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In recent decades, quantitative social sciences have witnessed a gradual paradigm shift
towards analysis of larger-scale, richer data, with an emphasis on connectivity and
complexity. This development is part of a broader epistemic shift in science driven by
enhanced instrumentation that collects massive amounts of data, combined with
matching increases in computational power. As a result, we have seen the rise of
computational natural sciences (biology, physics, astronomy, etc.) and, a step behind,
computational social science. The objective of this chapter is to review some of the
advances in computational social science, as well as discuss the distinct intellectual
opportunities and obstacles the field faces.

What is Computational Social Science?

Computational social science (CSS) is an interdisciplinary research field combining tools
and techniques from computer science with theories and methods from the social
sciences. CSS develops and applies computational methods to complex data about
human behavior in order to understand social phenomena (Lazer et al. 2020)

In recent decades, technological advances have given us access to vast amounts of digital
information about human actions and attitudes. We have records of behaviors ranging
from communication and social interactions, information consumption and production,
location and physical movement, purchasing and financial transactions, to a wide variety
of day-to-day activities that people engage in. Traditional social scientific methods
designed for small and relatively homogeneous samples were not suited for data of this
volume or variety. Computational social science emerged as a way of allowing researchers
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to collect and process large-scale, complicated, and interconnected data to gain insights
into social phenomena. The field is especially well suited for the study of complex systems
and dynamic processes, as its tools allow us to examine factors at the individual,
community, and societal levels (Lazer et al. 2021).

This chapter outlines several key aspects of social scientific research using computational
methods. We begin by providing a brief overview of computational social science,
including its emergence and evolution. The next section explores types of data that may
require (or benefit from) the use of computational methods. We follow up by discussing
the role of theory in computational social science. The final part of the chapter focuses on
current trends, challenges, and opportunities for CSS.

Background

The last 20 years have represented an important epistemological turning point for the
social sciences from the behavioral approaches that emerged in the 1950s, that
emphasized an agent by variable framework. This behavioral revolution, in turn, was
driven in part by the marriage of computational power and survey research in the 1950s
and 60s (Lepore 2020).

The current moment of computational social science is a synthesis of many threads. It
builds on: long standing work using archival data for social science research; detailed
ethnographic observational research; spatially-oriented research; hand coding of text and
images; social network analysis; and agent-based modeling that explored the complexity
of human behavior (Epstein and Axtell 1996). It mixes a theoretical starting point of social
systems as essentially complex (Macy and Willer 2002), with rich data on human behavior,
and computational methods that render those data tractable.

The quality of quantity

When it comes to study samples, social science research since the 1930s has largely
emphasized quality over quantity. Quality has typically been linked to sample
representativeness, which provides the important benefit of generalizability. However, the
focus on quality has neglected the benefits of having large quantities of data, which are
often available with large scale observational efforts.



Quantity creates its own inferential challenges, but also offers unprecedented
opportunities for researchers. Importantly, large quantities of data allow for the careful
examination of heterogeneity within populations. For example, in many cases, the same
conditions or events may produce different (sometimes diametrically opposed) reactions
across different groups of people. These nuances are difficult to capture in studies with a
small sample size which tend to focus on average effects. For instance, a lab experiment
with a few hundred participants may tell us how people in general would respond to a
treatment. The experiment can also help us find out whether the effects on men would
differ from those on women. In contrast, a dataset with a sample size in the millions might
allow us to understand the effects on a much more precisely defined social group — such
as young African-American mothers living in Southern states, or Hispanic medical
professionals working in large cities. At the same time, these large-scale digital data have
their own challenges, largely lacking the controlled conditions of a lab experiment.

Computational methods allow us to sift through massive data to find the scientifically
relevant pearls. Chetty et al. (2016) is exemplary, using contemporary administrative tax
data containing hundreds of millions of records to identify the causal effects of an
experiment on residential relocation on thousands of children in 1970s households.
Finally, having many observations at the individual level (e.g., real time monitoring) allows
powerful within-individual inferences, as we can see in large-scale studies of social media
data exploring variables like mood and sleep (Golder and Macy 2011).

Simulation studies

Computational social science research often seeks to model and predict the behavior of
complex systems. Simulation techniques provide a flexible way to examine how collective
behavior emerges from individual decisions, transactions, and structural factors. Agent-
based simulations, which model larger structures arising from the actions and interactions
of autonomous agents (Namatame and Chen 2016), are becoming increasingly popular
in health, economics, and the social sciences. Many of the strengths and weaknesses of
the approach in social science stem from its relation to the real-world dynamics an
application represents (Marshall 2017). On one hand, simulations can help explain how
individual decisions drive the system-level patterns we observe. On the other hand, it is
often difficult to evaluate the extent to which the built-in assumptions of an agent-based
model reflect the reality of human behavior. Large-scale detailed observational data can
mitigate that challenge, allowing for a more accurate representation of the rules
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governing our system and the behavior of actors within it. More generally, it is clear that
there are strong synergies between large-scale data on behavior, and building simulations
informed by those data.

Simulation studies are also gaining a wider use for policy recommendations. During the
COVID-19 pandemic, for instance, simulations were used not only to model the spread of
the virus (Castro, Reis, and Salles 2022), but also to evaluate vaccination strategies
(Wrigley-Field et al. 2021), and preventive behaviors (Ku et al. 2021).

The data behind CSS

Data used in computational social science research come from a multitude of sources in
a variety of formats. We can distinguish among them based on their origin, format, and
their structure. In this section, we mention a few data types found “in the wild”, often
created for purposes other than research: text, multimedia, location, and other sensor
data. We also discuss more structured data typically produced after imposing some
organization, such as networks, archives, and large-scale surveys. Finally, we note that
computational methods can also be usefully applied to small and qualitative datasets.

An important format that we do not specifically address here involves the digital records
of human behavior. Those include server logs, user activities on social media, and platform
data from a variety of APIs, among others. Given their considerable format diversity, we
do not discuss them separately in this section. We note, however, that they are a key
source of large-scale digital data, and refer to them throughout this chapter.

Networks

Many of the emerging data sources, especially ones recording patterns of communication,
are intrinsically relational. Their focus is not only on individual characteristics and activities,
but also on connections. Indeed, there are many modalities of data that do have some
network component. Cell phone (Onnela et al. 2007), email (Kossinets and Watts 2009),
and social media (Park, Blumenstock, and Macy 2018) data all involve connections from
one individual to another. Tax, census, and genealogical data involve kinship ties.
Locational and media consumption involve connections of individuals to physical and
virtual loci (Yang et al. 2020). Individual location data can connect people based on their
proximity to others, while aggregate movement data connect locations (Woudenberg et
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al. 2020). Political contribution data involve ties from contributors to recipients (Bonica
2014). Video, image, and textual information often include individuals and/or
organizational entities linked through shared appearances in the data (Dietrich 2016).

Analyzing networks can be highly computationally intensive. Methodologies for relational
data have to account not only for individual characteristics, but also for all existing and
possible connections among the involved actors. In the early days of network science,
scholarship often focused on identifying key actors, detecting connected groups, and
describing the structure of ties at various levels (Wasserman & Faust, 1994). Technological
innovations in the last few decades have facilitated the development of new analytical
methods going beyond the descriptive (Light & Moody, 2020). Research can now
investigate the complex mechanisms of network evolution, as well as identify the drivers
behind tie formation and dissolution. Network science, previously perceived by some as
atheoretical, has also developed useful explanatory frameworks that support theory
building in a variety of disciplines.

Text

While network analysis captures the structure of social interactions, understanding their
content requires additional methodological and theoretical tools. A large proportion of
the digital data recording interpersonal and mass communication is stored in the form of
unstructured text. Available textual information includes digitized archives, books, news
stories, academic publications, web pages, emails, social media posts, search terms and
results, ads, and many other formats.

With the increasing amounts of textual data, industry and academic researchers have
developed more advanced tools for its computational processing (Grimmer and Stewart
2013). Extracting meaning from a document (e.g., identifying objects and the relations
among them) remains a considerable challenge. At the same time, computational
methods have gotten better at classifying large sets of documents based on their source,
topic, sentiment, ideology, and other characteristics. At present, computers remain less
accurate at such tasks compared to human coders and manual annotations are still the
gold standard (van Atteveldt, van der Velden, and Boukes 2021). Allowing for some errors,
however, the vast scale and coding consistency possible with automated methods are
changing the way social scientists think about content analysis.



Images, audio, video

New digital technologies for multimedia recording, editing, and distribution have vastly
increased the amount of images, audio, and video we consume on a daily basis. The
widespread use of smartphones with high-resolution cameras and the growing storage
capacity of digital platforms made multimedia formats ubiquitous in the sharing and
accessing of information about our social environment.

The social sciences and humanities have a long tradition in studying visual communication
(Barthes 1964). More recently, scholars have examined the viral diffusion of images and
videos (Milner 2016) and their role in political persuasion. Casas et al. (2019), for instance,
examine how emotions produced by images on social media affect political mobilization.

Yet, social science is only now beginning to take advantage of computational tools that
can classify images, video, and audio directly, without relying on accompanying text
provided by the users or platforms. Researchers examining visual data often use small
samples and rely on human coding (Chen et al. 2021). A lot of our understanding of the
role played by multimedia content comes from experimental research (Gerber et al. 2011,
Powell et al. 2015). Image recognition and object detection are likely to be crucial in the
toolkit of future computational social science researchers (Webb Williams, Casas, and
Wilkerson 2020).

Audio data remains similarly underused, though interesting applications in research
(beyond just transforming speech into text) are becoming more common. Political
scientists, for instance, have examined the link between candidate voice and election
outcomes (Klofstad 2016), as well as studying the pitch of congressional speeches to
measure their emotional intensity (Dietrich, Hayes, and O’brien 2019). This approach
opens up possibilities for a more thorough understanding of the way audiovisual cues
affect the outcomes of interpersonal and mass communication.

Location data

The mobile devices most of us constantly carry along generate large amounts of data on
human location and movement. That information is accessible to applications and services
which use it to make real-time decisions. The uses of geodata go beyond just finding
where we are on a map or giving us driving directions — our position affects the
information, recommendations, and advertising we see on our screens. Location is often
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shared during ordinary transactions we make on a daily basis — like posting on social
media or searching the internet.

For researchers, location data allows studying human behavior at a number of levels: from
individual movement and proximity to others, to international flows of human mobility
around the globe. The most striking recent example was the use of geolocation from
mobile devices in public health scholarship during the COVID-19 pandemic. Researchers
and governments in the United States, China, Japan, Italy, Germany, UK and other
countries collaborated with mobile operators to examine the spread of the disease and
the effectiveness of social distancing measures (Oliver et al. 2020). While there are
considerable privacy concerns with that approach, some governments used individual
phone data to control the spread of the virus and track the contacts of infected citizens.
Aggregated cell phone data was used to identify mobility patterns (Levin et al. 2021) that
could predict where the disease would spread next. Geodata could enable the effective
use of travel restrictions to control the pandemic, as well as help in assessing the health
and economic consequences of adherence to social distancing recommendations. It is
singularly helpful in allowing scholars to examine the outcomes of different approaches
to regulation at the national and local level.

Location-related data is used in a number of research areas in the social sciences,
including the study of social networks where proximity of mobile devices might indicate
that their owners are spending time together. Network research has, for instance, explored
the ways in which spatial and social behavior are interconnected (Alessandretti, Lehmann,
and Baronchelli 2018). In political science, aggregated geodata made possible the tracking
of participation in mass protests (Rotman and Shalev 2022) and citizen displacement
during violent conflicts (Tai, Mehra, and Blumenstock 2022).

In addition to challenges in processing and interpreting location information, key issues
remaining in this space include obtaining access from mobile phone companies and
protecting the privacy of individuals in the data.

Sensor data

In addition to sensor data about location, movement, and proximity, the ubiquitous
devices in our pockets and in the built environment can track a wide variety of metrics,
capturing anything from individual behavior to environmental conditions. A wearable



tracker can record not only your daily activity levels, but also biometric data such as heart
rate, blood pressure, or blood oxygen.

With the advent of “the internet of things”, “smart homes”, and “smart cities”, many of our
devices have acquired built-in sensors which upload information to the cloud. Those
sensors can be used to measure an increasing number of physical phenomena, including
temperature, light intensity, sound levels, touch or pressure, air humidity, or presence of
dangerous gasses. Smart cities aim to deploy sensors that monitor the environment,
including the weather, air pollution, water quality, and traffic.

Much of the extant research using sensors focuses on applications in health,
environmental studies, transportation, and urban planning (e.g., Pentland et al. 2009). Yet
those data also offer important opportunities to study human behavior in the social
sciences. They can be used to evaluate how our actions change in response to different
stimuli, how we interact with each other, with the environment, and with technology.
Biometric information, for instance, has provided insights in the fields of psychology,
communication, and political science. Heart rate, blood pressure, and skin conductance
have been used to evaluate people’s attentiveness and arousal when exposed to political
messages (Soroka et al. 2019). Studies have also used eye tracking to examine how users
process visual information and what information on the screen draws their attention
(Vraga et al. 2019).

Archival data

In addition to vast records of people’s current behavior, technology has made it possible
to go back in time and digitize historical information and artifacts. Archives maintained
by government agencies, libraries, publishers, museums, and galleries are becoming
available in new formats. Those often include not only digital versions of the original
objects, but also important metadata that describes them.

One of the best known archival projects, Google Books, offers an example of digitizing
analogue data at a massive scale. In 2019, Google announced that they had digitized
more than 40 million books in over 400 languages, even though the initiative was
somewhat slowed down by copyright lawsuits. While there are still errors and limitations
in the scanned text and included metadata, the project offers an extraordinary
opportunity to study the evolution of language and culture. The Google Ngram service

allows users to track the frequency with which sequences of words appear in books over
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time. The ngram data has been used in studies of language (Montemurro and Zanette
2016) and cultural history (Schich et al. 2014). Interestingly, scholars have also used
Google Ngram to study broader questions, including the weakening of US social norms
over time (Jackson et al. 2019).

Newly produced online information also presents a record of our history that might
disappear if not preserved. The Internet Archive, a non-profit organization founded in the
1990s, has taken up the mission of archiving the world wide web. Scholars have also used
the Internet Archive to extract network data, focusing on hyperlinks among websites.
Research using these data has examined the evolution of online organizations (Weber
and Monge 2017) and the transition of journalism to the web (Weber, Ognyanova, and
Kosterich 2017). As we note below, a key gap in archiving the web is any effort to capture
the ephemeral internet, including search, recommendations, feeds, and other types of
data that are omnipresent on the internet.

Self-reported data

Surveys are not typically mentioned as a source of big data requiring computational
methods. A traditional social science approach, the gold standard for surveys involves a
small probability sample with each member of the population having an equal chance of
being selected.

Today, the landscape of polling has changed. With landlines no longer in wide use and
low mobile phone response rates, probability surveys have become more difficult and
expensive to conduct. At the same time, the internet now allows for fast and inexpensive
polling with large-scale online nonprobability samples. Working with such data can
present statistical and computational challenges, yet it is likely to play an important part
in the future of polling.

We have also learned a lot more about adjusting non-probability samples to match the
characteristics of the population. One well-known work seeking to show that properly
adjusted non-representative data can produce accurate forecasts comes from Wang et al.
(2015). Their study uses polling data from over three hundred thousand users of the Xbox
gaming platform (a group in no way expected to be representative of likely voters) to
correctly predict the 2008 presidential election results.



In recent years, large-scale online surveys have been conducted to track the spread of
COVID-19. A group of Carnegie Mellon researchers collaborating with Facebook polled
the social media platform’s users, collecting over 20 million responses in their first year of
operation (Salomon et al. 2021). Taking a somewhat different approach, the COVID States
Project! focused on quota-based sampling in each of the 50 US states and DC. From 2020
to 2022, the project launched 25 survey waves, collecting close to 500 thousand responses
from 350 thousand unique online participants. After quality control and adjustments, that
data performed well against a variety of benchmarks, including infection and vaccination
rates as well as political behavior (Green et al, 2023).

In addition to adjusting nonprobability samples to match population characteristics,
challenges with large-scale online surveys include ensuring respondent quality and
preventing automated responses (Kennedy et al. 2020). This is a work in progress, unlikely
to be completely resolved in the foreseeable future, but necessary to minimize survey
error and bias.

Combining survey data with digital records (e.g. social media posts) is another especially
productive avenue for research, as it allows us to match reported attitudes and online
behavior (Wojcik et al. 2021). An interesting emerging form of data collection presents
questions to respondents that pop up on their device at a particular time, when they are
at a particular location, or when they engage in a predefined activity (e.g. reading a news
article, purchasing a product, or posting on social media).

Small and qualitative data

While computational methods are most often applied to large datasets of digital records,
that is not the only context in which they are useful. In some cases, the approaches
provided by CSS are productively employed to explore very small data or support
qualitative research. In network science, for instance, scholars have applied exponential
random graph models to examine networks among a small number of wealthy Florentine
families, a few dozen karate club members, a handful of sociable dolphins, or the students
in a single high-school class (Caimo and Friel 2011).

1 A consortium of researchers from Harvard, Northeastern, Northwestern, and Rutgers university, including
the two chapter authors (see covidstates.org).
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In the realm of digital humanities, machine learning methods for natural language
processing can be used to examine a single work of literature or a set of related poems.
In those cases, the computational approach is often helpful in support of a qualitative text
analysis applied to historical records, literary works, or other cultural objects.

Automated text analysis tools can oversimplify some results and overcomplicate others,
missing nuances that an experienced scholar can capture. Digital humanities researchers,
for instance, have spent several years debating the merits of automated sentiment
analysis methods seeking to extract emotional plot arcs from classics like Oliver Twist or
Pride and Prejudice (Kim 2022).

At the same time, computational tools perform very well at some important tasks, such
as examining text features to identify the author of a document. For example, algorithms
designed for such identification tasks have been tested on The Federalist Papers to identify
the most probable author of 12 disputed papers.

Overall, computational methods can typically achieve higher accuracy and usefulness
when applied to (or trained on) larger datasets. Yet, we find it important to emphasize
that they can be successfully applied to smaller or qualitative datasets (Tanweer et al,
2021).

The theory behind CSS

Combining theory and found data

While computational social science is often seen as a methodologically driven area, it does
have an important role to play in the development, modification, and testing of theory.
The core mission of CSS is to advance our understanding of complex social systems. One
way to do that is to build on existing theoretical frameworks seeking to explain human
behavior, using larger scale data to capture nuances and temporal dynamics that may
have been previously unknown. A key challenge in that regard, however, is that theory
and available data are not always perfectly aligned.

The mapping of what is measured to theoretically driven constructs is essential to all
science. Much of existing social science is based on constructs built to evaluate a particular
theory and operationalized specifically for the purposes of research. In contrast,
computational social science largely relies on “found” data. That includes user-generated
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content, media content, digitized offline information, and a variety of digital records
created as part of the functioning of an online system.

To serve the goals of computational social science, found data need to be repurposed for
research. This does not make them intrinsically less valid than intentionally designed
constructs, but it often presents a tension. For example, using IRS tax-related data (Chetty
et al. 2014) may well be more accurate than asking people how much they earn; but
measuring friendship using Facebook ties would be problematic. Leaving aside the fact
that defining “friendship” is challenging on its own, it seems unlikely that either the
academic or the colloquial definition of “a friend” will fit everyone we connect to on social
media.

Signals and constructs

In order to produce theoretically robust computational social science scholarship, we
need to understand the relationship between the signals from our data and the constructs
from our theory. To do that, the CSS field has to dedicate efforts to two basic (but not
simple!) tasks.

The first task involves mapping signals to known constructs. Researchers need to
understand how they can operationalize existing theoretical constructs using new types
of data. We have developed measures of social capital in an offline setting. How can we
measure social capital using digital behavior records? We know how to evaluate
depression using a nine-item survey scale. Can we extract reliable metrics of depression
from unstructured text posted on social media? Scholars are already making steps in that
direction, trying to predict self-reported measures from digital metrics. One good
example of this is the literature discussing ways to identify political ideology from social
media data (Barbera 2015).

Another important aspect of CSS scholarship has to do with mapping constructs to
known signals. The idea in this case is to identify the theoretically relevant meanings of
observable digital behavior. Does “liking” a tweet suggest approval? Does clicking on
media links correspond to classic measures of news use? Can we use the same signal to
measure political interest? Is there a need to develop an entirely new theoretical construct
that fits better? Quite often, such questions may not have a simple answer. It may be
challenging, for instance, to find a construct that cleanly maps onto the signal of

“Facebook friendship.” In these cases, we can also advance scholarship by doing important
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descriptive work.2 We might ask questions such as “What is the distribution of tie strength
among Facebook friends?” or “How does the composition of Facebook friends differ
across social groups?” The descriptive details can help us when we need to answer more
complicated questions, such as “Can Facebook friends influence a person’s political
behavior?” or “How do friendship ties differ across various social media platforms?”

Conducting research that unpacks the links between theoretical constructs and digital
signals can be a challenge. Such works require extensive data collection including both
the new digital signal and the classically measured construct. In many cases, this involves
a combination of observational data with self-reported survey metrics (e.g., Eagle,
Pentland, and Lazer 2009). The work on validating a construct can thus be fairly resource-
intensive, while also appearing less appealing than testing exciting new hypotheses. Yet,
it is crucial in a field where many works still take for granted the untested equivalence
between measures and constructs.

The challenges of CSS

The substantial reliance of computational social science on “found” data created for
nonscientific purposes is a considerable challenge. As we discuss above, this poses a
measurement problem: how do we turn messy raw material into a highly polished
scientific product? Even before we ask that question, however, we run into another major
obstacle: the messy raw material we need is rarely freely available. As is often the case
with valuable materials, it is largely the property of governments and corporations.

Access

Access to data presents a major difficulty for scholars working in the area of
computational social science. Most datasets of interest are proprietary and virtually all of
them pose considerable privacy and ethical challenges (see more in following sections).

Powerful companies are often the ones who decide what digital data will be accessible
and what aspects of their platforms and products will be visible to the public. This is a

2 Similar considerations have motivated the recent launch of a new journal, Journal of Quantitative
Description: Digital Media. Both authors are members of its editorial board.
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particular concern with respect to analyses published by those corporate entities (Lazer
2015), but it may also apply to any research from data extracted from their systems.
Companies may, for instance, hold back data which might reveal information that would
be useful to competitors or provide fuel for regulation and policy intervention demands.

Such issues are not unique to computational research — they are endemic in the interplay
of power and science. The 17th-century Church, for instance, did not encourage
investment in telescopes; and fields of science are sometimes held captive by cadres of
scholars raised in old paradigms (per Planck’s quip that science advances one funeral at a
time). In the case of CSS, the entities that produce data are not neutral with respect to the
insights that they might yield. And, even when those entities are oblivious — consider, for
instance, the Elon Musk-led changes at Twitter — this does not obviously play to the
advantage of science. The particular reliance of the field on Twitter — with its generous
APIs and well-structured data, with rich textual, visual, relational, and geographic
dimensions — suddenly looks like a risky bet for CSS in 2023. It is as if the lenses of half
of the telescopes of the world may have cracked.

Ethics

Many of the data pose particular challenges for the current self-regulatory approaches in
research in academia. Vast archives of human data — typically collected for non-research
purposes — have emerged as foci of CSS research. It is far more feasible to observe
“public” behaviors of individuals today than it was a generation ago. For example, whether
people voted and their political contributions were, in principle, public a generation ago;
but in practice, quite hard to access. In contrast, social media are intrinsically visible to
third parties, and Twitter, in particular, has been a mainstay of CSS research for the last
decade. There are, furthermore, many proprietary archives of human behavior that have
been utilized for research purposes. Very often, because they are pre-existing, these
archives are considered “exempt” from human subject research guidelines. At the same
time, it is clear that scholars using such datasets without careful consideration of ethics
can harm individuals and groups in the data. Unsurprisingly, an ethical framework for
research built in the 1970s did not anticipate the issues of computationally powered
research on massive third-party data archives.

Another set of ethical issues surround the utilization of large-scale experiments on virtual
platforms. The malleability of digital spaces provides enormous possibilities for testing
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social science theories. Prominent examples include manipulations to encourage people
to vote on Facebook (Bond et al. 2012; Jones et al. 2017); an experiment to evaluate the
spread of emotions on Facebook (Kramer, Guillory, and Hancock 2014); and a recent test
of the “strength of weak ties” in helping people find jobs (Rajkumar et al. 2022). These
experiments must, by definition, affect people’s experience on the platform, yet they rarely
involve consent (except, perhaps, for broadly phrased language in the terms of service).

Online experiments have also typically been considered exempt from human subjects
review since they are conducted by the platform and not by academic researchers. That
has been the case even when an academic has been involved in the design of the data
collection. While Meyer et al (2019) persuasively argue that an experiment with multiple
conditions is not intrinsically problematic, the fact remains that there is a major gap in the
systems that regulate the ethics of human subjects research when the data collection is
conducted by corporate entities. Note that this is not relevant to experiments that are
directly conducted by academic researchers; the de-activation experiment in Allcott et al.
(2020) is exemplary in this regard.

Standards

Conducting computational research to examine human behavior is still a relatively new
practice. Academic researchers and companies alike are developing standards and best
practices for the collection, storing, and sharing of information. One of the most common
tasks of computational scholars, combining datasets from different sources, becomes
daunting when those sources have different (and often non-transparent) systems for
measuring and recording social phenomena. Clear data standards are also crucial for
conducting replications studies and data reanalyses, both of which are integral to a robust
process of knowledge production in science.

Things are similarly complicated with regards to ethical standards and practices. Policies
about consent, information privacy, and participant protection vary widely not only
between academic and industry research, but also between scholars in different
disciplines, universities, or countries. Developing a common vocabulary and a shared
understanding of key ethical principles is a key challenge ahead of the field.

15



Data quality

Even when scholars have clear and robust ways of matching theoretical constructs to
digital signals, good research may be hindered by low data quality. The “found” data
designed for nonscientific purposes is often messy, inconsistent, biased, and generally
problematic in ways that may be difficult to predict. Individual data points may contain
considerable error, and researchers have to ensure that the carefully processed and
aggregated data reveal meaningful patterns.

Different sources of data vary in the levels of curation they offer. While the Smithsonian
may carefully select, describe, and label objects in their archives, online forum data
scraped from the internet is rarely that clean and organized. Understanding dataset
provenance, quality, and collection methods is crucial if we want to make sure our findings
are genuine and not the result of faulty information processing and misinterpretation.

Representation

Who is represented in the data has always been a central challenge for the social sciences.
Random digit dialing surveys, for example, did not capture people without landlines; and
overrepresented those with multiple landlines. Even the US census, one of the most
rigorous and expensive national measurement efforts, largely misses the homeless
despite recent attempts to capture that group. Any data collection requires a focal point
— a frame within which individual units will be studied (e.g., landlines, homes). This is an
issue for CSS methods as well, and for many contemporary digital data collections, the
focal point involves activity on an online platform. Lurking (consuming information
without engaging in other activities) is often invisible, even though it is an important
behavior. For instance, Twitter is likely the most common source of computational social
science data, and yet until recently research only captured the active use of the platform.
The fairly common practice of just using Twitter to find information remains invisible to
external researchers. Scholars often rely on activity as a measure for attention (Lazer 2019),
which is surely distorting research results in many ways. We are bound to miss the people
who pay attention to a piece of information without hitting the “like” or “share” buttons,
while our research only records the non-representative group of users who do press those
buttons.
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More generally, CSS scholarship requires a careful consideration of the ways in which data
collection affects the applicability of our findings. Are results from Twitter data
generalizable to the entire world’s population? To Americans? To social media users? To
people on Twitter? To those who actively posted during the period under observation?
To users who posted with specific hashtags? Many works overestimate or leave unclear
the group to which their findings are applicable. This can be particularly problematic if we
design policy based on social media data which happens to exclude people with low
socioeconomic status, elderly people, or any other relevant social group.

Algorithmic confounding / temporal drift

Many sources of large-scale digital data suffer from algorithmic confounding. We define
algorithmic confounding as the ephemeral computational structures that often guide
human decisions, yielding human behaviors that cannot be properly interpreted as being
purely the result of individual preferences. For example: Twitter routinely nominates
accounts for users to follow. Ultimately, it is the choice of the user to follow an account;
however, it is very likely that the nomination process strongly affects those choices.
Research that relies on Twitter follower patterns may thus be vulnerable to changes in the
Twitter algorithm (or changes in the input data to that algorithm).

The issue of structural confounding is, of course, endemic in social science; everything
from where we travel, to what we purchase in the grocery store, potentially confounds
interpretation. However, the particular challenge of online research is the fact that these
momentary influences on decisions are typically not recorded and thus not available for
research. As a result, much — perhaps the vast majority — of research that purports to
be on online humans is really on cyborg behavior. In essence, we are looking at the
behaviors of technology-powered and algorithm-influenced humans. The algorithm may
change overnight, resulting in dramatic changes in the “cyborg”, while the underlying
human behavior in response to particular stimuli may have remained constant.

Adjacent to the issue of algorithmic confounding is the idea of temporal drift, which
suggests that patterns of behavior observed today may not generalize to patterns we will
see tomorrow. This is, more generally, a concern with respect to all of science, and
especially to the social sciences. The malleability of human society means that the
generalizability of scientific propositions and even of our measures must constantly be
critically evaluated. Changes in human mobility, for instance, have radically altered the
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rate and speed with which diseases spread. The dollar in 2022 means different things than
it did in 2000, with some metrics fairly translatable over time (the cost of bread), and
others not (the bitcoin exchange rate). The issue of temporal drift, however, is likely more
acute with online research, in part because of its inherent dynamism (Munger 2019).
Comparing the dollar of 2000 to 2022 poses some challenges; but that is a small leap
relative to the comparison of the social media of 2000 to 2022. Or, to take on non-internet
example; research positing a certain relationship between mobility and unemployment
rates (Toole et al. 2015) would likely have greatly overestimated the surge in
unemployment around the world at the beginning of the COVID-19 pandemic, when the
locus of work for many people shifted to the home.

The fracturing of data silos

In a narrow (and ironic) sense, the opportunity to create good samples from digital trace
data came before the incipient rise of the field. The very move of people to the online
realm meant that theoretically similar behaviors may now fall into widely divergent siloes
of proprietary technology. Consider, for instance, synchronous, non-physically proximate,
voice mediated communication. There was a point in time, not too long ago, when this
construct would simply have been described as a “phone call”. At that time, all of the
relevant US data would have been limited to phone records held by a single, state-
sanctioned monopolist. This initial pattern gave way to an oligopoly, later joined by few
internet-based voice-over-IP providers (e.g. Skype), until finally in 2023 there are a
countless number of ways to talk with people over long distances. This shift has been
good in many ways: long distance calls were very expensive 50 years ago, and are nearly
free today. The emergence of countless providers, however, presents considerable
challenges for research, which now may be based on odd, single-silo samples of
behaviors. Consider, for example, work looking at call detail record data from a single cell
phone carrier (Onnela et al. 2007). The resulting data set is massive, it includes detailed
call information for millions of people, and yet it is weirdly biased. The data does not
include landlines (which were still common when it was collected), it does not include
other carriers, or various internet voice providers. It is, therefore, capturing the
idiosyncratic sample of people who subscribed to a particular carrier, and a set of
behaviors for that population using one among many available tools to reach others. It is
the work of researchers to consider whether the findings of single-silo research are limited
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to a particular company, to companies using similar technology, or to all long-distance
voice communication.

The opportunities of CSS

Diversity and inclusion

The scale of many of the data used in CSS offer particular opportunities in studying
subpopulations. For a long time, the social and medical sciences have had a strong
majoritarian bias. Both for historical and for statistical reasons, the focus was on the larger
social groups within the population. Minorities are often scientifically neglected, and
smaller minorities even more so (Knight, Roosa, and Umana-Taylor 2009). This issue
becomes especially problematic when there is heterogeneity in observed relationships
across subpopulations.

Even today, social science has a strong tendency to study common individual-level
outcomes (income, voting, employment). However, many important behaviors reside in
small fractions of the population. For instance, there are vastly more academic papers in
US politics on voting than on contributing to campaigns; and even those papers that look
at contributing tend to examine median contributors rather than the median dollars. This
is so even though we know the top few hundred contributors have an outsized impact on
campaign funding and thus on political elections in the US.

In health and social policy research, we have underprivileged minority groups whose
specific needs or behaviors may get lost when we focus on the entire population (Yancey,
Ortega, and Kumanyika 2006). Large-scale digital data can give us the chance to study
small groups or unusual events, escaping the traditional focus on majorities that comes
with smaller research samples.

New metrics

The instrumentation of modern life makes it feasible to develop new measures of things,
including constructs that have long been theoretically central to the social sciences. For
example, while news consumption has been crucial to the study of mass communication
since the beginning of the field, it has only recently become possible to unobtrusively
measure what stories people actually read. Today, this is eminently doable — it is possible
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to monitor digital media consumption, capture browsing data, record TV viewing, or get
access to app usage (Watts, Rothschild, and Mobius 2021).

A variety of other behaviors have become possible or easier to measure. Physical activity
and sleep patterns can be captured through personal devices. Network connections can
be captured through device and platform records. New measures of previously
unanticipated phenomena (zoom fatigue, anyone?) are also emerging daily.

Rebuilding and developing theory

Computational social science can play an important role in advancing existing theories
and developing new models of social phenomena. Many classic frameworks need to be
carefully reexamined as their premises reflect a long-gone social and information
environment. Established ideas in communication, sociology, and political science, for
instance, may have new implications today — or even be entirely outdated. The new
spaces where socialization, communication, and information consumption happen
require new methods of study. Computational research offers the necessary tools to
replicate or evolve knowledge in a variety of domains.

Reconstructing history

One of the distinctive opportunities of computational social science is to reach back in
time thanks to digitally tractable large corpora of analog information. It is not possible to
go back in time to survey people regarding their beliefs and preferences; but it is possible
to analyze the content of millions of books, as evident from the Google Ngram research
we discuss in previous sections. Key sampling and measurement issues remain — for
instance, how can we evaluate whether the sampling criteria have remained constant over
time? How reliable is the software we use to digitize printed text over generations of
typesets used in documents across multiple centuries? Yet, the key point remains: the
opportunity for CSS to shed light on important phenomena stretches backwards in time,
not just forward.

Conclusion: The future of CSS

There is every reason to expect that computational social science will grow in the next few
years. The field is driven forward by an ever increasing capacity to instrument human
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behavior and computationally make sense of the resulting massive stream of information.
Over time, it will be possible to record more data about humans, and more of that data
will be computationally accessible for analysis. Current advances in using text as data will
be followed by increased use of images (and later video) as data. The epistemological
advantage that these formats often offer, the analytic power of large scale data, the
leverage on understanding context and complexity, should continue to attract scholars to
the field.

How much of the data will be accessible to scholars is a more difficult question. It is likely
that some uses of corporate data for research will decrease due to concerns about the
economic interest of companies contaminating the science. We can point to recent
examples from Facebook which illustrate typical corporate behavior in that regard. After
the public relations disaster of publishing a controversial emotion contagion paper
(Kramer, Guillory, and Hancock 2014), the company instituted careful review of externally
facing scholarship to evaluate the impact of that scholarship on perceptions of Facebook
before sharing it with the public. In 2015, perhaps, in anticipation of the public relations
disaster of Cambridge Analytica, Facebook sharply restricted the platform’s API (Lazer
2015).

Unfortunately, we can also anticipate the decay of free research APIs for access to data
streams from online platforms (Freelon 2018). There are (at least) three reasons why: (1)
reducing potential privacy impingements on users; (2) reducing the use of those data
against the corporate interest; and (3) the recognition that those data are a core profit
generator for the firm. One can also expect increased ethical concerns within the academy
regarding such data. That prediction is at least partly due to the fact that the implicit
consent of users to participate in research rests on their understanding of visibility their
information has on social media. That said, it is likely that there will be countervailing
pressures on companies to come up with viable models for providing research access to
data. We do see that Facebook has attempted various innovations in providing increased
analytic access, both through sharing aggregated data (King and Persily 2019), and
through the Facebook election integrity project.® Soon these efforts would have do be
expanded further thanks to new regulations. An important recent example, the Digital

3 See https://research.facebook.com/2020-election-research. Note that Lazer is an investigator.
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Services Act adopted by the European Union in 2022, requires large digital companies to
share data with researchers.

We anticipate the rise of scientifically oriented data collection platforms such as the
National Internet Observatory and Mozilla’s Project Rally.* These research platforms
represent a compromise among the potential strengths of CSS: well-consented subijects,
carefully and deeply measured, with behaviors captured across multiple internet
platforms; but at a much smaller scale and less representative than “all of a social media
platform” approaches to the field.

At present, simulation research and empirical data analysis are rarely used together in the
realm of social science. We expect that to change, as future work takes advantage of the
flexibility of agent-based models combined with the representativeness of observational
data. This shift should be helped along by the growing use of simulation in social science,
as well as by the ever-increasing computational power of technology which makes
complex modeling methods more viable.

We conclude by emphasizing the importance of including computational methods in the
standard toolkit that social scientists acquire during their academic training. The relevant
programming languages and software tools may change over time, but this training
should reliably allow researchers to collect, process, and analyze large-scale digital data
in theoretically meaningful and ethical ways. And, while not every social scientist will use
computational methods, they need to be both strongly represented and well-understood
across disciplines. Innovation enters a field as emerging scholars see new opportunities
and acquire skills aligned with those opportunities. Some social science doctoral
programs have integrated computational methods;, and some information science
programs are attempting a fusion of computer science and social science. It is in these
efforts to create a synthesis in training that we will build a new generation of researchers
who can combine robust theoretical understanding with large-scale data analysis in order
to examine a complex new information environment. In turn, computational social science
offers a shared vocabulary that can strengthen the bridges among disciplines in social,
natural, and computer sciences from which the field draws.

* Note that Lazer is Pl on the grant associated with the NIO and Ognyanova on an advisory committee.
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