

After calculating the distance between each Arabic single name and the Quran’s

names, we averaged the highest distance values for each full name’s terms over the total

number of single names in the full name. For example, if a full name had three Arabic

terms with highest distance values of 0.6, 0.7, and 0.8, the full name’s overall similarity to

Quranic names would be 0.7. Non-Arabic single names in a full name with Arabic single

names contributed values of zero to the average; full names with no Arabic single names

were scored as having zero similarity to Quranic names. The end result was a continuous

value of full names’ Quranic-ness, which we understood as a signal of religious intensity—

and which, because of our approach, could be measured across Indramayu at di↵erent

levels of geographic resolution.

3.4.5. Step 4: Measuring spatial variation in religiosity

The fourth step of our illustrative analysis shows how LM-powered analyses can provide a

foundation for common aspects of social science research. We used the LM classifications

and Quranic scores to construct two name-derived variables measuring religiosity at dif-

ferent levels of spatial aggregation. To do so, we linked the results of the preceding steps

to spatial administrative units using residents’ home addresses, which were recorded in

the voter registry. The first variable captures the proportion of registered voters with a

full name labeled as Arabic in a given area. The second comprises the mean Quranic

score of all full names in a given area.

At the RT level, the smallest administrative unit, our two name-derived variables

correlate at r = 0.85. The correlation rises above 0.90 at the village and district levels.

Figure 1 shows the variation across districts (left, N=30) and villages (right, N=298) in

the proportion of all resident voters with an Arabic full name. The values of this variable

ranges from zero to 25%. Figure 2 shows the values of the mean Quranic similarity
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variable, which range from zero to 20%, for the same areas.

FIGURES 1 AND 2 ABOUT HERE

Figure 3 presents frequency plots showing the proportion of individuals with Arabic

full names in the villages (top left), RWs (top right), and RTs (bottom left) of Indra-

mayu regency. Figure 4 shows the same frequency plots for areas’ mean Quranic similarity

scores.18 As is evident, the incidence of individuals with an Arabic name is highly concen-

trated within each administrative unit, suggesting that religious Muslims, and the more

pious among them, are highly spatially concentrated in this regency. In addition, both

sets of plots show that the frequency of Arabic and Quranic naming practices exhibit

substantial skew at the individual level, and that this skew attenuates at higher levels of

aggregation.

FIGURES 3 AND 4 ABOUT HERE

3.4.6. Step 5: Evaluating validity

In the fifth and final step, we evaluated the validity of both LM-based measures using

criterion validity tests. We present this portion of the illustrative analysis in Appendix

B, and only summarize it here.

We located two village-level measures that should be related to spatial variation in

religiosity. First, we found the number of residents in a village who were registered to

attend the Hajj, which we normalized by village adult population. Second, we found the

number of students enrolled in Islamic schools, which we divided by the village’s total

school enrollment. As we discuss in Appendix B, each validity measure has limitations,

which constrained our ability to test the accuracy of our LM-based measures (i.e., the

convergent validity). Yet we were able to test whether these variables are are related in

the ways we expect (i.e., criterion validity).19 Using a variety of methods, from simple

bivarate plots to tobit models (to account for overdispersion in our validation variables),

we found evidence that the validation variables are correlated to our LM variables.
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Our validation exercise leads us to o↵er some suggestions for researchers using LMs

for the specific task of classification in data-scarce environments. To the extent possible,

existing data should be used to evaluate the direction and accuracy of any measure

based on LM classifications. However, in data-scarce settings, such as Indramayu, valid

constructs in which to test the accuracy of the LM measure may be unavailable. If

existing data allow it, researchers should at least test the criterion validity of the LM

measure (i.e., does the LM measure relate to real world data in ways we would expect?).

Finally, researchers should clearly state if their measure meets a particular validity check,

and the limitations of their ability to assess various evaluations of validity.

4. Discussion and conclusion

We have introduced and demonstrated the usefulness of probabilistic LMs to social sci-

entists. To so so, we o↵ered a non-technical explanation of LMs and an illustration of

how LMs can be used in social science research. The illustrative analysis highlighted

some advantages LMs have for the automated classification of text. Among these are

the calculation of linguistic units’ probability of appearing in multiple classes and the

fact that LMs can leverage information at the level of text below the primary level of

interest, such as characters when words are of interest or words when sentences are of

interest. The former feature can be helpful when social scientists are researching indi-

viduals’ simultaneous membership in multiple groups (see Nelson 2021). For example, a

study could examine how similarly an individual’s social media posts concurrently align

with the discourse of multiple online communities. The latter feature can be crucial when

classifying text that contains variation around the base forms, as is often the case with

localized naming conventions and dialects (Salameh et al. 2018). Thus, we see LMs as

an important addition to the computational approaches available for estimating variation

in di�cult-to-measure quantities.

Our application of LMs additionally raised two questions about using LMs for common

classification tasks. First, how exactly do LMs compare to more familiar ML methods?

The answer depends on contexts, datasets, and research questions. However, a clear next
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step to advance the use of LMs in social science is to systematically compare LM and

ML performance across common use-cases. We have conducted a preliminary comparison

using our data; we report our findings and insights in Appendix C. In brief, our analysis

shows that LMs are likely to be worth the e↵ort if researchers are specifically interested

in the minority class (in our case, Arabic-origin names) and are unable to obtain a large

amount of training data.

Second, how should researchers select among di↵erent LMs that can be used to con-

struct a measure? We suggest that researchers consider what the measure will be used

for; the ultimate application of the measure will likely guide which metric to use when

choosing an LM. For example, if the measure will inform governmental polices on the

provision of resources to an under-served population, it could be reasonable to use the

metric of recall. Maximizing recall, or the identification of members of the population,

would help ensure that all its members are counted. Precision (and, by extension, F-

score) might be less important: imperfect precision could lead to some resources being

provided to members of other groups, which may not be as bad of an outcome as missing

members of the under-served population (although perhaps ine�cient).

The illustrative analysis also o↵ered a contribution to the sociological study of religion:

it demonstrated an inexpensive and unobtrusive way to measure religiosity in a large

population across a large geographic area, and at di↵erent levels of spatial aggregation.

While administrative data can be costly to annotate, the approach we presented scales

extremely inexpensively; only a few thousand annotations can be used to classify datasets

of 100,000, 1,000,000, or 10,000,000 observations. Our example thus not only applies to

the empirical study of religiosity, but also to any setting in which researchers want to

unobtrusively measure attitudes and beliefs but surveys are prohibitively expensive and

high-quality government provisioned data are scarce.

We close by emphasizing that LMs have the potential to contribute to social science

research beyond classification. We are especially optimistic that their generative nature

can be of great value. In generation tasks, LMs identify the best piece of language to

come next in a linguistic sequence. This can be thought of as ranking all the possible
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words in a language and selecting the word (or character, phrase, or sentence) that gives

a linguistic sequence the highest probability of appearing in a corpus. Analyzing the

set of “best guesses”—the linguistic units with probabilities higher than a particular

threshold, or reasonable alternatives to one another—could additionally be useful and is

a straightforward extension of using the single best guess.

Social scientists can potentially use LMs’ generated language in a variety of appli-

cations. For example, word-level LMs could suggest names that are common in a given

corpus for use in vignette experiments (i.e., the most probable names). However, because

names can conjure nonrandom ideas in experimental subjects, which could confound the

results (Johfre 2020), a character-level LM could be used to generate (novel) names

that seem natural in the context but do not signal any particular meaning. In studies of

how robots’ participation in conversations between people a↵ect the human participants

(e.g., Traeger et al. 2020), such as the interjection of “bots” into social media threads,

researchers could use phrase- or sentence-level LMs to generate the robots’ contribution

to the discussion. They could even build variants of these LMs to produce di↵erent styles

of robot contributions as experimental conditions.

In addition, sociologists adopting the formal approach to studying culture (Edelmann

and Mohr 2018) could complement the current workhorse method, word embeddings

(e.g., Kozlowski et al. 2019; Stoltz and Taylor 2019; 2021), with LMs. For example,

instead of using LMs to simply select the best word to come next in a sequence, researchers

could examine the set of words with high probabilities of coming next—say, the five “best

guesses”—as signals of meaning and polysemy. This would be a probabilistic alternative

to using embedding models to study meaning, as well as a way to instill confidence in

embedding models’ identification of synonyms or syntactic variants. LMs’ predictions

also have the potential to address one of Biernacke’s (2012) main critiques of the formal

approach to culture—that it struggles to analyze what was left unsaid. To identify

moments of “unsaid” expression and meaning, sociologists of culture could use LMs to

predict the best next word in a sequence, then compare the prediction to either what was

actually said in the observed discourse or to an observed silence. The gap between an LM’s
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predicted word—what could or should have been said—and the observed word or silence

might be indicative of “unsaid” meaning. In fact, constructing alternative, “unsaid”

versions of text data could result in more ambitious projects: researchers can examine why

the LM-generated, alternative versions of text did not occur to support e↵orts at shedding

new, surprising light on a discourse and cultural system, and subsequent theoretical

development (see Tavory and Timmermans 2014; Karell and Freedman 2019; Brandt

and Timmermans 2021). In sum, while we have focused on how LMs can help improve

the relatively common social science tasks of classification and measurement, we believe

LMs are an exciting general addition to the computational social science suite of methods

and are poised to open new avenues of research that can make use of generated language.
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Notes

1The search did identify one article that made use of the term “language model”, but the authors

were referring to a conceptual representation of language use rather than to formal probabilistic LMs.

2For a recent review of measures of religiosity, or the expression of religious belief and practice, see

Finke and Bader 2017.

3As Finke and Bader (2017: 3) point out, “[s]ocial surveys, the dominant method for collecting social

data, su↵er from a long list of ‘artifacts’ that can alter outcomes, such as question ordering, the response

categories o↵ered, the interviewers used, and the question wording. Moreover, asking respondents to

reveal intimate experiences with the sacred requires a trust seldom established in a ten-minute phone

interview.” See also Brenner (2014) for issues of using surveys to measure religiosity in Muslim countries.

4Of course, using administrative records to identify individuals by a particular attribute can be, and

has been, abused, sometimes with terrifying results. We discuss the ethics of this practice in Appendix

A.

5According to Finke and Bader (2017: 4), “Approximately 95% of the data files currently held in the

Association of Religion Data Archives (theARDA.com) were generated by surveys.”

6For readers interested in the mathematical details of LMs, numerous computational linguistic pub-

lications are available. We suggest Jurafsky and Martin 2019 as a starting point.

7Comparing perplexity scores across models is generally not valid, unless the models share vocabu-

laries, as they do in our example application.

8Our source of recent economic and demographic data is the website of the Indonesian Bureau of

Statistics, or Badan Pusat Statistik (BPS). For example, we found that approximately 35% of Indra-

mayu’s residents are living in poverty, and the regency has the lowest Human Development Index of

all regencies the province of West Java (http://bappeda.jabarprov.go.id/documents/rancangan-rpjmd-

kabupaten-indramayu-2016-2021).

9For example, it is reported in the Hadith that the Prophet Muhammad said, “You will be called on

the Day of Resurrection by your names and the names of your fathers, so have good names.”

10For example, Llewellyn (2018) profiles a religious figure in the Indonesian city of Medan, Mohammad

Hamdan, and notes that Hamdan’s parents gave him the Arabic name meaning “praiseworthy” rather

than “the Indonesian word for ‘praise’ which is puji (also a common Indonesian name) . . . to show their

belief in Islam.”

11Our use of identifiable data was approved by the [anonymized] IRB after we implemented protocols

to protect the data and confirmed that no information about individuals would be disseminated.

12The KTP, which Tipple and Speak (2009: 177) call the “sole defining element of citizenship in

Indonesia”, is issued to every Indonesian citizen at the age of 17 or when they are married.
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13According to the Indonesian Census, the population of Indramayu changed minimally between 2005

and 2015 (over the same period in which Indonesia’s population increased 17%). This aligns with our

knowledge of the regency’s migration patterns: out-migration is common, whereas in-migration is not.

14Salameh et al. (2018) show that a character-level LM achieves higher accuracy than a Multinonial

Näıve Bayes (MNB) classifier, a classification model social scientists have used more frequently than

LMs, when examining Arabic dialects and a corpus containing six (rather than two) classes. The MNB,

in turn, was found to outperform other classification models, such as Linear Support Vector Machines,

Convolutional Neural Networks, and bi-directional Long Short-Term Memory models.

15See https://srilm-python.readthedocs.io/en/latest/ and https://www.nltk.org/api/nltk.lm.html

16When names had fewer characters than the n-gram window, the model would consider all their

characters.

17The Quran’s proper names can be identified using the proper name part of speech tag on the Quran

corpus (Dukes et al. 2013), accessible at http://corpus.quran.com/

18We cannot plot the measures at the RW level (the administrative level immediately below the village,

N=2,380) and the RT level (the administrative level below the RW, N=10,192) because shapefiles of these

administrative units are not available.

19See, for instance, Adcock and Collier 2001; Bollen 2014 and Ying et al. 2021, for a discussion of

validity tests.
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Class
Dataset Count Unique Arabic Other

All single names 1,381,923 149,283

TrainRand 43,239 3% 9,323 250 3% 9,073 97%
TrainFreq 1,035,882 75% 9,962 1,050 11% 8,912 89%
SetFull 27,640 2% 11,446 1,297 11% 10,149 89%

Table 1: The single-name datasets. The table describes the three datasets we sampled
for manual coding. For each dataset, the table presents the total count of single names
(Count) and the number of unique single names (Unique). The percentages next to the
counts are derived by comparing the subsets to the entire collection of single names. For
the annotated datasets, the table presents the proportions of Arabic andOther classes.
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Class Training SetFull Test

Arabic 241,592 22% 5,011 18% 726 11%
Other 837,529 78% 22,629 82% 5,745 89%

Total 1,079,121 27,640 6,471

Table 2: Class-based non-unique single-name counts for the training dataset, the dataset
derived from full names (SetFull), and the portion of SetFull that is out-of-vocabulary
(“Test”).
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SetFull Test
Baseline Best LM Baseline Best LM

Accuracy 97% 97% 89% 86%
Average precision 98% 93% 45% 70%
Average recall 93% 97% 50% 82%
Average F-score 95% 95% 47% 73%

Arabic precision 100% 87% 0% 42%
Arabic recall 86% 97% 0% 76%
Arabic F-score 92% 91% 0% 54%

Other precision 97% 99% 89% 97%
Other recall 100% 97% 100% 87%
Other F-score 98% 98% 94% 92%

Table 3: The single-name classification evaluation results. The table presents the results
of two systems on two datasets. The two systems are the majority baseline and the best
LM determined empirically. The two datasets are SetFull and the out-of-vocabulary
portion of the SetFull (“Test”). In addition to overall system results in terms of accuracy,
and average precision, recall and F-score, the table includes the precision, recall and F-
score for the Arabic and Other classes. The superior result of each comparison is in
boldface.
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Figure 1: Spatial variation in Arabic full names at the levels of villages and districts
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Figure 2: Spatial variation in full names’ Quranic similarity across villages and districts
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Figure 3: Low-level variation in Arabic naming
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Figure 4: Low-level variation in Quranic naming

39



Online Appendices

Language Models in Sociological Research: An
Application to Classifying Large Administrative

Data and Measuring Religiosity

• Appendix A: Comments on ethics

• Appendix B: Validation of name-derived religiosity variables

• Appendix C: Preliminary machine learning comparison



A. Comments on ethics

In the main text, we mention that administrative data can be used to unobtrusively

measure attitudes, beliefs, or characteristics of a sensitive or personal nature. Of course,

the use of o�cial records to identify people with a particular attribute has led to tragic

and terrifying outcomes, particularly for members of minority and marginalized groups.

However, these outcomes are not necessary: better identifying the location of minority and

marginalized groups could improve the allocation, provision, and distribution of needed

resources. For example, during a vaccination roll-out, administrative databases could

help a local government establish a greater number of vaccination stations in areas with

many residents who belong to groups that have traditionally not been provided adequate

access to healthcare. Thus, the use of administrative data to measure potentially sensitive

characteristics of people is not always “wrong” or “right”.

To find guidance when performing research such as ours, scholars can begin with the

1979 Belmont Report on research involving humans, which provides the foundation for

the United States’ Institutional Review Boards (IRBs). The Belmont Report highlights

criteria that inform ethical human subjects research, including two that are sometimes in

tension: respect, or allowing the research subject to exercise their agency by consenting

(or not) to the research, and beneficence, or conducting research that maximizes benefit

while minimizing harm.

When researchers use administrative data, the people recorded in the data typically

cannot give consent. In fact, they may su↵er emotional distress (and even be exposed

to danger) if researchers tracked them down to seek their consent. One way that IRBs

sidestep this problem is by defining “human subjects research” as research that involves

interaction with people or intervention into their lives. Using administrative records

usually does not intervene into people’s lives, and therefore is sometimes not considered

“human subjects research” (for instance, as long as identifying information is properly

handled).

However, simply classifying research using administrative records as not “human sub-
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jects research” does not resolve important ethical concerns. It does not absolve researchers

from weighing the benefits of research against the (speculated) desires of the people in

the records. Therefore, we recommend that researchers consider discussions in their fields

about the ethics of administrative data, as well as debates in History, Anthropology, and

cognate fields on the ethical use of archival data, which often deals with records of indi-

viduals who (similarly) cannot give consent (e.g., Schwarz 1992; Agarwal 2016).

We find especially useful guidance in a recent extension of these discussion to Political

Science. Subotić (2021) argues that scholars working with “unobtrusive” records, such as

historical records and administrative data, must still “think through the balance of harms

and benefits not only in terms of current harms/benefits, but also in the light of possible

future harms, such as when, for example, a changing political situation deems information

seemingly innocuous at the time much more dangerous or damaging to the subjects later

on” (349). Furthermore, even though researchers working with administrative data may

not be working with “human subjects” (according to a possible IRB definition) there “are

ways in which [the researchers] can conceptualize groups that could be owed benefits”

(349).

To provide examples of Subotić’s points, we o↵er some context of our study. First,

we considered the potential for harm resulting from our particular study. We assessed

the risk as particularly low since we focused on a majority religion. That is, our analysis

locates strongly religious Muslims in a region that is nearly entirely Muslim. In Indra-

mayu (and in Indonesia) Muslims are not a marginalized group, threatened minority, or

protected class. Second, our study is the first step in a larger research project designed

to confer benefits to residents of Indramayu—the individuals in the records and whom

we “conceptualize [as the group] owed benefits.” The larger project explores why some

low-skilled Indonesians (many of whom live in Indramayu) migrate to di↵erent parts of

the world, such as the Gulf Cooperation Council states, which has serious e↵ects on their

earnings and quality of life. (The LM classification we present here feeds into an e↵ort

to determine whether migrants’ religiosity influences their decision to migrate to Muslim

countries instead of, say, East Asian countries like South Korea and Taiwan). We have
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been in contact with Indonesian government agencies overseeing migration a↵airs, and

have already agreed to report the findings of our broader project.

Yet, as earlier mentioned, our approach could be used in ways that do not confer

benefits, and even potentially bring harm to the people in administrative databases.

Thus, we emphasize two further points: (1) not all administrative data research is the

same and (2) “scholars need to make ethical choices at multiple ‘ethically important

moments’ that arise during research” (Subotić 2021: 351; see also Guillemin and Gillam

2004). In other words, researchers using our approach—and similar approaches—should

(1) carefully consider the risks and benefits of their own particular data and (2) which of

their research decisions (made at “ethnically important moments”) might confer harm or

benefits. For example, perhaps spatially locating some minority groups will bring positive

changes while locating members of another group would bring them harm. In this case,

the researchers do not have to locate the latter group or could use spatial aggregations

that mitigate the risk.

We expect that administrative data will only become more available in coming years.

These data could bring important scholarly insights, which could potentially benefit the

individuals and groups recorded in the data. However, the data could also bring risk and

harm. We do not think there one clear answer for how to proceed in all cases, but we do

believe that researchers must carefully consider the risks inherent in their case and data,

as well as have an idea how their research could benefit the people who have become

encoded in the data. We look forward to greater discussion on this topic among social

scientists using newly accessible data and computational approaches.
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B. Validation of name-derived religiosity variables

In this appendix, we evaluate our two names-based religiosity variables against two cri-

terion variables of spatial variation in religiosity. A criterion validity test examines the

extent to which our names-based operationalization of religiosity is related to an outcome

to which it should be theoretically correlated (Pedhazer and Schmelkin 2013).20

Our first criterion variable is the proportion of registered voters who were registered

to perform the Hajj between the years 2011 and 2017, measured at the village level. Since

we were able to obtain multiple years of Hajj registration data, we collapsed this variable

into a seven-year average for each administrative level.

Due to the demand of Muslims around the world to perform the Hajj, each country

receives an annual quota of visas. The limited number of annual visas for a country

the size of Indonesia means that people are required to register far in advance. Saudi

Arabia typically grants Indonesia approximately 220,000 annual visas, and, according to

the Indonesian government, the average period between registering and being granted a

visa is now 20 years. The Indonesian government allocates a portion of the total quota

to each regency; as a result, the waiting lists are administered at this level. We made a

request to the Indramayu o�ce of the Ministry of Religious A↵airs for the administrative

data on the regency’s registrants to perform the Hajj. This data set included their name

and approximate address, which we linked to villages. (Placing individuals in lower

administrative units was possible, but resulted in numerous units with no observed Hajj

registrants or Arabic names. Moreover, our second criterion variable is only observed at

the village level.) We divided the total number of Hajj registrants in each village by the

corresponding number of registered voters.

Our second criterion variable is the proportion of total students enrolled in an Islamic

school. For the denominator, we acquired from the regency the total public and private

enrollment for all primary and secondary schools in each village. We located these data

at the Indonesian Bureau of Statistics, or Badan Pusat Statistik (BPS). This dataset

20Specifically, our tests are assessments of concurrent validity because the criterion variables are mea-
sured at the time of our names-based variables’ measurement.
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Figure B.1: Validation test 1: Hajj-registration share at the village level

also provided the number of students attending Islamic schools, which we used as the

numerator.

Each criterion variable has strengths and limitations, which, in general, reflects the

di�culties in measuring religiosity both across individuals and space. On the one hand,

the Hajj registration variable is a direct measure of a decision by individuals to pursue a

significant and religious act, the Hajj. Yet, on the other hand, we lack the individual-level

data to control for the available means of each individual to perform this pilgrimage (e.g.,

disposable income, time). We would expect that in a developing country, especially in a

relatively impoverished regency like Indramayu, the costs associated with the Hajj would

be prohibitive. This registry also omits all people who either have already performed

the Hajj or those who intend to but have not yet registered. Figure B.1 shows that

relationship between the share of a village’s adults who are registered to attend the Hajj

and Arabic name share (left) and average Quranic similarity score (right), respectively.

To put this in perspective, a one standard deviation increase in Arabic name share is

associated with a 0.29 standard deviation increase in the proportion of adults registered

for the Hajj (and for average Quaranic similarity it is correlated with a 0.32 standard

deviation increase).

Our second criterion variable has similar trade-o↵s. The choice of parents to send

their children to an Islamic school is a strong signal of piety. This is especially true in

an educational environment in which there are many private, non-Islamic alternatives to

6



0.0

0.2

0.4

0.6

0.8

0.05 0.10 0.15 0.20 0.25
Arabic name share

Is
la

m
ic

 s
ch

oo
l e

nr
ol

lm
en

t s
ha

re

0.0

0.2

0.4

0.6

0.8

0.05 0.10 0.15
Average Quranic similarity

Is
la

m
ic

 s
ch

oo
l e

nr
ol

lm
en

t s
ha

re

Figure B.2: Validation test 2: Islamic-school enrollment share at the village level

public schools. Yet, we assume that the composition of schools in a village reflects the

decision of parents in the village and are largely serving the children in those villages.

We cannot test for this assumption. More importantly, the vast majority of villages do

not contain even one Islamic school, resulting in over-dispersion. This is apparent in

the Figure B.2. The plot clearly demonstrates that the enrollment share is zero in the

vast majority of villages (i.e., there are very few Islamic schools). While we have used

Tobit models in attempt to address this problem, the results with this variable should be

interpreted cautiously.

Despite their limitations, these variables in combination form suitable benchmarks to

test the validity of our name-based variables. In particular, they capture distinct aspects

of individuals’ religious behavior independently of our research activities. In addition,

they cover the same geographic and temporal range as our name-based variables. As for

the problem of over-dispersion in the schooling variable, we employ methods that model

the structure of these variables. Table B.1 presents the correlation coe�cients for each

variable at the village level.21 Table B.2 provides basic descriptive statistics for both

names-based variables and each criterion variables at all administrative levels for which

the data are available.
21Given the paucity of districts in Indramayu (N=30), we did not conduct validity tests at this ad-

ministrative level. However, we do use district-level fixed e↵ects in a robustness check, as explained
below.
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Islamic Islamic Hajj Hajj Arabic
School Enroll. Reg. Reg. Name
(%) (%) (%) (#) (%)

Islamic School (%)
Islamic Enroll. (%) 0.95
Hajj Reg. (%) 0.12 0.08
Hajj Reg. (#) 0.21 0.17 0.71
Arabic Name (%) 0.26 0.22 0.29 0.32
Quranic Similarity Score 0.19 0.16 0.23 0.32 0.91

Table B.1: Village-level correlations (N=292)

B.1. Main results

Table B.3 presents the estimates from simple linear regressions of our names-based mea-

sures and the two criterion variables. The unstandardized coe�cient is shown first, fol-

lowed by the standard error in parentheses and the standardized coe�cient in brackets.

Column 1 shows the OLS estimates when Hajj registration is regressed on Arabic name

share and Quranic similarity score. We find that both of our names-based religiosity

measures are positive and significant at the 99% level. Column 2 reports the estimates

when using the second criterion variable, the proportion of students enrolled in Islamic

schools. It shows that the coe�cients are also positive and significant at the 99% level

for Arabic name share and at the 95% level for Quranic similarity, respectively. The

standardized coe�cients for each also indicate a moderate e↵ect size. Complete results

for each model from Table B.3 are shown in Table B.4 (unstandardized) and Table B.5

(standardized).

B.2. Robustness results

The two criterion variable tests provide support for the validity of our names-based

religiosity measures. To increase our confidence further, we conducted two additional

tests of the robustness of these relationships. First, we addressed the concern with excess

zeroes in the schooling criterion variable by fitting a Tobit regression.22 We also re-

22As explained earlier, the schooling variable is continuous and highly rightward skewed due to cen-
soring at zero. This can make the truncated portion of OLS estimates biased. The Tobit (or censored
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Administrative unit

Statistic Village District
Name-derived variables

Arabic name share
Mean 0.09 0.08

Std. Dev. 0.04 0.02

Average Quranic similarity
Mean 0.07 0.07

Std. Dev. 0.03 0.02

Count of registered voters
Mean 4, 416.41 40, 437.72

Std. Dev. 1, 972.28 19, 746.66

Criterion variables

Hajj registration share
Mean 0.02 0.001

Std. Dev. 0.01 0.001

Islamic school share
Mean 0.03 0.04

Std. Dev. 0.10 0.05

Table B.2: Descriptive statistics of the name-derived and criterion variables of religiosity
by administrative unit

estimated the Hajj registration relationship with a Tobit model. The results are reported

in Appendix Table B.6. In both models, the coe�cient increased and the standard error

decreased compared to the corresponding OLS models.

Second, we addressed concerns due to the lack of important covariates, such as income

per capita, by estimating fixed-e↵ects models with a dummy variable for the district level,

the next highest administrative level. If unobserved factors, such as income per capita,

are heterogeneously distributed across space, then fixed e↵ects should help control for this

unmeasured heterogeneity. The estimates for these fixed-e↵ects regressions are reported

in Appendix B.7. We find that the inclusion of fixed e↵ects produces broadly similar

results to the OLS and Tobit models for both Hajj registration share and Islamic school

enrollment share.

regression) model is appropriate when a continuous dependent variable is bounded at one of the extremes
(in this case zero), significant clustering around that extreme value, and is highly rightward skewed or
unbounded at the other extreme (Wooldridge 2010).
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Village-level Validity Tests

Hajj registration sh. Islamic school enrollment Sh.
(1) (2)

Arabic name share 0.062⇤⇤⇤ (0.013) [0.298] 0.600⇤⇤⇤ (0.224) [0.207]
Quranic similarity 0.064⇤⇤⇤ (0.016) [0.243] 0.556⇤⇤ (0.264) [0.149]

Mean of outcome 0.017 0.026
N 292 275

⇤p < .1; ⇤⇤p < .05; ⇤⇤⇤p < .01

Table B.3: Validation analysis results at the village level. Simple linear re-
gression estimates presented as unstandardized coe�cients, (robust standard
errors), and standardized coe�cients. Significance levels are constant across
all unstandardized and standardized coe�cients.

Hajj registration share Islamic school enrollment share

(1) (2) (3) (4)

Arabic name share 0.062⇤⇤⇤ 0.600⇤⇤⇤

(0.013) (0.224)
Quranic similarity 0.064⇤⇤⇤ 0.556⇤⇤

(0.016) (0.264)
Constant 0.012⇤⇤⇤ 0.012⇤⇤⇤ �0.027 �0.016

(0.001) (0.001) (0.017) (0.019)

Mean of outcome 0.017 0.017 0.026 0.026
N 292 292 275 275
Adjusted R2 0.085 0.055 0.044 0.021

⇤p < .1; ⇤⇤p < .05; ⇤⇤⇤p < .01

Table B.4: Village-level validation with unstandardized estimates. Robust standard
errors in parentheses.
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Hajj registration share Islamic school enrollment share

(1) (2) (3) (4)

Arabic name share 0.298⇤⇤⇤ 0.207⇤⇤⇤

(0.061) (0.077)
Quranic similarity 0.243⇤⇤⇤ 0.149⇤⇤

(0.061) (0.071)
Constant �0.001 �0.001 �0.018 �0.018

(0.056) (0.057) (0.056) (0.057)

Mean of outcome 0 0 0 0
N 292 292 275 275
Adjusted R2 0.085 0.055 0.044 0.021

⇤p < .1; ⇤⇤p < .05; ⇤⇤⇤p < .01

Table B.5: Village-level validation with standardized estimates

Hajj registration share Islamic school enrollment share

(1) (2) (3) (4)

Arabic name share 0.329⇤⇤⇤

(0.081)
Quranic similarity 0.272⇤⇤⇤ 1.845⇤⇤⇤ 1.845⇤⇤⇤

(0.083) (0.614) (0.614)
Constant �0.261⇤⇤⇤ �0.261⇤⇤⇤ �7.858⇤⇤⇤ �7.858⇤⇤⇤

(0.099) (0.099) (1.691) (1.691)

Mean of outcome 0 0 0 0
N 292 292 275 275
Log Likelihood �304.535 �307.526 �112.069 �112.069
Wald Test (df = 1) 16.616⇤⇤⇤ 10.831⇤⇤⇤ 9.014⇤⇤⇤ 9.014⇤⇤⇤

⇤p < .1; ⇤⇤p < .05; ⇤⇤⇤p < .01

Table B.6: Village-level validation with Tobit models
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Hajj registration share Islamic school enrollment share

(1) (2) (3) (4)

Arabic name share 0.239⇤⇤⇤ 0.268⇤⇤⇤

(0.069) (0.079)
Quranic similarity 0.224⇤⇤ 0.231⇤⇤⇤

(0.082) (0.081)

Mean of outcome 0 0 0 0
N 292 292 275 275
Adjusted R2 0.315 0.307 0.025 0.007

⇤p < .1; ⇤⇤p < .05; ⇤⇤⇤p < .01

Table B.7: Village-level validation with district-fixed e↵ects
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C. Preliminary machine-learning comparison

Our goal has been to provide an accessible explanation and simple example of LMs to

help social scientists decide whether LMs are appropriate for their particular case and

data. A clear next step to advance the use of LMs in social science is to systematically

compare LM and ML performance across common use-cases. These comparisons would

help develop a set of guidelines for researchers deciding between LMs or ML methods.

We have conducted a preliminary comparison of LMs and ML methods using our

data, and we report our findings and insights in this appendix. The LM portion of the

comparison used the techniques, steps, and results described in the main text. The ML

portion involved the following steps.

C.1. Analysis

First, we trained three common ML algorithms—support vector machine (SVM) (imple-

mented with kernlab), random forest (RF) (implemented with ranger), and extreme

gradient boosting (XGB) (implemented with xgboost)—on TrainRand and TrainFreq be-

fore they were merged. (See the main text for explanations of these datasets). Using the

separate (hence smaller) datasets allowed for a faster comparison of many models and

more e�cient model-tuning. The models were tested on a holdout set.

For all algorithms, the re-sampling strategy was five-fold cross validation repeated five

times. We generated hyperparameter combinations stochastically by sampling from each

algorithms’ hyperparameter space in a procedure that maximizes coverage (i.e., spatial

entropy). The SVM and RF tuning processes tested 103 combinations of hyperparameters.

Since XGB’s hyperparameter space has many more dimensions, we tested 104 candidate

combinations of the learning rate, number of trees, maximum tree depth, the number of

predictors in each split, minimum observations per splitting node, required loss reduction

to justify a further split, and the sample size of each iteration. At the end of each

tuning procedure, we chose the hyperparameter combination with the best F-score in

out-of-sample classification. Ultimately, we found RF to be the clear winner.
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Next, we trained the RF model on the full “Training” dataset, or the combination of

TrainRand and TrainFreq using the best of 81 hyperparameter combinations chosen through

5-fold cross validation (no repeats). The final hyperparameters for our RF model were

15 predictors in each split and no fewer than 9 observations at the end of each node. We

judged performance using the SetFull and Test datasets.

We used two types of predictors. The majority of the predictors were based on char-

acter patterns common throughout Indonesian (Bahasa) transliterations of Arabic words.

For example, for each name in the data, we counted the presence of character patterns like

“KH”, “DH”, “Q”, “RR”, “AW”, “LL” that are common in Arabic-transliterated words

but relatively infrequent in words of Javanese and Indonesian origin. The second type of

predictor was based on each name’s Jaro-Winkler string distance from names known to

be of Arabic origin. Specifically, we measured each name’s similarity to (1) a set of com-

mon Indonesian names of Arabic origin, (2) a set of common Arabic names transliterated

into English, and (3) a set of proper nouns from the Quran transliterated into English.

We obtained these lists from various sources, including Wikipedia and our Indrayamu-

based research assistants. Permutation-based variable-importance metrics suggest that

the most useful predictors for our models were the name’s similarity to English names

of Arabic origin, the name’s similarity to common Indonesian names of Arabic origin,

the name’s similarity to a Quranic proper nouns, and the presence of certain character

patterns like “KH”, “Q”, and “[[vowel]][HTD]”.

Note that the lists of names known to be of Arabic origin were not part of the LM

analysis. Therefore, our comparison is not between the LMs and ML methods using

strictly the same data. Instead, our comparative analysis consists of comparing the

performance of our LMs and ML methods on the same data, but when the latter uses

extra data, which we assume would be part of reasonable ML strategies.

C.2. Results

Table C.1 displays our best RF results alongside the same metrics for our baseline model

(the “majority baseline model”) and the best LM, which are reported in the main text’s
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SetFull Test
RF Baseline Best LM RF Baseline Best LM

Average precision 95% 98% 93% 64% 45% 70%
Average recall 92% 93% 97% 57% 50% 82%
Average F-score 93% 95% 95% 58% 47% 73%

Arabic precision 93% 100% 87% 39% 0% 42%
Arabic recall 84% 86% 97% 16% 0% 76%
Arabic F-score 89% 92% 91% 23% 0% 54%

Other precision 97% 97% 99% 90% 89% 97%
Other recall 99% 100% 97% 97% 100% 87%
Other F-score 98% 98% 98% 92% 94% 92%

Table C.1: Results of the language model and machine learning comparison. The table
presents the results of three systems on two datasets. The three systems are the best
random forest (RF) model, the majority baseline model, and the best LM determined
empirically. The two datasets are SetFull and the out-of-vocabulary portion of the SetFull

(“Test”). In addition to overall system results in terms of accuracy, and average precision,
recall and F-score, the table includes the precision, recall and F-score for the Arabic

and Other classes. The superior result of each comparison is in boldface.

Table 3. We see that the RF model performed relatively well and matched both the

baseline and best LM in some metrics. However, the LM is superior when predicting

the linguistic units of primary interest: out-of-vocabulary (“Test”) minority class terms,

or unlabeled Arabic names. The RF obtained a precision and recall of 39% and 16%,

respectively, compared to the LM’s 42% and 76%. The RF’s F-score was 23% while the

LM’s was 54%.

C.3. Discussion

Our preliminary comparison of LMs and ML methods indicates that the ML approach

achieves relatively good results, but the LM was better for predicting the linguistic units

of main interest: out-of-vocabulary minority class terms, which, in our case, are unla-

beled Arabic names. This finding leads us to emphasize two questions and insights for

researchers to consider:

1. How important is the classification performance on the minority class? If it is very
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important, as in our case, then we recommend researchers consider LMs, especially

if using short texts, when linguistic units exhibit small variations around base forms

(e.g., when working with dialects and related languages), and when the subunits of

larger units o↵er important information (e.g., characters’ relations to words, words’

relations to phrases).

2. How much training data are available? We have a lot of training data, and the

RF makes use of all of it. Yet, this model still achieved an F-score of only 23% on

out-of-vocabulary minority-class names (compared to the LM’s 54%). If researchers

are unable to obtain a large training dataset, they may want to consider LMs. The

LM results may not be spectacular, but our analysis suggests they will be better

than results from ML approaches.

In sum, our analysis shows that LMs are likely to be worth social scientists’ e↵ort

if they are specifically interested in the minority class and face budget constraints that

limit the size of the training dataset. However, our comparison is only a preliminary

e↵ort—more systematic comparisons across typical use-cases are needed to develop com-

prehensive and detailed guidelines.
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Subotić, Jelena. 2021. “Ethics of Archival Research on Political Violence”, Journal of
Peace Research 58(3): 342–354.

Wooldridge, Je↵rey M. 2020. Econometric Analysis of Cross Section and Panel Data.
Cambridge, MA: MIT Press.

17


