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This dissertation presents three papers demonstrating how integrating graph (network) 

and language (text) data in machine learning models can enhance computational social 

science models. These two types of data are ubiquitous across many contexts in which 

computational social scientists work (e.g., social media platforms, online markets, and 

the Web as a whole). Relatively little research has analyzed how to model network and 

text data together at scale, partly since models for these data are often computationally 

expensive but also because statistical models for them require expert-driven decisions 

on feature engineering and how they are related within models. The first paper in this 

dissertation combines node and text embeddings in a downstream classification model 

to study mental health dynamics on Reddit. The second paper cascades knowledge 

graph classifications to a text clustering model to study how demographic confounding 

causes extreme instances of lifestyle politics using aggregated Facebook interest data. 

Finally, the third paper uses graph and language data from Amazon to study the spread 

of political and lifestyle polarization in the large online market and tests how network 

and morality features explain the presence of lifestyle polarization. Together, the three 

studies show how integrating graph and language data in machine learning models can 

facilitate computational social science not only by improving such models’ power, 

efficiency, and ease of use but also by allowing us to test new hypotheses and explain 

black box models. The conclusion contextualizes findings for academia and industry.
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CHAPTER 1 

 

Integrating Graph and Language Data: 
Problems and Promises for Computational Social Science 

Alexander Ruch1 

1 Cornell University, amr442@cornell.edu 

 

1      Introduction: Graph and Language Data – Bread and Butter of 

Computational Social Science 

This dissertation is organized as a set of sequentially independent but thematically related papers 

that inform computational social science – a developing approach to research and applied science 

that integrates techniques from computer, information, and network science with methods from 

sociology, political science, economics, social psychology, and other disciplines (Lazer et al. 

2009). A hallmark of computational social science is the ability to analyze massive amounts of 

unobtrusively collected data from electronic sources (e.g., behavior and information traces from 

social media, websites, documents posted on the Internet, links between web pages or online 

communities). The diversity and detail in these data are a boon for researchers and practitioners 

who work with complex and dynamic social phenomena that most traditional social science has 

only been able to study at small or moderate scales or with expensive and intensively collected 

data that typically require direct involvement with study subjects – involvement which may 

induce response biases and/or other measurement issues (Smart 1966, Hammersley et al. 1997). 

 

Computational social science is in infancy, however, and the full potential of this plethora of data 

to effectively progress scientific knowledge is still unrealized (Molina and Garip 2019, Lazer et 

al. 2020, Edelmann et al. 2020). For example, an opportunity frequently missed in computational 

social science is when data are extracted from sources that are relational in structure (e.g., 
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interactions over social media) yet only atomized text information is examined. For example, in 

the field of natural language processing, posts to a social media platform are often analyzed 

without networked data on authors’ friends/followers and their behavior, stripping text of 

relational context that could help inform texts’ meaning. By purging these data of their network 

context, researchers also shed their ability to directly test how neighborhood and structural 

effects like social influence, homophily, and complex social contagion shape behavior and 

information flows – a common area of study for sociologists and information scientists (Watts 

2005, Centola and Macy 2007, Easley and Kleinberg 2012,). 

 

Network science that foregoes text analysis when text data are inherent to entities’ interactions 

commits a similar oversight. For instance, one can build a recommendation engine with 

networked data alone (e.g., using movies that a user enjoys as a basis to suggest other movies 

that similar users liked for that user’s future viewing); however, people may like or dislike things 

for a wide variety of implicit and explicit reasons. Expressed preferences in individuals’ reviews 

can be mined for text-based information on sentiment, thematic topics identifying their interests, 

and unsupervised distance metrics can be used to cluster individuals with similar review 

language. Bail (2016), for example, provides a counterexample to this trend for social scientists. 

He used text and graph data together to demonstrate how advocacy organizations that acted as 

cultural bridges between diverse and typically disconnected communities promoted greater 

conversation among individuals across groups. More recently, McQuillian et al. (2020) mapped a 

network of groups’ interactions with different conceptual topics derived via Latent Dirichlet 

Allocation (LDA) topic modeling to analyze how conspiracy and extremist groups converged in 

their narratives on the COVID-19 pandemic from January to May of 2020. 
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2      Problems and Promises of Multi-modal Data 

The ability of graph and language data to augment each other has the promise to greatly boost 

the power of computational social science models while also enabling the field to test a wider 

range of theories and hypotheses than previously possible. With these two kinds of data, one can 

test outcomes through multiple forms of expressed and revealed behavior that may or may not 

coincide with each other. New theories may also emerge when studies reveal that network 

observations are incongruent with their analogous language observations, as people often say 

that they do or support things that they do not uphold – such as food people say they prefer to eat 

versus observations of food they actually consume (Friese et al. 2006). Similarly, by 

contextualizing language with graph data, scientists may be able to better disentangle multi-level 

causal effects across macro-, meso-, and micro-level environments (Giddens 1983, Coleman 

1986, Archer 1996, Gross 2009, Archer 2010, Lizardo 2010). Political debates, for example, are 

shaped not only by current national and international affairs but also by discourse unfolding in 

and between parties over time. Analyzing graph and language data together to study these 

dynamics may help researchers better understand why some policy proposals get passed and 

others do not (e.g., Pado et al. 2019). 

 

It is understandable, however, that few studies have explored how to best combine these two 

forms of data. From a programming and measurement standpoint, analyzing these data is 

complex. For example, say one wishes to sample 5,000 people to determine their political 

orientation and how their friends’ political orientation affected the individuals’ political behavior 

(e.g., voting). One could use a survey (like the General Social Survey) to ask the participants a 

few questions about their political ideology plus a few questions on their friends’ political 

ideology (e.g., “Are most of your friends liberal, conservative, or moderate?”). With these data, 

https://gss.norc.org/
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the researcher could construct a regression model with 5,000 observations of individuals’ 

political behavior regressed against their own political orientation and that of their friends, 

resulting in a model of at least 15,000 observations (= 5,000 individuals times 3 for variables 

measuring individuals’ political behavior, individuals’ political orientation, and individuals’ 

friends’ political orientation). On the other hand, one could use a social network approach to test 

political dynamics (Ward et al. 2011, Bond et al. 2011). For instance, one can survey or extract 

public social media data from 5,000 people from the same network (e.g., a university, workplace, 

sport club, or Facebook group) and measure their political ideology and behavior. To test how 

the political ideology of one’s friends shapes one’s political own behavior, a researcher can 

construct a graph of these individuals’ relationships in the network, generating a model with 

nearly 25 million observations (= 5,000 × 4999, as each person in the network may share a 

relationship with any of the other 4,999 network members, but where many people likely have 

no direct connections to each other). 

 

Overall, this network-based approach has approximately 1,667 times more observations for 

testing compared to the regression-based approach. While this extra data may seem like a lot of 

overhead, network-based approaches allow one to test hypotheses that cannot be easily tested in 

regression-based approaches. For example, in the network model, one does not need to ask 

individuals about the political ideology of their friends, as we can directly calculate it or infer it 

based on how many liberal and conservative friends one has (Shi et al. 2017a). Additionally, we 

can calculate other potentially useful metrics to study, including how central individuals are 

located in the network (Freeman 1978, Faust 1997, Borgatti 2005, Brandes et al. 2016) or 

whether they are embedded in certain clusters of friends in the network (Moody 2001, Leskovec 
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et al. 2008, Ertem et al. 2016, Malliaros et al. 2013), which may be positively associated with 

individuals’ political behavior (e.g., if one is at the center of a liberal cluster, then they are 

probably more likely to have liberal behavior than one who is at the periphery of a liberal cluster 

or one who is between a liberal and conservative cluster). Given this structural data, one can also 

test how politically relevant, politically aligned, and politically polarized different topics are 

within and across groups (Shi et al. 2017b). 

 

Many other insights can be gleaned from such sets of unobtrusively and passively collected data 

(O’Malley and Christakis 2011). One must be cautious, however, to remember that much of 

these passive data reflect revealed preferences (versus the expressed preferences gathered in 

surveys; cf. McDaniels 1988), which may not provide a complete picture of the phenomena a 

researcher is trying to explain. In the case of political behavior, for example, one may wish to 

know individuals’ expressed preferences about their friends’ political ideology, as people who 

say their friends have mixed political ideologies but whose networks reveal that they are 

centrally embedded in groups of friends with a singular ideology may be different in important 

ways than individuals who clearly understand their friends’ beliefs and the topography of their 

social networks (Krackhardt 1987, Brands 2013, Shea et al. 2015). 

 

Similar complexity issues exist for language data. To model words, phrases, and documents and 

their relationships to specific outcomes, we must quantitatively encode the qualitative 

information in text. One way to do this is to find all of the unique words that appear in a corpus 

of documents and construct a vocabulary vector of this space (e.g., if 10,000 unique words 

appear in a corpus, our vocabulary vector will have 10,000 elements, where each element 



 

 6 

represents one word). Next, for each document, one can count how many times each word 

appears and generate a document vector the same length as the vocabulary vector but where each 

element represents how many times that word appeared in the document. This approach, called a 

n-gram model, can be enhanced by weighting words by how often they appear in a document 

compared to how often they appear in the corpus, creating a term frequency–inverse document 

frequency (tf-idf) approach (Luhn 1957, Manning et al. 2008). Using a tf-idf approach enables 

one to model how some words may be more important to a set of documents compared to others. 

 

More complicated approaches exist to encoding words quantitatively, including methods which 

create vectors for words to represent how similar they are to other words (Mikolov et al. 2013), 

techniques to embed words using information from transferring what language models learn 

across many different word and document prediction tasks (Howard and Ruder 2018), and 

transformer models that represent words and contexts in which they are used based on a 

hierarchy of internal neural networks that give words “attention” weights depending on how the 

words are used in a sequence (Devlin et al. 2018). A benefit of these latter models is that they 

also avoid data sparsity in models that occurs when each document uses only a small proportion 

of words in the vocabulary. In other words, if a document uses 1,500 unique words out of the 

10,000 vocabulary words, the n-gram vector for the document would by 85% empty (zero values 

for most elements’ word counts); however, in embedding and language models, no words have 

empty vectors, allowing downstream prediction/classification models to use much more text 

information. Even with these developments, quantifying context and meaning remains an 

arduous task, especially as both tasks often depend on who is writing and reading the document 

in question (Smith 2019). For example, a reader may interpret a social media post about their 
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demographic group differently than someone from another group would (Sap et al. 2019). 

 

Despite these constraints, graph and language data possess complementary information that may 

enable models that use them both to be more robust and flexible in application. Specifically, the 

contextual information in graph data may help language models that struggle to capture the 

milieu of communication. Likewise, language data contains rich information on individuals’ 

expressed preferences and beliefs that are often left out of the structural analyses of graph 

models. Therefore, modeling approaches that use both graph and language data may be able to 

better analyze social dynamics compared to approaches that include only one kind of data. On 

the other hand, because these models are complex computationally, combining multiple data 

types may not be worth the gain in accuracy/precision or may make it prohibitively difficult to 

interpret or explain models. From a causality standpoint, additional data could also hinder a 

researcher’s objective by creating backdoor effects. It is not a guarantee, therefore, that 

integrated models will always help us reach our goals. Knowing the aforementioned boundaries 

will qualify the present limits of integrated models’ potential benefits, creating clear paths for 

how future models may circumvent or solve such restraints. 

 

3      Overview of Chapters in this Dissertation 

Given these knowledge gaps and insights on how graph and language data may complement one 

another, the core question I will answer in this dissertation is when and why does integrating 

graph and language data enhance computational social science models and the inferences one 

can draw from them? I will accomplish this goal through a series of papers in which I develop, 

apply, and evaluate graph and language models to test computational social science theories and 

hypotheses about the following topics: 
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1. Community detection and rare event prediction (suicidality) among Reddit users 

2. Demographic confounding of lifestyle politics among Facebook interests 

3. The spread of political and lifestyle polarization across Amazon.com 

 

I conclude this dissertation by discussing key takeaways from each chapter, addressing 

limitations revealed across the studies, and outlining future research that might address these 

limitations and extend the proposed approaches to integrating graph and language data in 

machine learning models for computational social science. These points will be made not only in 

respect to advancing such approaches for academic and theoretical work but also to industry 

applications of such models in production, given that the latter’s environment has different 

constraints than the former which can run for longer periods of time without as great of need to 

make predictions quickly for end users. On the other hand, I will also discuss how industry 

models that integrate these data may have opportunities that academics who run such models do 

not, including funds for large compute clusters and massive stores of proprietary data for training 

and evaluating their models. It cannot be understated that these two contexts greatly shape when 

and how integrating graph and language data improves the end results of one’s modeling 

endeavors. 

 

3.1   Paper 1 – Can x2vec Save Lives: Integrating Graph and Language 

Embeddings for Automatic Mental Health Classification 

Graph and language data provide important information for making predictions and 

classifications of social behavior; however, the two forms of data are rarely integrated to reach 

these ends. Since network and text data complement each other in important ways, models that 

combine them may be especially proficient at predicting rare events, but such outcomes are often 

hard to model since they typically require massive amounts of data for generalizable results. 



 

 9 

Also, traditional ways of using graph and language data together are computationally intensive 

and often require extensive topic expertise of how to best combine them. 

 

I explore three questions in this paper. First, do unsupervised deep learning methods for graph 

and language data generate accurate and precise models while circumventing the computational 

and feature engineering issues that inhibit their traditional analytical counterparts? Second, to 

what extent do node and document embeddings extract redundant information (e.g., how 

correlated are graph and language embedding distances)? Third, does integrating graph and 

language data allow us to create models that remain robust in their predictions when one form of 

data is noisy or weak? For example, if some members of a suicide support community are distant 

from the group in graph space but are close to the group in language space, will the model still 

predict that those users will post in the suicide support group? 

 

Using heterogeneous node and document embedding models, I train a set of unsupervised 

machine learning models to learn low dimensional representations of graph and language 

information in a large sample of Reddit users’ submissions to general, self-help, mental health, 

and suicide support subreddits. A key contribution to the dissertation’s objective is finding that 

the two embedding models have little correlation (𝜌 < 0.23), indicating the graph and language 

models do not extract redundant information. Another contribution this paper makes to 

enhancing our understanding of how graph and language models can work together is the result 

that combining graph and language embedding data into one model generates a more accurate 

and precise classification model than using graph or language data alone (90% accuracy versus 

69% and 76% accuracy, respectively). Finally, qualitative analysis of the graph embeddings 
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projected into two-dimensional space reveals that the integrated model successfully classifies 

users who post in r/SuicideWatch even if they are not embedded near the suicide support group. 

The ability of this model to perform so well without expert-driven feature engineering is 

remarkable, as most studies that test similar outcomes perform worse than this paper’s model 

even though they often use supervised models trained on annotations from mental health 

professionals, and supervised models tend to outperform unsupervised ones. In doing so, this 

paper also contributes to the dissertation by showing how computational scientists can apply 

these models without necessarily being expert in particular domains (e.g., with no need to hire 

professional labelers, with no need to spend as much time manually extracting information from 

large corpora, and with no need to do complicated feature engineering) – a substantial barrier to 

getting researchers to learn and apply new modeling strategies. 

 

3.2   Paper 2 – Demographic Confounding Causes Extreme Instances of 

Lifestyle Politics 

Lifestyle politics emerge when activities that have no substantive relevance to ideology become 

politically aligned, such as when long hair became aligned with liberals in the 1960s and how 

country music is conservatively aligned. In this paper, we use an aggregated sample of Facebook 

interest data test if social identities from demographics like race/ethnicity, education, age, 

gender, and income act as coordinating mechanisms through which lifestyle politics mobilize 

and spread. For instance, highlighting two examples from the paper, Black artists/performers and 

immigration have strong political alignments with liberals and conservatives at the aggregate 

level, respectively. What makes these interests politicized? Are they inherently political? Could 

it be that many ideas and actions that we associate with particular political parties are aligned the 

way that they presently are not because they have anything to do with liberal or conservative 
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political values but instead are aligned because those interests appeal to individuals from a 

particular demographic group that also tends to lean one way politically? 

 

Decomposing interests’ political alignments for demographic effects led lifestyle politics to drop 

by 27.36% toward the political center. Controlling for demographics also led the aforementioned 

aligned interests (and many others like them that had no apparent inherent political attributes) to 

no longer appear among the most polarized interests. As these results are derived from 

aggregated trace data of users expressed and often revealed preferences, we also validate the 

results of our decomposition approach against regression-based statistical controls using 

individual-level data from the General Social Survey. Validation tests find similar demographic 

confounding of lifestyle politics exists among individuals in survey data and that it is attenuated 

after controlling for social demographics. Moreover, since these entanglements in the validation 

study existed before social media such as Facebook were pervasive, we can be additionally 

confident that our results are not due to echo chambers or filter bubbles but instead are a general 

phenomenon. In conclusion, since demographic characteristics exist prior to ideological values, 

we argue that these demographic effects are causally responsible for the extreme instances of 

lifestyle politics that we find among the aggregated interests. We then relate our findings to 

research on homophily and social influence, evolving belief networks, opinion cascades, 

Simpson’s paradox, and cultural omnivorousness. 

 

In the context of this dissertation, the primary way in which this chapter extends our 

understanding of how integrating graph and language data facilitates computational social 

science research is by using the results of an unsupervised graph machine learning model as 
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input for an unsupervised language machine learning model to enable one to test hypotheses they 

could not test before. The paper showcases how computational social scientists can use a model 

for one kind of data to serve another to reach an analytical goal, in other words – an instance of 

the cascading models design pattern (Heitz et al. 2008, Lakshmanan et al. 2020). Specifically, 

the interest data we analyzed had no taxonomic hierarchy into which we could readily group 

interests (e.g., music, food, television, cities, business, etc.), making it difficult to test interesting 

hypotheses about whether controlling for demographics decreased lifestyle politics more among 

certain interest categories versus others. Performing topic modeling on interests’ extracted 

Wikipedia knowledge graph categories enabled us to group interests into thematic groups on 

which we could then perform such tests. Without this additional application of graph and 

language machine learning models, one could only study how the distribution of lifestyle politics 

shifted overall after controlling for demographics. Additionally, we show that attempting to 

create clusters from network-based approaches without using language data produces suboptimal 

and incoherent results, further demonstrating how analyzing graph and language together creates 

stronger results than can be reached by modeling only one kind of data. 

 

3.3   Paper 3 – Millions of Co-purchases and Reviews Reveal the Spread of 

Polarization and Lifestyle Politics across Online Markets 

The third and final paper also examines political and lifestyle politics but in a different context –

online markets. After reviewing recent work on how liberals and conservatives are polarized in 

their consumption of scientific books on Amazon.com (Shi et al. 2017b), we argue that this work 

does not go far enough and that it fails to fully explore whether such polarization is spread across 

other product categories (and thus indicate the presence of lifestyle politics) and what may 

explain the divisions. For example, do differences in moral values between partisans explain 
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cultural fault lines we observe? 

 

Our work also evaluates the spread of polarization in markets more deeply than previous 

research. We use network data from co-purchases in addition to co-reviews with platform and 

user data, and we extract reviewers’ review text. With these graph and language data, we trained 

a graph machine learning model to classify liberal/conservative/politically-unrelated products 

over a wide range of product categories and trained a text machine learning model to classify 

moral values in reviews (e.g., care, fairness, etc.). Finally, after learning to classify the presence 

of lifestyle politics among products, we used the morality covariates in addition to other network 

covariates (e.g., Bayesian measures of political relevance) to test which features best explain the 

presence of lifestyle politics. 

 

Overall, we find pervasive lifestyle politics. Cultural products are 4 times more polarized than 

any other segment, products’ political attributes have up to 3.7 times larger associations with 

lifestyle politics than author-level covariates, and morality has statistically significant but 

relatively small correlations with lifestyle politics. In light of the dissertation’s goal, using graph 

and language data to examine lifestyle politics helps us better understand the extent and root of 

partisan differences, why Americans may be so polarized, and how this polarization affects 

market systems. Using only graph data would not allow us to understand how moral values are 

associated with the magnitude of lifestyle politics we observe, and only using review text would 

make it difficult to identify which products are liberal or conservative. This paper also provides 

an example for computational social scientists on how to use the results of one machine learning 

model (i.e., moral values classified in text) to explain the results of another model (i.e., lifestyle 
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politics classified among products in the network). Given the importance of whether a model can 

be interpreted and explained and given the “black box” nature of many machine learning models, 

the approach utilized in this paper may be a middle ground to help researchers and practitioners 

better determine why models make their predictions.  
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Can x2vec Save Lives? 
Integrating Graph and Language Embeddings for Automatic Mental Health Classification1 

Alexander Ruch1 

1 Cornell University, amr442@cornell.edu 

 

Abstract 

Graph and language embedding models are becoming commonplace in large scale 

analyses given their ability to represent complex sparse data densely in low-dimensional 

space. Integrating these models’ complementary relational and communicative data may 

be especially helpful if predicting rare events or classifying members of hidden 

populations – tasks requiring huge and sparse datasets for generalizable analyses. For 

example, due to social stigma and comorbidities, mental health support groups often form 

in amorphous online groups. Predicting suicidality among individuals in these settings 

using standard network analyses is prohibitive due to resource limits (e.g., memory), and 

adding auxiliary data like text to such models exacerbates complexity- and sparsity-

related issues. Here, I show how merging graph and language embedding models 

(metapath2vec and doc2vec) avoids these limits and extracts unsupervised clustering 

data without domain expertise or feature engineering. Graph and language distances to a 

suicide support group have little correlation (ρ < 0.23), implying the two models are not 

embedding redundant information. When used separately to predict suicidality among 

individuals, graph and language data generate relatively accurate results (69% and 76%, 

respectively) but have moderately large false-positive (25% and 21%, respectively) and 

false-negative (38% and 27%, respectively) rates; however, when integrated, both data 

produce highly accurate predictions (90%, with 10% false-positives and 12% false-

negatives). Visualizing graph embeddings annotated with predictions of potentially 

 
1 This study has been published in the Journal of Physics: Complexity (https://doi.org/10.1088/2632-072X/aba83d). 

https://doi.org/10.1088/2632-072X/aba83d
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suicidal individuals shows the integrated model could classify such individuals even if 

they are positioned far from the support group. These results extend research on the 

importance of simultaneously analyzing behavior and language in massive networks and 

efforts to integrate embedding models for different kinds of data when predicting and 

classifying, particularly when they involve rare events. 

 

Keywords: graph embeddings, language embeddings, information networks, social media, mental health. 

 

1      Introduction 

Complex social dynamics like behavior and communication patterns are often sparse in the sense 

that such data for any given individual, group, or entity have few observations of interest and 

many null or irrelevant observations. For example, in a network of 1,000,000 individuals, 

someone who has interacted with just 1% of the network has large number of ties to others 

(10,000), but their vector of actual and potential ties to others is nearly empty. The same 

outcome develops from a text that includes 100 unique words from a vocabulary of 10,000 

words. This sparsity compounds the already complex practices of network analysis and natural 

language processing. Embedding models, however, are useful solutions to this problem, as they 

effectively (in terms of time and memory) learn dense low-dimensional representations of 

complex sparse data. In other words, embedding models can represent the aforementioned 

individual’s network connectivity in a 128-dimension vector with non-null elements instead of a 

mostly empty 1,000,000-dimension vector. 

 

Embedding models were first developed in natural language processing to represent similarities 

between words given the similar linguistic contexts in which they co-appear (e.g., word2vec in 

Mikolov et al. 2013). These models were then extended to embed words using their subword 
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information (positioning “write” close to “writes” and “wrote”) and extended to embed sentences 

and documents based on the words and topics in them (Bojanowski et al. 2017; Le and Mikolov 

2014). Models to embed networks were based on these techniques, treating the nodes in a graph 

like words in a document. Nodes are sampled from the graph using random walks (Perozzi, Al-

Rfou, and Skiena 2014), and the random walk algorithm can be adjusted to account for 

homophily and structural equivalence (Grover and Leskovec 2016) and for heterogeneous/multi-

modal graph structure (Dong, Chawla, and Swami 2017). Collectively, these vectorized 

embedding models are often referred to as “x2vec” models (e.g., Grohe 2020), as their names 

often end in “2vec” (e.g., word2vec, doc2vec, node2vec, metapath2vec). 

 

Given their facility for analyzing complex network and language problems, integrating these two 

complementary embeddings may overcome the limitations of any single embedding and extend 

computational social science by making possible simultaneous analysis of multiple types of 

action. For example, integrated models may be especially helpful if one’s research involves 

predicting rare events or classifying members of hidden populations, tasks requiring huge and 

sparse datasets for generalizable models. Using standard network analyses in these cases can be 

prohibitive due to resource limits (e.g., memory), and adding auxiliary data like text to 

complement these models further exacerbates their complexity and sparsity-related issues, as one 

sparse matrix combined with another often produces an even larger sparse matrix. For example, 

suicidality is stigmatized worldwide and frequently develops along with a wide range of other 

physical and mental health comorbidities (Corrigan 2004; Corrigan and Watson 2002). 

Individuals struggling with suicidality often seek sporadic support in amorphous online groups, 

making it difficult to classify members of these groups and predict those who may become 
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suicidal. Producing representative models of these outcomes requires lots of sparse data, in other 

words, as most individuals never post in a support group and those who do may post in a large 

number of other online groups before they finally post in a support group. 

 

In this paper, I show how integrating graph and language embedding models (metapath2vec 

and doc2vec – two of the aforementioned “x2vec” models) avoids the aforementioned limits 

while extracting unsupervised clustering data on networks and language without requiring 

domain expertise. I then measure how correlated these embeddings’ distances are with each other 

to evaluate the extent to which they are extracting redundant similarity data. Next, I compare 

graph and language embeddings’ separated and integrated abilities to generate accurate 

predictions of rare events: posting submissions to Reddit’s r/SuicideWatch subreddit for suicide 

support in a heterogeneous network of 35.5 million nodes and 190 million edges. Finally, I 

quantitatively and qualitatively evaluate the integrated model’s ability to avoid false-positives 

and false-negatives in this context – which is important when there are vastly more negative 

cases than positive cases, as a model could have apparently high accuracy by always predicting 

“negative.” The results of this study extend research on the importance of simultaneously 

analyzing behavior and language in massive networks and efforts to integrate different kinds of 

embedding models for prediction and classification tasks, especially when they involve rare 

events. Note that while I use two specific “x2vec”-style embedding models for my application, 

researchers and data scientists working on similar tasks involving predicting/classifying rare 

events with complex, unlabeled data may use other unsupervised embedding models with 

success. The key point to highlight here is the utility of using these kinds of models for complex 

tasks involving both network and language data. 
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All data used in this study are publicly available from Reddit. The code used to sample the 

network and perform graph and language embeddings, natural language processing, and machine 

learning predictions is available at https://github.com/AlexMRuch/Can-x2vec-Save-Lives. Care 

is taken to avoid presenting personally identifiable information in this paper, and all examples of 

submissions are paraphrased. This work was approved by the appropriate Institutional Review 

Board of the author. Please note this work does not make diagnostic claims related to mental 

illness or suicide. 

 

2      Related Work 

2.1   Network Analysis 

Similarity between nodes in a network can be measured in various ways; however, many 

methods focus on extracting nodes’ structural equivalence: the extent to which two or more 

nodes share the same set of edges to other nodes in the network (Borgatti and Grosser 2015). 

These nodes hold the same position in a network and are equivalent to each other even if they 

share no edge(s) between themselves. For example, if a company had two managers who worked 

with the same employees but who did not work with each other, these managers would have 

structurally equivalent positions in the company’s network. Moreover, since these managers are 

connected to all of the same people, they can be said to be redundant in the network and may 

replace one another, as neither works or interacts with anyone else in the network who the other 

does not also work or interact. In many cases, however, we do not wish to know if two nodes 

share exactly the same set of neighbors. 

 

Methods of measuring nodes’ similarities can either derive continuous distances between nodes 

or identify classes of nodes that are more or less similar (e.g., for clustering or community 

https://github.com/AlexMRuch/Can-x2vec-Save-Lives
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detection). For example, continuous measures include the following methods. Euclidean distance 

equals the number of network neighbors that two nodes do not share and is normalized by 

dividing by the total number of nodes in the network. The Pearson correlation coefficient can 

also be used to get a normalized measure of shared network neighbors. The Jaccard coefficient 

equals the intersection of network neighbors shared divided by the union of network neighbors 

shared. Cosine similarity takes into consideration nodes’ degree by taking the number of network 

neighbors nodes share and dividing it by the geometric mean of those nodes’ degrees. Shi and 

Macy (2016) find that each of these methods are biased when measuring similarity among nodes 

in large networks, as the nodes in these networks can have highly skewed degree distributions 

which can overemphasize the effect of nodes’ out-degrees on their similarity in many of these 

methods. They recommend using the standardized co-incident ratio in such cases, as its measure 

of similarity – based on the number of observed common neighbors divided by the expected 

number of common neighbors in a random network – is not biased in large networks with 

millions of nodes. 

 

By contrast, similarity measures that identify discrete groups of similar nodes classify sets of 

nodes that share many connections within their respective groups but have little or no connection 

to other groups. Such groups are often called cohesive subgroups (Frank 1995, 1996). For 

example, using hierarchical agglomerative clustering on a network’s similarity matrix (generated 

from any of the metrics in the previous paragraph) produces a tree-like structure of groups of 

increasingly similar nodes from pairs of nodes to small groups of nodes to larger groups of nodes 

all the way to where the whole network is clustered into one group. One can use a dendrogram to 

visualize this tree and select a cutoff threshold for similarity to generate classes of nodes that 
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formed within the threshold. Modularity is a similar algorithm that maximizes the proportion of 

edges lying between nodes in a group minus the expected proportion of edges existing between 

nodes in a group at random. Unfortunately, this method can suffer from a “resolution limit” in 

which relatively small classes of similar nodes are overlooked by the algorithm (Fortunato and 

Barthé 2007). 

 

Hierarchical stochastic block models (HSBMs) attempt to bridge the gap between continuous 

and discrete measures of similarity. In HSBMs, levels of increasingly similar groups (or 

“blocks”) of nodes are produced using algorithms that iteratively partition nodes into groups in 

which member nodes share many connections to each other while sharing no or few connections 

to nodes in other groups. These models do not suffer from the “resolution limit” that hampers 

modularity measures (Peixoto 2014). Additionally, these models can adjust nodes’ similarities 

based on their degree and can generate overlapping (i.e., continuous) groups as well. Lastly, 

HSBMs can be used to analyze core-periphery structures in networks and to predict whether 

edges exist between nodes. Despite these advances, HSBMs are computationally expensive and 

may be unsuccessful in large networks, as their algorithms require keeping a large amount of 

data in memory (Fortunato and Hric 2016). 

 

Given the complexity of accurately measuring network similarity at scale, attempts to add 

auxiliary language data to network analyses have been limited – yet, such data is recognized as 

important to accurately capturing complex social interactions in ways that extend beyond what 

either behavior or communication data captures on its own (Benamara, Inkpen, and Taboada 

2018). Many studies that have integrated these two forms of data have used qualitative discourse 
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analysis of text, which – while powerful at capturing nuanced meanings in interactions – are 

limited to small scale studies and require expert working knowledge of the given context (Moser 

et al. 2013). On the other hand, many studies that have used quantitative text analysis 

approaches, like natural language processing, in addition to network analysis have often used 

few measures of network structure and similarity (Benamara et al. 2018; Gonzalez-Bailon et al. 

2010). Bail’s work (2016) contrasts with these trends by directly integrating language similarity 

data with network structure measures (e.g., closeness and betweenness centrality) in his study of 

autism spectrum disorder advocacy organizations and their communication practices. Though his 

method enabled the analysis of cultural bridges through a combined behavior and 

communication framework, his approach to natural language processing used a bag-of-words 

tokenization that removed much of the language’s context that comes from how words are used 

in a particular order (e.g., “I know, vaccines don’t cause autism” vs “I don’t know, vaccines 

cause autism”). Leaving such properties of language out of our analyses may cause us to miss 

important dynamics in modeling social interaction and similarity. 

 

2.2   Embedding Models 

2.2.1 Graph Embedding 

The similarity measures mentioned above run on networks’ adjacency matrices. If a network has 

1,000,000 nodes, the size of this matrix will be 1,000,0002 (i.e., it will contain one trillion 

elements). If the network is sparse, the elements in this adjacency matrix will be mostly empty, 

contributing to substantial computational overhead that generates little information. Embedding 

models avoid these limitations by learning dense low-dimensional representations of data. In 

other words, one can use embedding models to learn similarities between nodes in this network 

of 1,000,000 nodes without analyzing its adjacency matrix and produce a matrix of 1,000,000 
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rows (one for each node) and D columns, where D represents the depth of similarity dimensions 

representing the network (typically 64, 128, 256). The positional values of these D elements will 

be  rarely be empty, which addresses our sparsity concern, and the fact that D is miniscule in size 

compared to the number of nodes in the network allows us to avoid memory limits. This 

embedding matrix can then be used for other downstream similarity tasks like cluster analysis. 

 

Graph embeddings can be constructed through three methods, each of which has its own 

strengths and limits (Cai, Zheng, and Chen-Chuan Chang 2017; Goyal and Ferrara 2017). First, 

factorization of graph adjacency matrices (Ahmed et al. 2013) can extract similarities between 

nodes and their neighbors (first order proximity) and similarities between nodes and their 

neighbors’ neighbors (second order proximity), as is done in LINE (Tang et al. 2015). This 

approach is limited, however, as it must run on networks’ adjacency matrices, which hampers its 

ability to run on networks that are too large to load into memory. HOPE (Ou et al. 2016) attempts 

to overcome this limit by using Singular Value Decomposition to create a low-dimension 

representation of the adjacency matrix and then embeds first and second order proximities in the 

similarity matrix. 

 

While HOPE does reduce memory load and embedding’s computational complexity, 

factorization-based embedding methods still require all nodes in the network to be loaded into 

memory at once. Many deep learning embedding methods have the same requirement. For 

example, SDNE (Wang, Cui, and Zhu 2013) passes nodes and their neighbors through a series of 

autoencoders to learn the graph’s structure. This method is both computationally efficient and 

capable of learning non-linear features of structural similarity without supervision; however, 
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because the whole network must be loaded in memory at once, it cannot be used in cases where 

the target network cannot fit in memory or where it is not possible to collect the whole network 

(e.g., when nodes and edges may be missing or cannot be extracted due to sampling limitations 

or restrictions). 

 

Using random walk sampling methods in deep learning embedding models avoids the space limit 

issue of models that require loading the whole network into memory. Many of these models learn 

nodes’ primary and secondary similarities by iterating through sequences of nodes extracted 

from random samples and using a Skip-Gram-based model to generate embeddings that 

maximize the probability of observing the neighbors of nodes – up to a specific window length – 

conditional on nodes’ present embeddings. For example, if a walk from a sample included the 

nodes user1, user2, user3, user4, user5, and so on, and if nodes are embedded over a window of 2, 

then the Skip-Gram model would increase user1’s similarity to user2 and user3, then increase 

user2’s similarity to user1, user3, and user4, then increase user3’s similarity to user1, user2, user4, 

and user5 – and so on. To quicken training, the Skip-Gram model is often run jointly with a 

negative sampling process that adds distance between the focal node and a set of non-neighbor 

nodes. The details of this algorithm and how it is applied in the paper are outlined in Section 3.2. 

 

DeepWalk (Perozzi et al. 2014) was the first graph embedding model to use the Skip-Gram 

model. It used strictly random walks to generate samples of nodes to train the embedding model. 

Grover and Leskovec (2016) also use Skip-Gram to embed nodes, but they use two parameters to 

bias the random walk’s probability of returning to the node last sampled and to bias the walk’s 

probability of sampling nodes close to the node last sampled versus that are nodes far from it. 
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Together with the Skip-Gram model, this biased random walk sampling process helps embed 

nodes that can have more or less homophily and structural equivalence. The metapath2vec 

model (Dong et al. 2017) extends this approach for embedding heterogeneous graphs comprised 

of different types of nodes (e.g., universities, researchers, papers, and conferences). To do this, 

one defines a metapath-biased random walk scheme: a set of node types to sample in a specific 

order (e.g., {researcher, paper, conference, paper, researcher} embeds the similarities of 

researchers based on the conferences in which they both present papers). A variant, 

metapath2vec++, modifies the negative sampling procedure as well to generate a set of 

embeddings that are specific to each type of node encountered (e.g., researchers are embedded 

near researchers and far from papers, which are embedded closely). 

 

2.2.2 Language Embedding 

The Skip-Gram model and negative sampling process were originally developed to embed words 

using word2vec (Mikolov et al. 2013). In the context of language, this embedding model learns 

to maximize the probability of words that co-occur. For example, if you read the sentence “I 

drink ____ for breakfast,” words like coffee, tea, milk, juice, and water probably come to mind 

based on how you have likely heard or read this same sentence with each of these words in the 

middle many times before. In other words, each of these breakfast beverages shares a similar 

language context. One limitation of this model, however, is that it does not embed information 

about word order. For example, it cannot estimate the meaning and similarity of “Buffalo wings” 

to other words by simply combining the embeddings of “buffalo” and “wings.”2 The word2vec 

sampling algorithm can be updated to identify and embed such phrases, however (Mikolov et al. 

 
2 Moreover, it cannot deduce the fact that people from Buffalo, NY, only call them “wings.” Homonyms like 

“Buffalo buffalo Buffalo buffalo buffalo buffalo Buffalo buffalo” are even more complex and out of scope: 

https://en.wikipedia.org/wiki/Buffalo_buffalo_Buffalo_buffalo_buffalo_buffalo_Buffalo_buffalo. 

https://en.wikipedia.org/wiki/Buffalo_buffalo_Buffalo_buffalo_buffalo_buffalo_Buffalo_buffalo
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2013). This approach has since been modified to embed subword information (Bojanowski et al. 

2017) as well as complete sentences and documents (Le and Mikolov 2014). The latter method 

of embedding documents with doc2vec (Le and Mikolov 2014) is particularly useful, as it is 

able to learn to represent semantic as well as syntactic information about language. The details of 

the doc2vec algorithm and how its two variations are applied here are noted in Section 3.3. 

 

2.2.3 Multitask Embeddings 

Algorithms that integrate different embedding approaches are called multitask embedding 

models. By combining representations of different data forms, these models greatly enhance 

embedding’s performance on prediction and classification tasks. For example, Yang et al. (2015) 

use DeepWalk and matrix factorization respectively to embed homogeneous graphs with 

auxiliary text data. Their text-associated DeepWalk model achieved state-of-the-art node 

classification performance and worked very well in sparse and noisy networks with small 

training samples. Zhang et al. (2017) build on this approach by adding homophily, topology 

structure, and text data to their embedding model’s learning objective function. These data 

together generate embeddings that better represent the complex interrelations between nodes’ 

local and global structure and the different language contexts over which they exist. While this 

model also performs well on multi-node classification, it is limited to homogeneous networks 

and uses a bag-of-words approach to embedding language that does not embed the syntactic and 

structural information in documents. An et al. (2018) use a similar method to embed networks 

with auxiliary data that uses triples to distinguish between the different contexts in which two 

nodes may be related, therefore allowing it to embed heterogeneous knowledge graphs. This 

model greatly improves the embeddings’ quality; however, it too stops at embedding words in 

nodes’ textual context instead of learning to represent the entire text. Xiao et al. (2017) develop a 
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partial solution to this problem of embedding texts in multitask embeddings by averaging texts’ 

word embedding vectors. While this step improves the representations of more complex 

semantics in texts, it does not embed the larger structural features of documents that may be 

important to differentiating the language context of nodes. 

 

2.3   Suicidality 

People who struggle with mental health are often labeled as abnormal and are stigmatized. These 

labels and stresses of stigmatization, including stereotypes and discrimination, can exacerbate the 

negative effects of one’s mental health status (Link et al. 1989). To cope, many who struggle 

with mental health avoid discussing it or seeking professional help or social support (Corrigan 

2004). Individuals may also withdraw from social life and interaction as they self-stigmatize and 

try to avoid rejection (Corrigan and Watson 2002). Efforts to reduce mental health stigma find 

negative attitudes and prejudice are pervasive regardless of age, education, and whether people 

know others who struggle with mental health (Crisp et al. 2000). Even after such interventions, 

although levels of stigma decrease among some conditions like depression and anxiety, stigma is 

still high among the population – especially among teens and young adults (Crisp et al. 2005). 

 

Like mental health illness, suicidality – serious thoughts, plans, and attempts related to suicide – 

is particularly stigmatized, and epidemiological research finds that 90% of people who attempted 

suicide had a diagnosable mental health disorder prior to their attempt (Schreiber and Culpepper 

2019). This is concerning, as 47,000 individuals in the U.S. commit suicide yearly, making it the 

7th leading cause of years of life lost (Schreiber and Culpepper 2019). Moreover, these risks are 

5-10 times higher for youth and adolescents (Kennebeck and Bonin 2019). 
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Computational social scientists have studied these dynamics in a variety of contexts. For 

example, natural language processing has been used to classify depression, post-traumatic stress 

disorder, attention-deficit/hyperactivity disorder, and other mental health qualities in both 

clinical and non-clinical settings (Cook et al. 2016; Gkotsis et al. 2017; Gundlapalli et al. 2013; 

Hollingshead Seitz 2016). Similarly, De Choudhury and Kiciman (2017) find mental health 

support groups are highly active online and that esteem-boosting comments and network support 

from other group members lowered one’s risk of posting increasingly suicidal submissions in the 

future. Unfortunately, other work in this setting also finds that significant inequalities persist in 

regard to which types of posts receive the greatest attention, with dissociative posts receiving the 

fewest comments and psychotic posts getting the most (Ruch, Kim, and Ruch 2019). Posts 

presenting with depression and anxiety were neither more nor less likely to receive supportive 

comments from the community compared to posts labeled with any other mental health 

condition. 

 

3      Data and Methods 

3.1   Data and Preprocessing 

To examine whether graph and language embeddings can be used to predict potentially suicidal 

individuals in online settings, I used submission data from Reddit – one of the largest social 

news aggregation, web content rating, and discussion websites. I extracted all public data 

available on Reddit from June 2005 to June 2018 from pushshift.io, a Reddit-based data project 

that stores and analyzes Reddit data in real time and releases monthly data dumps of all the 

information gathered. From this data, I constructed a database of 490 million submissions with 

4.3 trillion comments from 66 million authors in 27 million subreddits. 

 

https://files.pushshift.io/reddit/
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 Figure 1: Heterogeneous Network Structure of Reddit (Comment Nodes Not Shown*) 

 
* For authors, solid lines indicate direct submission-author edges (from submission nodes to 

authors) and dashed lines indicate indirect comment-author relations. Comment nodes are 

hidden; however, they do exist along with comment-author edges (from comment nodes to 

authors) and submission-comment edges (from submission nodes to comment nodes). 

 
Table 1: Commonly Used Acronyms and Their Definitions 

SW SuicideWatch, a peer support group for individuals struggling with suicidal thoughts. Please visit the 

subreddit’s webpage here for more details: https://www.reddit.com/r/SuicideWatch/. 

MH A set of 20 mental health subreddits from across Reddit (see footnote 2). 

SH A set of 10 self-help subreddits from across Reddit (see footnote 2). 

R A large set of random subreddits from across Reddit. 

MP2V Metapath2vec, a vectorized heterogeneous graph embedding model that embeds nodes in space 

independent of node type – placing nodes of the any type (e.g., authors, subreddits, submissions) 

close to each other based on how often those nodes appear near each other in sequences of biased 

random graph walks. This model was created by Dong et al. (2017). 

MP2V++ Metapath2vec++, a vectorized heterogeneous graph embedding model that embeds nodes in 

space conditional on node type – placing nodes of the same type (e.g., authors) closer to each other 

and farther from nodes of other types (e.g., subreddits, submissions) depending on how those same-

typed nodes appear near each other in sequences of biased random graph walks. This model was 

developed by Dong et al. (2017). 

D2V Doc2vec, a vectorized document embedding model that learns to encode representations of texts 

(submissions) as well as user-supplied submission-level metadata for texts (e.g., texts’ authors and 

subreddits in which texts are published). This model was made by Le and Mikolov (2014). 

DBOW The distributed bag-of-words model of Doc2vec. In brief, this model learns to represent text 

documents (e.g., submissions) based on the distribution of words that comprise them. 

DMM The distributed memory model of Doc2vec. In brief, this model learns to represent texts (e.g., 

submissions) based on the topics and themes of words that are present in them. 

UMAP The Uniform Manifold Approximation and Projection model of dimensionality reduction created by 

McInnes, Healy, and Melville (2018). UMAP better captures the complex non-linear relationships 

over local and global relationships in high-dimensional space versus linear models like principal 

component analysis (PCA) and T-distributed Stochastic Neighbor Embedding (t-SNE), another 

popular non-linear dimension reduction model. 

https://www.reddit.com/r/SuicideWatch/


 

 34 

The data have a heterogeneous (multimodal) network structure, with authors having links to 

submissions and comments, comments having links to submissions, and submissions having 

links to subreddits. All data include timestamps of when the information was first posted to 

Reddit, and all data in the database was collected at the moment it was first posted on Reddit –

 and so all data exists in its original unedited form. The structure of this heterogeneous network 

is presented in Figure 1. Please note that Table 1 lists and defines a set of acronyms that appear 

frequently throughout this paper. 

 

I used a series of Forest Fire network sampling models to collect one main SuicideWatch (SW) 

sample and three complementary samples with author seeds from mental health (MH), self-help 

(SH), and random (R) subreddits3. Forest Fire models generate network samples by either 

starting from a set of seed nodes or random nodes and then “burning” (sampling) every 

neighboring node of the node set last sampled with a predetermined “burn” probability. If this 

probability is set to 1, then the Forest Fire model will sample the same as breadth first search. If 

the “fire” dies out before the predetermined number of nodes is sampled, then the “fire” can 

restart from an already sampled node and attempt to “reburn” previously unsampled nodes. For 

sampling large graphs, Leskovec and Faloutsos (2006) demonstrate that the Forest Fire sampling 

method is one of the most accurate techniques for recovering the “back-in-time” structure of 

temporal and evolving networks. Kurant et al. (2010), however, note that this method – and 

every other method based on random walks – is biased toward sampling nodes with large 

degrees and thus generates samples that overestimate networks’ degree. The magnitude of 

 
3 Mental health subreddits include mentalhealth, mentalillness, addiction, alcoholism, Anger, Anxiety, 

BipolarReddit, depression, domesticviolence, EatingDisorders, OCD, Phobia, psychoticreddit, ptsd, schizophrenia, 

survivorsofabuse, rape, OpiatesRecovery, ADHD, and itgetsbetter. Self-help subreddits include selfimprovement, 

zenhabits, productivity, personalfinance, frugal, decidingtobebetter, GetMotivated, getdisciplined, LifeProTips, and 

LifeImprovement. 
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overestimation bias decreases as the fraction of nodes in the network or network subgraph 

increases. Frank and colleagues (2012), however, find that this bias is relatively low once at least 

15% of the target network or subgraph is sampled. 

 

The Forest Fire model I constructed sampled nodes as follows. For the main SW sample, I first 

identified all unique authors who posted in SW at least once and who had at least 20 submissions 

in total – regardless of the subreddit in which they posted it. Next, from these 24,281 unique SW 

submission author seeds, I “burnt” 20% of nodes (V = 4,948; V stands for nodes). I then 

identified all of these authors’ submissions across any subreddit (V = 777,243; 94 

submissions/author) and “burnt” 20% of them (V = 155,646; 31 submissions/author). I identified 

all of the comments these authors’ made (V = 9,611,359; 1,942 comments/author) and “burnt” 

20% of them (V = 1,415,357; 286 comments/author) – making sure to burn no more than 1 

comment per unique submission to avoid sampling multiple comments authors may post on the 

same submission. In this process, I also “burnt” the submission and submission author for which 

the “burnt” comment was posted. I next identified all comments that were posted to the “burnt” 

submissions (V = 447,579,856) and “burnt” 1% of non-SW authors comments (V = 4,475,200) 

and “burnt” all SW authors’ comments (V = 2,109,393). This generated a SW sample of 

6,584,593 observations (= 4,475,200 + 2,109,393). These observations included data for the 

following: ~21K subreddits on which ~700K submission authors (=1% of all unique Reddit 

authors) posted ~1.3M submissions on which ~1.6M comment authors posted ~6.5M comments. 

Giving the sampling process of the Forest Fire model, the graph produced from these 

observations generates a connected component. 
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I then used identically structured Forest Fire models to sample 7.0M observations from a seed 

list of mental health subreddits, to sample 7.6M observations from a seed list of self-help 

subreddits, and to sample 5.8M observations from 5,000 randomly selected authors across all 

subreddits (= the random sample). In this last case, 5000 unique authors were randomly selected 

as seeds since this number was quite close to the number of unique authors “burnt” by the first 

“fire” in each of the previous Forest Fire models (e.g., 4,948 unique authors were “burnt” in the 

SW sample). These four contexts were chosen to generate representative samples of severe as 

well as general mental health related activity in addition to activity related to self-improvement 

and activity “normal” to Reddit more broadly. Altogether, the four samples generated one large 

heterogeneous network of 35.5M nodes (V) and 190M edges (E), which was also a connected 

component as few of the “burnt” authors had not made at least one submission or comment to 

one of Reddit’s popular subreddits like r/announcements, r/funny, r/AskReddit, and r/gaming – 

the four most followed subreddits. 

 

3.2   Graph Embedding with metapath2vec 

To embed this network while preserving the structural equivalence between nodes, I constructed 

a metapath-biased random walk sampling algorithm. The walker recursively sampled nodes over 

metapath context of {subreddit, submission, author, submission, subreddit} with the objective of 

drawing samples metapath2vec (MP2V) could analyze to extract similarities between 

subreddits through the authors who post submissions in them. Each submission node was walked 

over 1,000 times for a distance of 100 steps, as recommended by Dong et al. (2017). 

 

Sampling graphs with random walks is computationally efficient in terms of time and memory. 

First, storing nodes’ immediate neighbors is 𝒪(|𝐸|). Retrieving nodes’ neighbors is then 𝒪(|𝑉|). 
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Storing interconnections between nodes’ neighbors is 𝒪(𝑎2|𝑉|), where 𝑎 is the graph’s average 

degree and is usually small for real-world networks (e.g., in the main sample for this study, the 

graph’s average degree is 9.1). Preprocessing transition probabilities makes walking from nodes 

𝒪(1). Writing walks’ real-time sampling results to disc instead of RAM saves a huge amount of 

memory. For example, the random walk sample file generated for MP2V was 50 GB; however, a 

HSBM could not be run on the same network data as it quickly overflowed the server’s 128 GB 

of RAM. Since walks are independent, one can also parallelize the sampler using 

multiprocessing to greatly enhance sampling speed. This leads MP2V– including sampling and 

embedding models – to be ~7.6 times more efficient than hierarchical stochastic block modeling 

while using much less memory (see Supplemental Note 1). 

 

The heterogeneous Skip-Gram model MP2V used to learn dense low-dimensional 

representations of heterogeneous graphs functions as follows. First, heterogeneous graphs are 

composed of nodes of different types and are described as 𝐺 = (𝑉, 𝐸, 𝑇), where V is nodes, E is 

edges, and T is node type (e.g., author, comment, submission, subreddit). To embed G, the 

heterogeneous Skip-Gram model maximizes the probability of node 𝜐 having heterogeneous 

content 𝑁𝑡(𝜐), 𝑡 ∈ 𝑇𝑉: 

 

arg max 𝜃 ∑ ∑ ∑ log 𝑝(𝑐𝑡|𝜐; 𝜃)

𝑐𝑡∈𝑁𝑡(𝜐)𝑡∈𝑇𝑉𝜐∈𝑉

 

 

where 𝑁𝑡(𝜐) is 𝜐’s neighborhood among the 𝑡𝑡ℎ type of nodes, 𝑐𝑡 is 𝜐’s neighboring node of type 

𝑡, and 𝑝(𝑐𝑡|𝜐; 𝜃) is a softmax function – otherwise known as a multinomial logistic function. The 

softmax function can be represented as 𝑝(𝑐𝑡|𝜐; 𝜃) =
𝑒𝑋𝑐𝑡∙𝑋𝜐

∑ 𝑒𝑋𝑢∙𝑋𝜐𝑢∈𝑉
, where 𝑋𝜐 is the 𝜐𝑡ℎ row of 𝑋, 
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the embedding vector for node 𝜐. If the embedding depth for MP2V is 128 dimensions, for 

instance, then 𝑋𝜐 will have 128 elements. 

 

Finally, given the computational complexity of calculating the softmax function’s denominator, 

Dong et al. (2017) modify Mikolov et al.’s (2013) negative sampling step to the heterogeneous 

context, drawing a small sample of size M of neighbor and non-neighbor nodes to reduce the 

number of nodes involved in the denominator. Whereas the MP2V algorithm samples these 

nodes from the network independent of 𝜐’s node type, a variant of the metapath2vec algorithm 

called metapath2vec++ only samples nodes from the same node type as 𝜐, generating a graph 

representation in which nodes of the same type are embedded closely to each other and far from 

nodes of other types; however, because metapath2vec has been shown to outperform 

metapath2vec++ on many prediction and classification tasks and because the goal of this paper 

is to predict whether or not an author will post a submission in Reddit’s SuicideWatch subreddit, 

I will only use metapath2vec here (see Supplemental Figure 2 for a comparison). 

 

Running MP2V on the full sample of 35.5M nodes and 190M edges over the subreddit, 

submission, author, submission, subreddit metapath scheme generated embeddings for 1.8M 

unique subreddit and author nodes. Embeddings had 128 dimensions and were based on a 

window size of 7 with a negative sampling size of 5. This size is fewer than 35.5M nodes as 

nodes belonging to submission and comment types were not embedded, because of MP2V’s 

minimum appearance threshold, and since of sampling variation that may have bypassed nodes 

that otherwise would have surpassed MP2V’s minimum appearance thresholds. Total sampling 

and computation time of these processes was less than one day, and the MP2V model file 



 

 39 

generated for embeddings was only 0.9 GB. All computing was done on a 32-core 4.1 GHz 

1950X Threadripper™ processor with 128 GB RAM. Code to sample metapaths and run MP2V 

embedding was obtained from the developer’s website4. 

 

3.3   Language Embedding with doc2vec 

Le and Mikolov (2014) developed what’s become known as doc2vec (D2V) to learn paragraph 

vector embeddings that represent texts of arbitrary length (e.g., sentences, paragraphs, 

documents) in dense low-dimensional space. D2V is trained similarly to MP2V; likewise, two 

variants of D2V exist: Distributed Bag of Words (DBOW) and a Distributed Memory Model 

(DMM). The DBOW variant functions analogously to MP2V, with the model’s goal being to 

maximize the probability of document D being constructed of the different words in the corpus’s 

vocabulary. DMM, by contrast, uses documents’ paragraph vector in addition to the ordered 

words in documents to sequentially predict words that appear next in the document. The authors 

note that this leads DMM to embed the topic of a document by representing what information is 

missing from it. Whereas the authors find that DMM generally perform better on prediction and 

classification tasks, others find that DBOW produces more accurate results (Lau and Baldwin 

2016). For this reason, I will follow Le and Mikolov’s (2014) advice and also concatenate the 

embeddings separately generated by DBOW and DMM for downstream prediction tasks. 

 

I extracted the text for all submissions in the main SW sample to train my D2V models. This 

resulted in 1,200,579 documents for training after submissions with no text were excluded (e.g., 

submissions that posted a photo with no commentary). To preprocess documents for training, I 

used the Stanford CoreNLP toolkit (Manning et al. 2014) and basic Python string methods to 

 
4 https://ericdongyx.github.io/metapath2vec/m2v.html 

https://ericdongyx.github.io/metapath2vec/m2v.html
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 Figure 2: Total Degree Distributions for Samples (via Author-Author Edges) 

 
Notes: SW = SuicideWatch, MH = mental health, SH = self-help, R = random; author-to-

author edges are measured by projecting the hybrid heterogeneous networks to one-mode 

networks. 

Total-degree �̅� (𝜎): SW = 9.1 (0.63), MH = 9.0 (0.59), SH = 9.0 (0.56), R = 9.4 (0.64). 

 

lowercase, convert non-ascii characters to similar ascii characters, recode digits as <num> and 

URLs as <www>, split slash-connected words like “black/white” into “black” and “white”, and 

finally tokenized all text by words. I then used gensim’s (Řehůřek 2010) implementation of 

D2V to convert submissions’ text into a TaggedDocument object, where each submission is 

represented as a list of all tokenized words plus document tags for author and subreddit names. 

This step allows D2V to learn document embeddings for both authors and subreddits. Next, I 

trained both variants of D2V using a window size of 10, a negative sampling size of 5, and 

minimum appearance value of 2 – embedding all authors and submissions into 50 dimensions. 

 

I estimated the average and standard deviation of similarities between authors’ submissions and 

SW by calculating the inferred DBOW and DMM vectors for each submission authors posted and 

for SW, then calculated each submission’s cosine similarity to SW, and finally took the average 
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and standard deviation of submissions’ similarities to SW by author to generate more informative 

measures of author-level similarities to SW – as taking the cosine similarity from authors’ D2V 

embedding and SW’s D2V embedding would only provide a measure of similarity without 

variability. Overall, this generated 689,500 author-level similarities to SW. This value does not 

equal the ~700K submission authors in the main SW sample since some authors’ submissions 

were either empty or deleted and therefore such authors were removed before embedding. 

 

4      Results 

4.1   Descriptive Statistics and Embedding Visualizations 

Figure 2 shows the total degree distribution for authors’ connections (made by collapsing edges 

from authors to subreddits to other authors into author-to-author edges) among the four 

subsamples comprising the full sample. Authors have similar levels of connection to other 

authors across each subsample with very minor differences in their respective averages and 

standard deviations. This indicates the Forest Fire models that generated the samples drew 

comparable samples of nodes in which authors from no sample were substantially more or less 

well-connected to others compared to authors from any other sample. Had such differences 

existed, they could have added exogenous bias to MP2V’s sampling and embedding procedures, 

as after the four subsamples are combined, highly connected nodes from subsamples with higher 

total degree distributions would be sampled by the MP2V processes more often than nodes from 

subsamples with lower distributions. This bias at the very least would affect how often certain 

nodes and their neighbors are embedded together, which would generate less representative and 

more imprecise embeddings for such subsamples’ nodes. From here on, all references to the 

sample will refer to the full network made of all subsamples combined into one large component. 
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 Figure 3: UMAP Visualization of Subreddit-Author-Subreddit metapath2vec Embeddings 

 

 
 

Note: Node annotations include the following: author = orange, SuicideWatch = red, mental health subreddit = 

blue, self-help subreddit = purple, random subreddit = green, transparency = overlapping nodes. Text annotations 

include the following: SuicideWatch subreddit = red with border, SuicideWatch author = red, major mental health 

subreddit = blue with border, minor mental health subreddit = blue, self-help subreddit = purple, random 

subreddit = gray. All mental health and self-help subreddits are text annotated; however, only 5% of 

SuicideWatch authors (swauth labels in red) and 1% of random subreddits are annotated with text for their names. 

 

 Table 2: Cosine Similarities between SuicideWatch and Its 10 Nearest Neighbors 

Depression: 0.83 Anxiety: 0.82 mentalhealth: 0.75 AskDocs: 0.75 MMFB: 0.74 

Advice: 0.74 socialanxiety: 0.74 selfharm: 0.73 Needafriend: 0.72 StopSelfHarm: 0.72 
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To visualize the positions author and submission nodes in two-dimensional space, UMAP 

(Uniform Manifold Approximation and Projection (McInnes, Healy, and Melville 2018)) was 

used to reduce the dimension of nodes’ 128-dimensional embedding positions. Figure 3 shows 

the UMAP results. Overall, Figure 3 looks similar to standard social network analysis 

visualizations (e.g., spring force directed projection) but without edges being drawn between 

nodes (see Supplemental Figure 1 to compare MP2V to a spring force directed projection of the 

author-subreddit projected network and see Supplemental Figure 2 to compare the MP2V 

results to those from MP2V++). Various clusters of authors and subreddits are readily visible in 

Figure 3. For example, on the right, SW is clustered with depression, Anxiety, and self-harm 

subreddits. A group of bipolar subreddits exists in the lower-left corner. The bottom-right corner 

has a large cluster of subreddits related to various mental  health topics. Finally, the center and 

top-left corner both have clusters of general subreddits unrelated to mental health or self-help 

(e.g., AskReddit). Table 2 shows cosine similarities between SW and its ten nearest neighbors. 

All results reflect what one would expect – SW is positioned near other mental health subreddits 

on topics that are highly related to suicidality, including depression, anxiety, self-harm, and 

social and emotional support (MMFB = make me feel better). 

 

Both variants of the D2V model extracted similar but not overlapping language information from 

submissions’ text. Table 3 shows DBOW and DMM’s similarities in more detail. Overall, there 

is much similarity among the two language embedding models, but as reflected by subreddit 

ordering arrows, DBOW and DMM do represent different kinds of language similarities. For 

example, the top-15 nearest neighbors of SW in DMM all have cosine similarities above 0.94, but 

DBOW similarities range from 0.96 to 0.89. Also, whereas depression is the nearest neighbor of  
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 Table 3: Cosine Similarities to SuicideWatch for doc2vec Models’ 15 Nearest Neighbors 

 
Note: Underlined subreddits in bold are also substantially close to SuicideWatch in MP2V embedding 

similarities. 

 

SW among both models, other subreddits like MMFB are higher among the nearest neighbors in 

DBOW versus DMM. Many of the nearest neighbors in both D2V variants are also among the 

nearest neighbors to SW in the MP2V node embeddings, noted by subreddits underlined in bold. 

D2V and MP2V comparisons will be discussed more in Section 4.3, however. 

 

Table 4 presents examples of non-SW and SW submissions taken from submission authors in the 

main SW sample, plus DBOW and DMM cosine similarities to SW for submissions. The average 

and standard deviation of these DBOW and DMM similarity scores for the two sets of 

submissions (beyond what is shown on screen) are presented below their respective tables. A few 

qualitative observations on how DBOW and DMM models track different kinds of language 

information can be drawn from these submissions and their similarities. First, the dating_tips 

submission in the non-SuicideWatch table has a high DBOW similarity but low DMM similarity, 

possibly because it has words that are common in SW submissions (e.g., rejection from a loved 

one) but excludes suicidal topics. Similarly, the top-most submission in the SW table has a high 
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DBOW similarity but low DMM similarity, possibly because the topic is on the author’s friend.  

 

Finally, reoccurring thoughts is a strong indicator of suicidality, which may explain why the 

bottom-most submission in the SW table scores high for both DBOW and DMM. Table 5 shows 

the average and standard deviation of DBOW and DMM cosine similarity scores between 

submissions to other subreddits compared to SW. Overall, across all subreddits in the SW sample, 

submissions have relatively low cosine similarity to SW, yet submissions to Anxiety, depression, 

and SW have increasingly similar submissions on average to SW, which indicates the two D2V 

models do distinguish between words and topics that are common in SW versus other subreddits. 

 

 Table 4: Examples of Non-SuicideWatch and SuicideWatch Submissions and their doc2vec 

Cosine Similarities to SuicideWatch’s Subreddit-level doc2vec Embedding Position 

Non-SuicideWatch subreddit submissions SuicideWatch submissions 

Subreddit Submission DBOW Dist DMM Dist Subreddit Submission DBOW Dist DMM Dist 

video_game 

here is a 

guide to win 

the … 

0.26 0.17 SuicideWatch 

i have a 

friend who 

tried to … 

0.72 0.42 

need_advice 

what really 

bothers me 

is … 

0.53 0.47 SuicideWatch 

i want to die 

and I don’t 

care if … 

0.74 0.50 

dating_tips 

rejected by 

the girl I 

love … 

0.71 0.42 SuicideWatch 

keep having 

reoccurring 

thoughts … 

0.78 0.59 

x̄ (𝝈): DBOW = 0.45 (0.15); DMM = 0.40 (0.09)      x̄ (𝝈): DBOW = 0.77 (0.07); DMM = 0.49 (0.06) 

Note: Submission text has been altered so authors cannot be identified. Subreddit names in non-SuicideWatch 

subreddits are also adjusted to be similar to the theme of the original subreddit source. 

 

Table 5: Average (𝝈) doc2vec Cosine Similarity Scores to SuicideWatch among Submissions to 

Different Sets of Subreddits: 

Overall: 

  DBOW 0.45 (0.15) 

  DMM   0.40 (0.09) 

Anxiety: 

  DBOW 0.66 (0.09) 

  DMM   0.47 (0.05) 

depression: 

  DBOW 0.73 (0.08) 

  DMM   0.48 (0.05) 

SuicideWatch: 

  DBOW 0.77 (0.07) 

  DMM   0.49 (0.06) 

 

4.2   Embedding Model Comparisons 

In Table 6, I show the Pearson correlation matrix of embedding similarities to SW. Overall, 

DBOW and DMM embeddings have a moderately strong correlation with each other; however, 
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they are not perfectly overlapping – quantitatively indicating how the two D2V variants learn to 

represent different kinds of language information in submissions. The MP2V similarities are 

only slightly correlated with the two D2V similarities, which bodes well for avoiding 

multicollinearity in the prediction models while also giving evidence that the two forms of 

embedding models are tracking different kinds information about individuals’ behavior and 

communication and are not extracting redundant similarity data. Figure 4 shows scatterplots and 

histograms for the distributions between these similarities to visualize the shape of these 

correlations. All results are either circular or oval, indicating that heteroskedasticity will not bias 

the prediction models. 

 

4.3   Prediction Tasks 

For the prediction tasks, I first truncated training/testing data to 305K by filtering on submission 

authors from the main SW sample and then filtered the training/testing data to 293.5K after any 

authors who did not have MP2V embeddings were dropped. To balance the training set, I 

randomly subsampled 4,550 non-SW authors as negative non-SW cases to compare with 4,060 

SW authors. For the test set, I drew a random subset of 1,015 SW authors and 1,138 non-SW 

authors. I then used a logistic regression model with only the 128-dimension MP2V embeddings 

as features to predict whether an author will post in SW. Testing accuracy (69% ± 5%), the sum 

of true-positive and true-negative predictions divided by the total number of predictions across 

all prediction cells, was statistically greater than random guess (50% per prediction cell, given 

the balanced training); however, there were quite a few false-positives and false-negatives (25% 

and 38% respectively). Overall, however, this model performed quite well for having only 

included completely unsupervised positional data based on network behavior. 
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Table 6: Pearson Correlation Matrix of Embedding Similarities to SuicideWatch 

 MP2V DBOW DMM D2Vx̄ 

MP2V 1.00 0.23 0.15 0.22 

DBOW 0.23 1.00 0.59 0.93 

DMM 0.15 0.59 1.00 0.83 

D2Vx̄ 0.22 0.93 0.83 1.00 

Note: D2Vx̄ = the average of DBOW and DMM embedding similarities. 

 

 Figure 4: Scatterplots and Histograms of metapath2vec and doc2vec Embedding 

Similarities to SuicideWatch 

 
 

Next, I ran the same prediction model for whether or not a user would post in SW using the same 

training/testing split as above but with only the two D2V models’ SW distances (i.e., with only 2 

covariates instead of 128). Testing accuracy was still quite good at 76% (± 5%). The predictive 

language embedding model generated slightly fewer false-positives (21%) than the MP2V-only 

prediction model but still produced many false-negatives (27%). Overall, however, the model did 

remarkably well given that it only used two simple embedding distance measures. 
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Finally, to test how well one can predict if a user will post in SW, I integrated MP2V embeddings 

and both sets of D2V embedding distances. In addition, I tested this prediction model against all 

remaining 283K observations without subsampling for the test set to assess how well the model 

could perform across the full sample (and thus how it may generalize to its analogous 

population). Subsampling was still used for training to balance the model’s learning, however, 

and so the training set had 4,073 SW authors and 5,792 non-SW authors while the test set had 

1,002 SW authors and 282K non-SW authors. When used together, integrated MP2V and D2V 

embeddings predict with significantly higher accuracy (90% ± 3%) than the previous models and 

have high precision (89%) and recall (88%) – generating relatively few false-positives and false-

negatives (10% and 12%, respectively). These large decreases in the false-positive and false-

negative rates compared to the graph- and language-only models are noteworthy, as models with 

many more negative cases than positive cases can become biased to learn to predict “negative” 

for each case, as doing so will be guaranteed to generate a high accuracy for the model. For 

example, in this final model, 99.6% of cases were truly negative, and so the model could have 

achieved 99.6% accuracy by simply learning to predict “negative” for every case. This would 

lead the model to be wrong 100% of the time when predicting positive cases, however, which 

would be a terrible model for its intended use (predicting rare positive events). Instead, the 

balanced training helped the model successfully avoid this bias and generate results that are 

highly accurate as well as precise. 

 

The improved performance of the integrated MP2V+D2V model makes intuitive sense, given the 

previous results I discussed relating to similarity differences between D2V’s DBOW and DMM 

models and how both variants produced different sets of nearest neighbors. Together, they may 

 Figure 5: Confusion Matrices of MP2V-only Prediction Results (Accuracy = 69% ± 5%) 
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 Figure 6: Confusion Matrices of D2V-only Prediction Results (Accuracy = 76% ± 5%) 

   
 

 Figure 7: Confusion Matrices of Integrated MP2V-D2V Prediction Results (Accuracy = 90% ± 

3%) 

   
 

 

be learning to represent topics people are discussing, how people are talking about those topics, 
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and where in the network they talk about different topics. In other words, authors’ behavior and 

their language are both important for predicting if authors will post in a particular subreddit – 

especially for reducing false-positives and false-negatives when target outcomes are rare in a 

dataset. 

 

4.4   Sensitivity Analysis 

To qualitatively evaluate how well the integrated prediction model was able to predict if authors 

would post in SW, I used UMAP to generate a two-dimensional projection of the MP2V 

embeddings of authors and subreddits and annotated accurately predicted SW and non-SW 

authors. Figure 8 shows these results. Even when their MP2V embedding positions were located 

quite some distance away from SW and when they were embedded close to other general 

subreddits like AskReddit in the upper-left corner of the graph, the integrated model was able to 

accurately predict that these authors would post in SW. Similarly, even if authors are located very 

close to SW, the integrated model was able to predict they would be non-SW authors. The red and 

green heatmaps and density plots on the right side of Figure 8 show these results in greater detail. 

 

5      Conclusion 

This paper evaluated whether integrating graph and language embedding models could avoid the 

computational complexity limitations of other popular methods for extracting graph and 

auxiliary data similarities (e.g., hierarchical stochastic block modeling) from large sparse 

datasets with the goal of predicting rare events. While proving the utility of metapath2vec and 

doc2vec – two “x2vec”-style vectorized embedding models chosen for the given data, 

heterogeneous graphs and posts from different authors to various subreddits – one should be able  

 Figure 8: UMAP Visualization of Subreddit-Author-Subreddit metapath2vec Embeddings 
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and Kernel Density Heatmaps for Integrated MP2V-D2V Model’s Predictions of SuicideWatch 

Authors. 

 
Note: True-positive predicted SuicideWatch authors are highlighted in red, and true-negative predicted 

non-SuicideWatch authors are highlighted in green. 

 

to utilize a wide variety of analogous unsupervised embedding models depending on one’s own 

data structures (e.g., one can use node2vec and word2vec if one has a homogeneous graph and 

wishes to predict a word-level outcome, such as hashtag use on Twitter). Empirically, the context 

for this test was a heterogeneous network of 35.5 million nodes with 190 million edges from 

Reddit with the objective of predicting whether an author will post a submission in its 

r/SuicideWatch subreddit. In the process, I estimated that MP2V is ~7.6 times more 

computationally efficient than these other models and required much less memory to run. With 

no domain expertise needed to embed the heterogeneous network’s node and text data, MP2V 

and D2V models learned similar but qualitatively and quantitatively different embeddings of the 

data, indicating the two forms of embedding models are in fact learning to represent non-

𝑦ො = SW author 

𝑦ො = not SW author 
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redundant information (e.g., common words, topics, and locations for interacting). Finally, using 

the embeddings to predict if an author would post a submission in SuicideWatch showed how 

MP2V and D2V make significantly better than random predictions when used separately; 

however, the integrated prediction model using MP2V and D2V together generated highly 

accurate results with relatively few false-positive and false-negative predictions.  

 

The results of this study extend research on the importance of simultaneously analyzing behavior 

and language in massive networks and efforts to integrate different kinds of embedding models 

for prediction and classification tasks, especially when they involve rare events. This is 

particularly important to emphasize given an ensemble of models – including deep neural 

networks, boosting, bagging, and stacking – only improved the integrated predictive model’s 

accuracy to 93%, which is not statistically different from the integrated model’s performance. 

The fact that the ensemble improved the integrated model’s performance so little can also be 

seen as evidence for how embedding models produce high quality dense low-dimensional 

representations of the large and complex sparse dataset they learn to embed. Though other papers 

have argued that simply concatenating embeddings from different models may lead to 

suboptimal results (Zhang et al. 2017), the computational complexity saved by this simpler 

model may make the tradeoff worth the difference. Given the accuracy of results produced in this 

context of predicting rare events, the tradeoff seems worthwhile. 

 

Moving forward, fruitful avenues of research following from this work include using the 

integrated model to better test when and where one form of embedding helps improve 

performance more than using only one form of embedding model, understanding differences in 
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membership among similar subreddits (e.g., comparing alcoholicsanonymous, AlAnon, 

cripplingalcoholism, stopdrinking, and addiction), and finally to predict the presentation of 

psychiatric attributes in text (e.g., suicidality, depression, anxiety, substance abuse, etc.). A 

methodological contribution that integrated graph and language embedding models could make 

is in analyzing and predicting social influence, social contagion, and other social dynamics. For 

example, Qiu et al. (2018) use graph embeddings to test neighbors’ social influence on 

individuals’ decisions to take different actions over time. Integrating language embeddings into 

this framework could help differentiate between individuals who share connections with others 

but who are different from them in cultural or ideological ways that are not reflected in network 

ties alone (e.g., a Twitter user who replies to a politician’s Tweet but does so to critique the 

politician’s message, stance, or political party). 

 

The application-specific results of this study also have important clinical and social relevance for 

mental health research, social support efforts, and interventions. First, I emphasized the 

importance of drawing representative network samples to improve models’ generalizability. 

Many studies of mental health dynamics on social media draw simple random samples of 

individuals; however, by foregoing a network-based sample, such studies lose the ability to 

directly incorporate information about how one’s network behavior, connectivity, and 

neighborhood effects may shape their results. Positive and negative social influence from 

supportive and potentially harmful network neighbors and network environments (e.g., hopeful 

versus despairing attitudes) are key predictors of whether individuals’ mental health will improve 

or decline, and network-based samples are able to extract this kind of structural and relational 

data whereas simple random samples extract information on individuals as if they exist in 
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isolation from one another. Studies testing social support can more accurately capture such 

dynamics through network-based samples. 

 

Secondly, demonstrating that integrating graph and language data generates better predictions of 

suicidality aligns with clinical psychiatric diagnostic criteria which includes behavioral and 

verbal indicators of suicidality. These professionals use both forms of information to corroborate 

each other and avoid false-positive and false-negative diagnoses (e.g., in cases where one says 

they are not suicidal but has intentionally overdosed on medication). Lastly, predicting 

individuals at risk of becoming suicidal may allow for early interventions to help those at risk. 

Facebook is presently developing such systems in partnership with the Crisis Text Line, the 

National Eating Disorder Association, and the National Suicide Prevention Lifeline. It is 

important to note, however, that such interventions may be detrimental to one’s self-esteem 

should they be inaccurate or unwanted (e.g., in cases where one is in fact receiving professional 

help and wishes to have privacy). Mental health is a sensitive topic, making those who struggle 

with it vulnerable. Any effort to implement system-wide screening and intervention systems, 

whether algorithmically- or user-driven, should be acceptable and welcomed by the given 

community. Otherwise, one may risk destroying trust and confidentiality in the group and cause 

people to leave it – defeating the purpose of social support communities and potentially causing 

further harm to individuals’ well-being. 

 

While the results of this study are promising in many ways, they are qualified by a few 

limitations. First, neither the graph embeddings nor the language embeddings presented here are 

dynamically constructed. In other words, neither embedding learns to represent information on 
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how individuals’ interaction or communication patterns evolve over time. Such data are 

important for predictions, as they can indicate whether one is moving towards or away from an 

outcome of interest. Some of the individuals predicted to be at high risk of suicidality in this 

study may have been at risk when they first joined Reddit but then moved farther from risk over 

time, whereas others may have had little risk when joining Reddit but then became increasingly 

at risk as time passed. Second, being at risk of suicidality in this study is defined as posting a 

submission in SuicideWatch. Not everyone who is suicidal may post in SuicideWatch (e.g., 

selection biases), and an estimated 22% of users who do post in SuicideWatch have no 

significant evidence of suicidality when their submissions are evaluated by a physician 

specializing in psychiatry (Ruch, Kim, and Ruch 2019). Some users may also post in 

SuicideWatch with throwaway or secondary accounts. For example, some of the users in this 

study had words related to “throwaway” in their name. Attempts to avoid such users were made 

by avoiding sampling users who had fewer than 20 submissions over their lifetime, but this 

method does not avoid problems when someone uses a throwaway or secondary account many 

times. Overall, these accounts would limit attempts to sample the true users’ complete network 

of interaction and language events and could lead to such users being sampled twice (i.e., a 

primary and secondary account are both sampled for one user). Lastly, since online contexts have 

different norms, incentives, and constraints than offline contexts, the integrated model presented 

here may not generalize to other contexts. Reddit, for example, provides more anonymity than 

Facebook, which may affect how people present themselves and interact with others. 

 

Despite these limitations, the success of integrated graph and language unsupervised embedding 

models’ at predicting whether users post in a suicide support group (a rare event occurring 
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among ~1% of this study’s sample) is appealing as it begs the question of whether “x2vec”-style 

models can save lives? As mentioned above, some social media platforms are already exploring 

if they can develop predictive models to detect if their users may be experiencing a mental health 

crisis. Most models created for this task use sophisticated language models developed in 

partnership with psychological, social, and mental health experts; however, these models may 

not be better than the unsupervised models proposed here, given unsupervised models’ ability to 

learn a variety of subtle and diffuse behavioral and language signals that supervised models may 

miss. The caveat here is that unsupervised models require many more positive and negative data 

observations from a wide variety of contexts to learn such cues; however, it is increasingly 

becoming easier to get such data multiple data sources. But even with the best model – 

supervised or unsupervised – identifying if a person is at risk of a mental health crisis will not 

save or help improve their life alone; no, models for predicting such events may save lives, but 

not unless they are used along with well-resourced and ethical intervention systems that provide 

such users with the support and assistance they need. 
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SUPPLEMENTAL MATERIALS 
 

Supplemental Note 1: Estimated Time Complexity of Clustering and Embedding Functions 

The time complexity estimates below serve only as a heuristic to compare the efficiency of graph 

embedding models over more traditionally network-based ways to cluster nodes, like hierarchical 

stochastic block modeling. 

 

Time complexity estimates are based on graph-tool.skewed.de/static/doc/inference.html#, 

https://pdfs.semanticscholar.org/fb95/6aead82fb3715b2910805b0248526cf7e428.pdf, and 

https://stackoverflow.com/questions/54950481/word2vec-time-complexity (given that 

metapath2vec’s time complexity is approximately equal to that of word2vec). Please review 

these sources in addition to the original metapath2vec paper for more detailed understanding 

of how these models operate. 

 

The time complexity of stochastic block modeling (SBM) is a function of the number of nodes (V) 

in a network. Therefore, in a network with 10 million nodes, the estimated complexity follows: 

 

SBM: O(Vln2V) → O(SBMV=10M) = 2.6e9 

 

The time complexity of hierarchical stochastic block modeling (HSBM) is a function of the 

number of nodes (V) in a network multiplied by the number of community shrinking operations 

(which is a function of the average number of blocks in the graph) one must do to reduce block 

size multiplied by the number of hierarchies the model discovers: 

 

HSBM: O(Vln2V × Community_Shrinking × Hierarchies) → O(HSBMV=10M,Hier=10) = 2.6e16, 

where Community_Shrinking = O(Average_Blocks2) and Average_Blocks = 1000 

 

The time complexity of metapath2vec (MP2V) embedding is a function of the number of nodes 

of a specific type (e.g., subreddits) that are selected as starting seeds for the embedding model 

(V_seeds) multiplied by the number of walks that the algorithm takes from each of those seeds 

(walks) over other node types like authors and submissions multiplied by the number steps that 

the algorithm takes on each walk (walk_length) – with such values added to the product of how 

many nodes are theoretically able to be sampled by the algorithm (V_sampled), how many nodes 

are sampled as negative examples of non-neighbors for each sampled node (Neg_sample), and 

the number of iterations for which the algorithm runs over the set of starting seeds: 

 

MP2V: O((V_seeds × walks × walk_length) + (V_sampled × Neg_samp × mp2v_iter)) → 

O(MP2VV=10M,Iter=30) = 3.4e15, where V_sampled = 1.8M and Neg_samp = O(V_seeds × 

log(V_sampled)) 

 
Therefore, clustering nodes with metapath2vec is approximately 7.6 times more time efficient 

than hierarchical stochastic block models. 

 

 

 
 Supplemental Figure 1: Comparison of Traditional Network Position Visualization (using 

https://graph-tool.skewed.de/static/doc/inference.html
https://pdfs.semanticscholar.org/fb95/6aead82fb3715b2910805b0248526cf7e428.pdf
https://stackoverflow.com/questions/54950481/word2vec-time-complexity
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Spring Force Directed Projection) to metapath2vec Embedding Position Projection (using UMAP) 

 
Notes: 

  - SuicideWatch node = white, edges to SuicideWatch node = red 

  - Mental health nodes = blue, edges to mental health nodes = orange 

  - Self-help nodes = purple, edges to self-help nodes = green 

  - Random nodes = green, edges to random nodes = gray 

- Node size = node degree 

 

As can be seen in the two figures above, compared to traditional network-based methods of 

positioning nodes in space relative to each other (e.g., spring force directed projection, SFDP), 

machine learning approaches to embedding nodes (metapath2vec) produce similar spatial 

representations, with clusters of nodes and core-periphery structure readily visible. For instance, 

in the figures above, SuicideWatch is clustered at the right of each network visualization and sets 

of mental health subreddits are clustered. Mental health subreddits, however, are clustered more 

tightly in metapath2vec compared to SFDP, likely because metapath2vec measures the 

similarity of nodes based on their immediate neighbors as well as their neighbors’ neighbors, so 

two subreddits will be closer to each other if the users who post in them (subreddits’ neighbors) 

post in other subreddits (the neighbors’ neighbors). Therefore, from this we can glean qualitative 

evidence that using machine learning to study networks does not necessarily require that we 

sacrifice the quality of information that we can learn from more theoretically grounded and 

formulaic network methods based on graph theory and physics.  
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Supplemental Figure 2: UMAP Projection of Subreddit-Author-Subreddit metapath2vec++ 

Embeddings 

 
Note: The top nearest neighbors of SW in MP2V++ have very high overlap with those of SW in MP2V. 

For example, compare the results of Table 2 to MP2V++’s nearest neighbors shown below. All top-10 

neighbors of SW in MP2V are among the top-15 nearest neighbors of SW in MP2V++. 

 

Cosine Similarities between SW and Its 10 Nearest Neighbors via metapath2vec++ 

depression: 

0.90 

selfharm: 

0.86 

Anxiety: 0.85 Advice: 0.85 socialskills: 0.82 

BPD: 0.82 MMFB: 0.82 ForeverAlone: 

0.82 

offmychest: 

0.81 

mentalhealth: 

0.80 

 

While metapath2vec++ successfully clusters subreddits apart from authors, given that the 

goal of this paper is to identify how close/far authors are relative to different subreddits, 

embedding subreddits and authors in separate areas of the embedding space is not optimal for 

inference. It is very difficult to tell which set of authors, for example, is most proximate to any 

subreddit in this context, making it difficult to use such contextual embeddings for author-

subreddit models.  
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Abstract 

Lifestyle politics emerge when activities that have no substantive relevance to ideology 

become politically aligned and polarized. Homophily and social influence are able 

generate these fault lines on their own; however, social identities from demographics may 

serve as coordinating mechanisms through which lifestyle politics are mobilized and 

spread. Using a dataset of 137,661,886 observations from 299,327 Facebook interests 

aggregated across users of different racial/ethnic, education, age, gender, and income 

demographics, we find that the most extreme instances of lifestyle politics are those 

which are highly confounded by demographics such as race/ethnicity (e.g., Black artists 

and performers) and age (e.g., immigration). Decomposing political alignment for these 

demographic effects led lifestyle politics to decrease 27.36% toward the political center. 

Moreover, this led demographically confounded interests to no longer appear among the 

most polarized interests. Instead, the most liberal interests included electric cars, Planned 

Parenthood, and liberal satire and the most conservative interests included the Republican 

Party and conservative commentators. We validate our political alignment and lifestyle 

politics measures using the General Social Survey and find similar demographic 

entanglements with lifestyle politics existed before social media such as Facebook were 

ubiquitous, giving us strong confidence that our results are not due to echo chambers or 

filter bubbles. Likewise, since demographic characteristics exist prior to ideological 

values, we argue that these demographic effects we observe are causally responsible for 
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the extreme instances of lifestyle politics that we find among the aggregated interests. We 

conclude our paper by relating our results to Simpson’s paradox, cultural 

omnivorousness, evolving belief networks, and opinion cascades. 

 

Keywords: social networks, social media, polarization, lifestyle politics, demographics. 

 

1      Introduction 

Political polarization and sectarianism, “the tendency to adopt a moralized identification with 

one political group and against another” (Finkel et al. 2020:533), have steadily increased in 

Western democracies including the United States, Canada, New Zealand, and Switzerland since 

the 1970s (Boxell et al. 2020). Moreover, Americans’ out-party hatred has exceeded their in-

party love since 2012 – to where the former now better predicts voting behavior than the latter 

(Finkel et al. 2020). Identifying the cause of such discontents is complicated by the fact that 

polarization exists in many forms, including through party identification, political ideology, 

voting behavior, policy positions, and party sorting (Gentzkow 2016). Despite these multiform 

definitions, little evidence shows that polarization is increasing by way of party identification, 

political ideology, or policy positions, but instead the strongest evidence of growing polarization 

comes from voting behavior (Gentzkow 2016, Bishop 2009, Glaeser and Ward 2006, Fiorina and 

Abrams 2008) and party sorting (Fiorina and Abrams 2008, Abramowitz and Saunders 2008). 

For example, Baldassarri and Bearman (2007) find that issue polarization changes social 

structure and partisans’ interactional focus, leading them to believe that their in-groups are 

ideologically homogeneous when in fact they are heterogeneous. This issue partisanship then 

drives issue alignment among partisans, which leads to greater party sorting and coherence 

within parties on what their issue stances are (Baldassarri and Gelman 2008). On the other hand, 
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Baldassarri and Park (2019) discover these gaps between partisans are closing over time and that 

conservatives are adopting secular values quicker than liberals; therefore, even though partisans 

do hold different secular values, the two groups are slowly converging in attitudes at the same 

time their animosity toward each other is growing (see also Iyengar et al. 2012, 2019). 

 

Partisan polarization is not limited to explicitly political ideas and actions, however. Research by 

DellaPosta and colleagues (2015) finds that polarization is also increasing among lifestyles, 

leisure activities, consumption, aesthetic taste, and personal morality. They define instances of 

lifestyle politics such as these as “the curious formation of cultural enclaves among seemingly 

unrelated preferences… [in which] liberals and conservatives differ systematically on lifestyle 

dimensions that have no apparent substantive relevance to political ideology” (2015:1475). 

Using 38 years of General Social Survey data, the authors also show how social dynamics of 

homophily (McPherson et al. 2001) and influence amplify lifestyle politics and how small biases 

stemming from individual level factors such as demographic backgrounds can act as 

coordinating mechanisms that activate and mobilize the generation of dependencies between 

individuals’ attitudes, interests, and behavior and those of their network neighbors – a process 

they label network autocorrelation and liken to temporal and spatial autocorrelation (DellaPosta 

et al. 2015:1476). In other words, when similar sets of individuals interact, homophily and social 

influence can cause correlations to form between lifestyles and arbitrary but causally convicting 

attributes such as demographic characteristics and political ideologies as these network 

mechanisms drive group members to become increasingly aligned in their opinions (e.g., 

individuals across different social classes may not have inherent affinities for particular music 

styles because those genres have a special or unique class essence to them, instead music 
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preferences may become entangled with social class as people from similar classes tend to spend 

more time with each other and listen to the same kinds of music together). 

 

The claim that political and lifestyle issues may be arbitrarily aligned, entrenched, and polarizing 

between partisan groups may seem outlandish; however, Macy and colleagues (2019) used a 

multi-world experiment to show how path-dependent opinion cascades among liberals and 

conservatives can generate these outcomes. Using ten websites to measure the opinions of 

partisans on different issues, where eight of websites involved identical intervention effects of 

social influence through which users could see how previous users evaluated each issue and 

where in two control websites no social influence existed and users could not see prior users’ 

evaluations, the eventual partisan alignment of each issue was strongly correlated with the 

partisan alignment of the initial user to have evaluated the issue. In other words, in worlds in 

which a particular issue was first seen by liberals, liberals’ decisions to approve of the issue 

caused liberals who visited the website later to also approve of the issue more often while 

causing conservatives to disapprove of the issue more often – and analogously for issues that 

were first evaluated by conservatives. The path dependency discovered also drove the same issue 

to be highly liberal in some worlds while driving the exact same issue to be highly conservative 

in other worlds – again, depending on the partisan alignment of the user who first evaluated the 

issue. This outcome is similar to that shown by Salganik et al. (2006), who found that 

evaluations of cultural artifacts such as music are strongly swayed through path dependent 

processes whereby songs that are positively evaluated first garner further positive reviews as 

individuals who confront a collection of unfamiliar content heavily defer to the previous 

evaluations of others to anchor their own opinions. 
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Lifestyle politics’ presence extend far beyond opinion and music websites in ways that 

foreshadow troubling effects for Western democracies similar to those noted by Finkel and 

colleagues (2020). Liberals and conservatives, while similarly interested in science, do not 

consume the same science (Shi et al. 2017a). An analysis of network data representing millions 

of online book co-purchases shows that liberals prefer basic science over applied science, 

conservatives’ preferred approach to science. The authors also found that “red” science books 

tended to be narrowly focused and located peripherally in the network, whereas “blue” science 

books spanned a substantially wider range of perspectives while also being more centrally 

located in the network. Such evidence could explain why partisans tend to talk past each other 

while discussing scientific matters from different frames. In another study, Shi and colleagues 

(2017b) use Twitter co-following to infer political alignments and polarization in a sample of 

music, movie, hobby, sport, vehicle, food and drink, technology, university, religion, and 

business accounts. Their analysis finds strong evidence of lifestyle politics on social media as 

well, with stereotypes such as “Tesla liberals” and “bird hunting conservatives” having empirical 

validity. This network evidence is supported by survey evidence finding liberals and 

conservatives watch substantively different television (Blakley et al. 2020) and social media and 

internet browsing studies that reveal how partisans search for and subscribe to widely different 

news sources (Bakshy et al. 2015, Flaxman et al. 2016). Lastly, DellaPosta (2020) uses 44 years 

of nationally-representative panel data to argue that polarization may be growing through a trend 

of belief consolidation, whereby the presence of bipartisan alignments on a large number of 

topics is precipitously decreasing while at the same time partisan alignments among remaining 

topics are becoming increasingly clustered and cohesive to form “packages” of beliefs (e.g., 

religious beliefs becoming coupled with attitudes toward climate change, which then shape 
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opinions on taxation). 

 

Together, these findings on the evolution of lifestyle politics are concerning as they paint a 

picture of an America in which liberals and conservatives not only vote in starkly different ways 

based on their strong animosity toward one another, but they also understand and do science 

differently and are embedded in progressively different and divided ways of living – from what 

hobbies they have to television they watch at night to vehicles they drive down to what they eat 

and drink. This point may seem like an overstatement, but before the 2020 US Presidential 

Election, the New York Times (https://nyti.ms/3e2UpVc) published a quiz called “Can You Tell a 

‘Trump’ Fridge from a ‘Biden’ Fridge?” where website viewers saw different pictures of open 

refrigerators and had to guess if the owners supported Trump or Biden based on what was in it. 

On average, after amassing 4.3 million votes on the photos, viewers guessed correctly only 52% 

of the time, leading one to believe that there are few partisan foods; however, select food were 

highly partisan at around 90%, including Kentucky Fried Chicken, Mountain Dew, and Krispy 

Kreme doughnuts for Trump supporters and almond milk and flavored water for Biden 

supporters. To go back to political behavior, these points support Finkel and colleagues’ (2020) 

finding that party support is becoming less a reflection of voter preferences and instead voter 

preferences are increasingly reflecting party identity. 

 

Overall, these points seem to provide clear evidence of how partisans in the United States see the 

world through different lenses and that they actively and passively – through implicit processes 

like network autocorrelation – carve out distinct spaces in it to live. What if, however, our 

interpretation of these partisan differences in lifestyles is misguided? What if, on the other hand, 

https://nyti.ms/3e2UpVc
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interests become polarized through a lifestyle politics process that is not driven directly by the 

actions of individuals from particular political parties but instead is driven by individuals from 

particular demographic groups that also happen to lean a particular way on the political ideology 

spectrum? For example, using the focal cultural artifact of DellaPosta et al. (2015) in their paper 

on lifestyle politics, lattes, if liberals drink lattes, is that happenstance because of who is liberal 

(e.g., mostly white, educated, high SES individuals) or is it because there exists an elective 

affinity between liberal ideology and lattes (e.g., “liberals hate America, and lattes are Italian”)? 

DellaPosta and colleagues (2015) found that within-individual attributes such as demographic 

characteristics can act as coordinating biases through which such network autocorrelations are 

mobilized – leading demographic characteristics to become confounded with lifestyle politics in 

ways that can appear empirically convincing at the aggregate-level but which are actually the 

result of arbitrary alignments (e.g., social influence and homophily lead people with similar 

lifestyles to interact more and to shape each other’s interests, often without any awareness of 

such influence and the resulting associations that diffuse between an interest in an activity and a 

group affiliation (Goldberg and Stein 2018)). Such outcomes may also be caused by Simpson’s 

paradox, where aggregate-level trends appear to lean in one direction but when analyzed at the 

subgroup level those trends disappear or even reverse for the subgroups. 

 

Alternative explanations of the lifestyle politics exist, however. Wahlen et al. (2015) argue that 

the entanglements between interests and politics stem from explicit efforts like social movements 

and individual performances intended to inspire others to change their thoughts and actions on 

issues. These behaviors include things like “making statements with the shopping basket,” work 

to build solidarity, and opposition to market logics (Wahlen et al. 2015:399). Others, however, 
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argue that lifestyle politics emerge from unconscious predispositions. For instance, liberals and 

conservatives often differ in the moral values they support (Graham et al. 2009), and these 

differences in values correlate with partisan differences in attitudes toward abortion, same-sex 

marriage, immigration, and other “culture war” topics – in some cases more strongly than 

ideological, demographic, and religious predictors (Koleva et al. 2012, Miles and Vaisey 2015). 

Recent work, however, uses two panel studies and a nationally representative study to argue that 

political ideology is the true causal predictor of the moral values one comes to adopt (Hatemi et 

al. 2019). If this is true, then the best alternative explanation for lifestyle politics’ growth may be 

conscious applications of ideological principles to choosing the interests and worldviews that 

form one’s lifestyle (Webster et al. 2017). One would then expect that the associations between 

lifestyle interests and political alignments to be fairly stable even after controlling for 

demographic covariates such as race/ethnicity, education, age, gender, and income. 

 

To test the hypothesis of demographic confounding of partisan-interest alignments within 

lifestyle politics, we used a large network-based dataset representing 137,661,886 observations 

of 299,327 interests aggregated across Facebook users with different racial/ethnic, education, 

age, gender, and income demographics. Substantial aggregate-level differences in partisan 

alignment exist across the dataset’s 14,579 politically-relevant interests. Topics on immigration 

and the Republican party are among the most conservatively-leaning interests at the aggregate-

level; however, among the most liberal-leaning interests at the aggregate-level are Black and 

African American artists and performers – such that the aggregated measure of political 

alignment finds some of these interests to be 97.9% “liberal.” After removing demographic 

confounds from alignment measures, top-conservative interests focus on core Republican themes 
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and pundits while top-liberal interests now include interests such as electric cars, Planned 

Parenthood, and liberal satire. Moreover, the overall distribution of political alignment across 

interests shifted significantly more toward the political center after adjusting for the effect of 

demographic-ideological entanglement as did interest topic distributions. These findings suggest 

that the rising prevalence of lifestyle politics observed in the US may be caused by a tighter 

coupling between demographics and partisanship5 versus growing affiliations between ideologies 

and different interests, as demographics such as race/ethnicity, age, and gender are causally prior 

to and predictive of political ideology. 

 

2      Data and Methods 

2.1   Data and Sampling 

In the spring of 2016, before Facebook restricted much of its API access6 following the 

Cambridge Analytica scandal7, data on Facebook interests and the ideological and demographic 

characteristics of users who follow those interests was collected using Facebook’s Marketing 

API8 by iteratively requesting aggregate information on the total number of US Facebook users 

who may be interested in a wide variety of interests intersected across multiple permutations of 

target users’ ideological and demographic attributes9. For example, following information was 

requested not only for how many users may be reached by advertisements targeting liberal 

individuals interested in musicians, but follow data was also requested for how many users may 

like such interests who are liberal and Asian, liberal and Black, liberal and Hispanic, and so 

 
5 https://www.pewresearch.org/politics/2018/03/20/1-trends-in-party-affiliation-among-demographic-groups/ 
6 https://about.fb.com/news/2018/04/restricting-data-access/ and https://www.facebook.com/business/news/update-

to-facebook-ads-targeting-categories/ 
7 https://www.nytimes.com/2018/03/17/us/politics/cambridge-analytica-trump-campaign.html 
8 https://developers.facebook.com/docs/marketing-api/audiences/reference 
9 This work did not meet the definition of human subject research from Cornell University’s Institutional Review 

Board for Human Participants (https://researchservices.cornell.edu/compliance/human-research), as when the data 

were collected they were extracted from an existing database that was available in the public domain.  

https://www.pewresearch.org/politics/2018/03/20/1-trends-in-party-affiliation-among-demographic-groups/
https://about.fb.com/news/2018/04/restricting-data-access/
https://www.facebook.com/business/news/update-to-facebook-ads-targeting-categories/
https://www.facebook.com/business/news/update-to-facebook-ads-targeting-categories/
https://www.nytimes.com/2018/03/17/us/politics/cambridge-analytica-trump-campaign.html
https://developers.facebook.com/docs/marketing-api/audiences/reference
https://researchservices.cornell.edu/compliance/human-research
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forth – extending this logic to include all possible intersections between each ideological 

category and all searchable demographic subgroups for race/ethnicity, education, age, gender, 

and income categories. Ideology in this context was coded by Facebook as leaning very liberal, 

somewhat liberal, moderate, somewhat conservative, or very conservative. The race/ethnicity 

category included three subgroups for Asian, Black, and Hispanic Facebook users. Education 

was binarized into subgroups of users who completed college and graduate, professional, or 

medical training and users who did not complete college or advanced educational training. Age 

was split into four bins: 13-21, 22-37, 38-57, and 57-100. Gender was binarized as male or 

female. Lastly, the income category binned into four subgroups: $30,000-$40,000, $40,000-

$50,000, $50,000-$75,000, and $75,000+. 

 

This sampling process collected aggregated data from 137,661,886 interest by demographic by 

ideology permutations over 299,327 interests. From these intersectional data, a dataset of 14,579 

politically-relevant interests was created using the counts of users who may like sampled 

interests across ideological and demographic categories, excluding interests for which no 

ideological data existed. This dataset includes the main set of observations we analyze later in 

the paper; however, while sampling, data on interest-to-interest affiliations were also collected 

based on aggregate counts of users who co-follow pairs of interests. This data is used to 

construct a network of interests from the main dataset, as affiliation data comprise 6,130,012 

edges between 14,300 interests in the largest component. 

 

Columns for “liberal” and “conservative” followers were created by combining the reach values 

of “very” and “somewhat” liberal and conservative users, respectively. Because Facebook does 
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not classify individuals as being White10, the number of White users who liked each interest was 

estimated by subtracting from the total reach of interests the number of Hispanic, Asian, and 

Black users who followed interests. This process generated instances in which the estimated 

White reach of an interest was negative, indicating the number of users who may belong to some 

demographic subgroups is overestimated. A Pew Research Center report11 found that roughly 

12% of Blacks and Hispanics identify as “multi-racial.” Therefore, the counts of Black and 

Hispanic followers of each interest were down-weighted by 12% to address the potential double-

counting issue, which led the estimates to return sensible non-negative counts of Whites. 

 

Even with such adjustments, counts for race/ethnicity and other demographic categories may still 

have some error. For example, a Pew Research Center report12 on Facebook’s classification of 

users’ demographics found up to 27% of people disagreed with how they were labeled in at least 

one category. Also, for any interest, if the aggregate count of individuals with a particular 

intersection of demographic characteristics is below 20, the Facebook Marketing API would 

censor the reach of this request to be capped at minimum of 20 to protect user anonymity. 

However, because the analyses in this study focus on larger intersections of ideological and 

demographic characteristics, these limits on censored data were rarely encountered. Also, given 

that Facebook earns 98% of its revenue from such advertisement tools13, the company is 

motivated to ensure these classifications are accurate when applied in the context of interests at 

the aggregate-level, so one can be confident that the high-level observations tested here among 

ideological and demographic trends in interests can improve our understanding dynamics 

 
10 www.facebook.com/notes/facebook-data-science/how-diverse-is-facebook/205925658858/ 
11 http://www.pewsocialtrends.org/2015/06/11/chapter-2-counting-multiracial-americans/ 
12 http://www.pewresearch.org/internet/2019/01/16/facebook-algorithms-and-personal-data/ 
13 https://investor.fb.com/financials/default.aspx 

http://www.facebook.com/notes/facebook-data-science/how-diverse-is-facebook/205925658858/
http://www.pewsocialtrends.org/2015/06/11/chapter-2-counting-multiracial-americans/
http://www.pewresearch.org/internet/2019/01/16/facebook-algorithms-and-personal-data/
https://investor.fb.com/financials/default.aspx


 

 77 

involved in the spread of lifestyle politics. 

 

2.2   Political Alignment and Demographic Deconfounding 

A probabilistic estimate of interests’ political alignments was developed using aggregate 

follower data. For each interest, political alignment was estimated along a range from -1 

(completely liberal) to +1 (completely conservative) as follows: 

 

𝑃𝑟𝑜𝑏(𝐶𝑜𝑛𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑣𝑒|𝐼) ≈
|𝐶 ∩ 𝐼|

|𝐶 ∩ 𝐼| + |𝐿 ∩ 𝐼|
 

 

𝜋𝐶(𝐼) = 2(𝑃𝑟𝑜𝑏(𝐶𝑜𝑛𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑣𝑒|𝐼) − 0.5), 
 

where |𝐶 ∩ 𝐼| denotes the number of interest 𝐼’s followers that are conservative and where 

|𝐿 ∩ 𝐼| is the analogous number for liberals. Since the denominator of the conservatively-

oriented political alignment metric, 𝜋𝐶(𝐼), includes only the marginal following counts of 

conservatives and liberals and no other variables, it is symmetric to liberally-oriented political 

alignment. For simplicity, we focus on conservatively-oriented political alignments for the 

remainder of the analyses. 

 

To test whether interests’ aggregate-level political alignments are confounded by demographics 

– a reflection of Simpson’s paradox where the majority of an interest’s followers are not 

necessarily liberal but instead belong to a demographic group that happens to be highly liberal – 

a probabilistic approach to measure and remove any demographic confounding effects from 

interests’ political alignment was developed. For interests, the political division within each 

demographic subgroup was compared with the mean political alignment of each subgroup, after 

which a weighted average of differences was calculated. Mathematically, this process is 
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formulated as follows. 

 

Let {𝐷𝑖} indicate the set of demographic subgroups comprising a particular demographic 

category. In the case of race/ethnicity, this would include Asian, Black, Hispanic, and White 

subgroups. Political division in each subgroup is represented as 𝑃(𝐶|𝐷𝑖 ∩ 𝐼), the level of 

conservative leaning among members of subgroup 𝐷𝑖 who follow interest 𝐼. This value is derived 

as follows: 

 

𝑃(𝐶|𝐷𝑖 ∩ 𝐼) =  
|𝐶 ∩ 𝐷𝑖 ∩ 𝐼|

|𝐶 ∩ 𝐷𝑖 ∩ 𝐼| + |𝐿 ∩ 𝐷𝑖 ∩ 𝐼|
, 

 

which is structurally similar to the unweighted aggregate-level measure of political alignment. It 

is important to note that because some intersections between political and demographic 

subgroups had no reach (0 followers), we could not use the marginal |𝐷𝑖 ∩ 𝐼| value in the 

denominator since it led to asymmetric values for conservative and liberal measures and induced 

uncertainty into the value’s interpretation. For this same reason we also could not construct 

adjustment models for sets of intersecting demographics (e.g., race/ethnicity by gender), as the 

parametric space for the set of cross-comparisons to be made quickly exploded through the curse 

of dimensionality14. 

 

After calculating political division within each demographic subgroup, mean political alignment 

of each subgroup is represented as 𝑃(𝐶|𝐷𝑖). This value is an overall feature of demographic 

subgroup 𝐷𝑖 and is independent of any given interest 𝐼. It can be estimated as follows: 

 
14 The full parameter space to adjust interests’ political alignment for all demographic subgroups collectively would 

include 512 (= 2*4*2*4*2*4) combinations, many of which would be empty and lead to further data sparsity issues. 
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𝑃(𝐶|𝐷𝑖) ≈ ∑
|𝐶 ∩ 𝐷𝑖 ∩ 𝐼𝑗|

|𝐶 ∩ 𝐷𝑖 ∩ 𝐼𝑗| + |𝐿 ∩ 𝐷𝑖 ∩ 𝐼𝑗|𝐼𝑗 ∈ all interests 
 

 

Using the fraction of each demographic subgroup among all followers of 𝐼, which sums to 1 over 

all {𝐷𝑖}, to represent the presence of subgroups in an interest, 𝑃(𝐷𝑖|𝐼), the impact of 

demographics on the political alignment of interest 𝐼 is estimated by taking a weighted average 

of the differences between subgroup political divisions and mean subgroup political alignments. 

This is estimated as follows: 

 

𝜇𝐶(𝐼; {𝐷𝑖}𝑖=1
𝑛 ) = ∑ [𝑃(𝐶|𝐷𝑖 ∩ 𝐼) − 𝑃(𝐶|𝐷𝑖)] ∙ 𝑃(𝐷𝑖|𝐼)

𝑛

𝑖=1
. 

 

This expression is bounded between -1 and +1, as it is a weighted sum of probability differences 

that fall between -1 and +1. In fact, one can think of the previous measure of 𝜋𝐶(𝐼) as a 

degenerate case of the equation above where only one demographic group exists among all 

followers and the group-level political division is assumed to be 50/50. Thus, the weighted 

estimate provides a more general approach that encompasses the unweighted estimate. To 

measure the overall magnitude of change between the unweighted and weighted political 

alignment distributions and to test whether these shifts are statistically significant, an indication 

that demographics confound lifestyle politics beyond expectation, SciPy (Virtanen et al. 2020) 

implementations of Jensen-Shannon distance15 and two-sample Kolmogorov-Smirnov statistic16 

are applied, respectively. 

2.3   Topic-level Distribution Shifts 

 
15 https://scipy.github.io/devdocs/generated/scipy.spatial.distance.jensenshannon.html 
16 https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.ks_2samp.html 

https://scipy.github.io/devdocs/generated/scipy.spatial.distance.jensenshannon.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.ks_2samp.html
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Studying how political alignment changes after controlling for demographics over 14,579 

interests collectively enables us to study the global trends in lifestyle politics for each 

demographic category; however, to better understand how demographic categories entwine with 

lifestyle politics among topical sets of interests, as no high-level schema for grouping interests 

into topics such as “music” or “sports” interests was provided by Facebook, two clustering 

methods were implemented. First, using information on how interests are affiliated through co-

following, an interest graph was made using graph-tool, a high-performance Python library for 

network modeling (Peixoto 2014a), and high-resolution hierarchical stochastic block modeling 

(HSBM; Peixoto 2014b) was applied. To account for the fact that some interests have stronger 

affiliations than others, the HSBM weighted edges across interest nodes by the number of co-

follows of each pair of interest nodes. 

 

Clustering social media networks using affiliation information alone can generate noisy groups, 

as co-following is influenced by filter bubbles and echo chambers more than thematic interest 

topics like “news,” “art,” or “food” (Flaxman et al. 2016, Quattrociocchi et al. 2016, Boutyline 

and Willer 2017). To avoid these issues and to discover theme-based clusters, a second clustering 

method based on the Wikipedia knowledge graph and Latent Dirichlet Allocation (LDA) topic 

modeling was applied. Wikipedia’s API was used to extract the set of categories and 

subcategories to which each interests belonged. The most similar Wikipedia page for interests 

was selected when direct matches were not available. Some cases (827/14,579, 5.7%), however, 

had no matching Wikipedia pages and were excluded from analysis. From the remaining data, 

uninformative (e.g., keywords on edit and archiving histories) and noisy tags (e.g., dates) were 

removed. Since Wikipedia – like Facebook – does not provide high-level thematic topics (e.g., 
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“music”), preprocessed categories and subcategories were concatenated as tokens into arrays that 

became category “documents” for interests. These documents were then fed into a gensim 

(Rehurek 2010) LdaMulticore LDA model that was optimized to minimize perplexity and 

maximize coherence (Wallach et al. 2009, Newman et al. 2010). The resulting topics were also 

inspected by the research team to assure they made sense, after which the topics were labeled 

(e.g., “Art”) to help interpretation. 

 

3      Results 

3.1   Unweighted Aggregate-level Political Alignment 

The distributions of unweighted political alignment scores for the 14,579 interests aggregated 

over each of the demographic categories are shown in Appendix A1. On average, interests had a 

political alignment of -0.064 (SD = 0.396) and were approximately normally distributed with 

95% of the distribution’s mass between -0.856 and 0.728. To verify that interests were politically 

relevant, for each interest the fraction of followers that were liberal or conservative out of the 

total number of interest followers was also calculated. All interests had a political relevance 

value above 0.5 (i.e., at least half of each interest’s followers were classified as liberal or 

conservative), and the mean political relevance for interests was 0.755 (SD = 0.057), indicating 

that most interests in the dataset were substantively “political” in the sense that partisans 

followed them in large numbers (versus followed by ideologically moderate or non-political 

users). The distribution of interests’ political relevance scores is also presented in Appendix A1. 

 

When sorted in order of conservatively-oriented political alignment, the spread of lifestyle 

politics becomes immediately apparent. Table 1 shows that whereas top conservative interests 

are actually conservative – in the sense that preventing illegal immigration is a major 



 

 82 

conservative interest and Brent Bozell and Rush Limbaugh are conservative commentators – the 

top liberal interests at the aggregate-level are Black artists, cultural icons, and performers. In 

other words, whereas highly conservative interests appear to avoid strong effects of lifestyle 

politics at the extreme end of the political alignment spectrum, highly liberal interests may be 

tightly entwined with lifestyle politics. To verify this hypothesis, one must rule out the 

alternative explanation that these highly “liberal” interests are in fact explicitly liberal. Such 

interests may only appear to be liberal at the aggregate-level because they are followed by many 

users who belong to demographic groups that also happen to be liberal (e.g., Black Americans). 

To test this hypothesis, one can use the equations derived in section 2.2 to measure the extent to 

which demographics like race/ethnicity, education, age, gender, and income confound aggregate-

level political alignment through the process of lifestyle politics. 

 

 Table 1: Top Liberal/Conservative Interests in the Unweighted Aggregate-level Dataset 

Liberal Interests Political Alignment Conservative Interests Political Alignment 

Dej Loaf -0.979 Stop Illegal Immigration 0.991 

Jazmine Sullivan -0.977 Brent Bozell 0.988 

Rasheeda -0.976 Rush Limbaugh 0.986 

Lauren London -0.976 National Republican Senatorial 0.986 

Chrisette Michele -0.976 American Patriots 0.981 

 

3.2   Global Results 

We measured the correlation between lifestyle interests and political alignment after removing 

the effects of demographics from race/ethnicity, education, age, gender, and income. Figure 1 

shows the distributions of interests’ political alignments before and after controlling for 

race/ethnicity – the demographic category most strongly associated with lifestyle politics, as 

evident by the 0.1208 Jensen-Shannon distance between the original aggregated and weighted 

distributions. This shift is statistically significant according to a two-sample Kolmogorov-
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Smirnov test, with the maximum distance between the two distributions equal to 0.2736 (p < 1e-

310). Appendices B1–4 present analogous figures of alignment distributions before and after 

controlling for education, age, gender, and income – presented in order of decreasing 

entanglement with lifestyle politics. Controlling for each of these demographics reveals 

statistically significant shifts from the unweighted alignment measures. For example, controlling 

for income – the demographic characteristic with the smallest entwinement with lifestyle politics 

– generated unweighted and weighted alignment distributions that have a Jensen-Shannon 

distance of 0.095 and a Kolmogorov-Smirnov maximum distance of 0.165 (p = 4.100e-173). 

 

 Figure 1: Political Alignment Distributions before/after Controlling for Race/Ethnicity 

 
Jensen-Shannon distance 0.121, two-sample Kolmogorov-Smirnov statistic 0.274 (p ~ 0.0). 

 

 Table 2: Top Liberal/Conservative Interests in the Race/Ethnicity Controlling Dataset 

Liberal Interests Political Alignment (%𝚫) Conservative Interests Political Alignment (%𝚫) 

Nissan Pivo -0.525 (-8.1%) Greg Abbott 0.434 (-52.8%) 

Adam Schiff -0.456 (-52.8%) Sid Miller 0.425 (-56.5%) 

Planned Parenthood -0.440 (-53.7%) Republic of Texas 0.425 (-53.5%) 

John Oliver -0.428 (-50.3%) Christian Zionism 0.424 (-54.7%) 

Andy Borowitz -0.424 (-52.9%) Positively Republican! 0.424 (-56.6%) 

Note: %Δ indicates the change in political alignment after controlling for race/ethnicity. 

 

Table 2 presents the most liberal and conservative interests after controlling for race/ethnicity. In 

the case of liberal interests, the weighting process reveals that interests like electric cars, Planned 
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Parenthood, and liberal comedians and politicians – interest related to topics that are core to 

liberal ideology, like environmentalism and pro-choice rights – are most strongly aligned with 

liberalism after removing demographic confounds that affect aggregate-level associations 

between interests and political alignment. Similarly, the top conservative interests after 

controlling for race/ethnicity include interests central to the conservative party, like conservative 

pundits and states, Christianity, and one of the largest Republican Facebook groups17. 

 

These results and how they differ from those from Table 1 not only provide qualitative evidence 

supporting our hypothesis that demographics confound the associations between lifestyle 

interests and political alignments, but they provide quantitative evidence as well. The differences 

between the unweighted and weighted political alignments of these top partisan interests in 

Tables 1 and 2 show how before controlling for demographics, extreme instances of partisan 

interests had political alignments purportedly indicating that they were almost exclusively of 

interest to only liberals or conservatives. By contrast, after controlling for demographics, the top 

partisan interests rarely had alignments exceeding +/- 0.45. In other words, controlling for 

demographics shows the magnitude of difference between liberal and conservative poles is 

substantially less than what appears to be true when such alignments are observed at the 

aggregate-level. Moreover, these results show that it is not the case that Black artists and 

performers are truly the most liberal interests in the dataset. Instead, these interests only appeared 

to be highly liberal due to their demographic confounding in which Black Americans tend to be 

liberal and Black Americans tend to be more interested in Black artists and performers. This 

entanglement then is what causes lifestyle politics to spread into such genres of entertainment. 

 
17 Race/ethnicity is the only demographic category for which weighting leads Black artists to no longer appear in the 

top liberal interests. Though controlling for other demographics significantly narrows the distributions of interests’ 

political alignments, we only highlight such qualitative results for race/ethnicity in table form. 
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Note that the causal reasoning here is intentional, as demographic characteristics like 

race/ethnicity, age, and gender exist before and are causally prior to political ideology; therefore, 

the only logical way to understand demographic entanglement with lifestyle politics is via paths 

like race/ethnicity shaping political alignments which then can become emphasized over 

race/ethnicity when interests are analyzed in the aggregate without consideration of the 

audiences that engage in those lifestyles. Again, these results are also analogous to those seen in 

instances of Simpson’s paradox in the sense that at the aggregate-level many interests that appear 

to be very liberal are actually only somewhat liberal or are politically neutral after controlling for 

demographic-specific trends. These outcomes also provide stronger support for the argument that 

demographics drive lifestyle politics compared to arguments that lifestyle politics stem from 

intrinsic ideological predispositions. If intrinsic ideological pre-dispositions were truly the root 

cause of lifestyle politics, then we would not expect to find such large shifts in distributions of 

political alignments after controlling for demographics. 

 

3.3   Topic-level Results 

While evaluating global shifts in political alignment before and after demographic 

deconfounding informs our understanding of the magnitude to which each demographic category 

is entwined with lifestyle politics across politically-relevant interests as a whole, we also 

analyzed how alignments changed after deconfounding over topics of interests to test how 

partisan topics shift by different magnitudes. Analyzing topic-level changes in political 

alignment after adjusting for demographic effects informs us of whether different demographics 

are especially entangled with certain types of lifestyles. In a hypothetical example, if most 

interests in the dataset relate to entertainment and can be split into different topics of 

entertainment interests (e.g., rap versus country), each of which appeals more to certain 
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demographic sub-groups, then do only some of these topics drive the global shifts in alignment 

that emerged after controlling for demographics? In this case, the consequences of demographic 

confounding are constrained to a subset of lifestyle politics. On the other hand, it may be that 

controlling for demographics shifts all topics’ political alignments. If that is true, then 

demographic confounding is a general process that affects all of lifestyle politics’ various forms. 

 

Hierarchical stochastic block modeling was applied to the interest graph to create topics of 

interests based on interest co-following (i.e., counts of individuals who follow any given pair of 

interests). Figure 2 shows this network of 14,300 nodes and 6,130,012 edges, which is divided 

across liberals and conservatives. The top portion of the graph leans more liberal and the bottom 

part leans more conservative. The hierarchical stochastic block model discovered eight levels in 

which nodes are grouped into higher-ordered clusters of increasing numbers of nodes. 

Unfortunately, topics generated from the block model suffered from two problems. First, 

incoherent combinations of interests were common (e.g., one high-level block was comprised of 

interests related to children’s clothes and the government). Second, since clusters discovered by 

the block model included liberal and conservative interests in the same cluster, when topic-level 

changes in political alignment were measured after controlling for different demographics it 

would not be as straightforward to tell if liberal or conservative topics shifted more versus using 

a method that separated partisan topics. 

 

To avoid these issues, additional text data on interests’ Wikipedia categories were extracted from 

the Wikipedia knowledge graph API. Preprocessed category data were then fed into a LDA 

model to create topics of interests given interests’ network-language data. This generated 31 

 Figure 2: Interest-to-Interest Network Projection with Political Alignment Annotations 
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Note: The interest-to-interest network contains 14,300 nodes and 6,130,012 edges. Each node 

represents a Facebook interest. Nodes are annotated for size (larger nodes are followed by 

more users) and political alignment (dark blue nodes lean heavily liberal and dark red nodes 

lean heavily conservative). Edges represent co-following between two interests among the 

same set of users, where thicker edges indicate a larger number of co-followers. 

 

liberal topics and 22 conservative topics18, from which we measured how much alignments 

shifted for partisans after controlling for different demographics. For instance, Figure 3 shows 

how after controlling for race/ethnicity (light blue/red points) liberal and conservative topics had 

wide and statistically significant shifts from their respective unweighted aggregate-level values 

of political alignment (dark blue/red points) toward the neutral middle of the alignment scale. 

Liberal topics on average not only had wider post-deconfounding shifts than conservative topics, 

but they also shifted closer to the neutral middle ground compared to conservative topics. 

Although these topic-level shifts in alignment are substantial (e.g., the liberal “singers” topic  

 
18 See Appendix C1 and C2 for intertopic distance maps representing the diversity and clustering of these results. 
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 Figure 3: Political Alignment Distributions before/after Controlling for Race/Ethnicity 

 
 

shifted 0.4397), they are not wide enough to lead any topics to be statistically indifferent from 

0.0, neutral alignment. Therefore, even though demographics explain a substantial portion of 

partisan differences in lifestyle politics, they do not fully explain partisan differences in lifestyles 

across interests as they persist in holding onto some inherent ideologically-based appeal. 

 

The topic-level results of controlling for other demographic categories like education, age, 

gender, and income are similar to those of race/ethnicity, but with narrower shifts. These trends 

follow the same patterns in magnitude by demographic group as those revealed in Section 3.2. 
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For example, controlling for other demographics also results in liberal topics shifting closer to 

neutral political alignment than conservative topics do (see Appendix D1-D4). For each 

demographic, all topics’ shifts are statistically significant at the p < 0.05 level for both 

ideological groups. Comparing topic-level shifts after controlling for race/ethnicity (Figure 3) to 

those after controlling for education (Appendix D1) again demonstrates how race/ethnicity has 

the strongest confounding of political alignment’s association with lifestyle interests. For 

instance, the alignment of the “singers” topic drops to about -0.13 after controlling for 

race/ethnicity compared to dropping to around -0.21 after controlling for education – and the 

confidence intervals of these post-controlling shift points do not overlap, indicating that the 

race/ethnicity shift is statistically greater than the shift for education. Overall, these trends 

indicate lifestyle politics’ demographic confounding is a general phenomenon that is not 

constrained to a particular subset (e.g., topic) of lifestyle interests (e.g., entertainment, business, 

politics). Though some topics shifted closer to neutrality than others after applying controls, in 

no instance did any interest fail to make a significant shift after controlling for any demographic. 

 

3.4   Measurement Validity Test 

To test the validity of the political alignment measures for interests and whether interests’ 

political alignment on Facebook is similar to the observed political alignment of such interests 

using other, possibly more internally valid methods, we used data from the US General Social 

Survey. The first validation test was on whether interest in rap music19 is politically aligned and 

if such an alignment is be attenuated or removed after controlling for respondents’ race. In the 

 
19 The most recent General Social Survey in which interest in rap music was surveyed was 1993 

(https://gssdataexplorer.norc.org/projects/88944/variables/1400/vshow). While it is true that interest in rap music 

may have become more diffuse across demographic subgroups beyond Blacks since 1993, the fact that the statistical 

tests described in the paper for these survey results align with what is observed in our demographic deconfounding 

results for Facebook interests gives evidence that the lifestyle politics effects we measure are valid. 

https://gssdataexplorer.norc.org/projects/88944/variables/1400/vshow
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bivariate case, political ideology (encoded on a 7-item Likert scale with higher values indicating 

stronger conservativism) had a linear association of 0.086 (p = 0.0012) with interest in rap music 

(encoded on a 5-item Likert scale with higher values indicating less interest); however, when 

race is added to the model as a binary indicator variable (White vs. Black), political ideology’s 

linear association with interest in rap dropped to 0.069 and became statistically insignificant (p = 

0.102) whereas the indicator variable for Whites became statistical significant (p = 3.64e-9) with 

a larger coefficient of 0.801. This result is analogous to what is observed when interests are 

adjusted for race/ethnicity confounding and singers and other music topics become significantly 

less aligned toward liberal ideology (compare Table 1 to Table 2 and see Figure 3). 

 

In a second validation test, agreement with the statement “Immigration from Latin America 

should be increased20” (encoded on a 5-item Likert scale where higher values imply greater 

disagreement) was regressed against the aforementioned 5-item political ideology variable, 

returning a significant association between the two variables of 0.053 (p = 0.0238). When age is 

added into the regression model, however, the association for ideology decreases to 0.045 and 

becomes insignificant (p = 0.056) whereas the coefficient for age (encoded discretely) is 

significant with a coefficient of 0.007 (p = 1.19e-4). This result also validates what is observed 

for the conservatively leaning interest “Stop Illegal Immigration” in Table 1, which had an 

aggregate-level alignment of 0.991 before controlling for age and an alignment of 0.514 after 

controlling for age. Together with the rap music interest results noted above, these two survey-

based validation tests give strong evidence that the alignment and adjustment trends observed in 

this dataset of aggregate internet-based trace behavior are valid. 

 
20 This variable comes from the 2000 General Social Survey 

(https://gssdataexplorer.norc.org/projects/88944/variables/2304/vshow) and is closely related to Facebook interests 

that appear to lean heavily conservative when aggregated across all demographic categories. 

https://gssdataexplorer.norc.org/projects/88944/variables/2304/vshow
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4      Conclusion 

This study demonstrates how confounding from demographics like race/ethnicity, education, 

age, gender, and income causes up to 27.36% of the seemingly arbitrary correlations that exist 

between lifestyle interests and political ideology – a phenomenon known as lifestyle politics 

(DellaPosta et al. 2015). Moreover, demographic confounding explained all instances of extreme 

lifestyle politics in which aggregate observations of interests’ political alignments insinuated that 

they were nearly exclusively of interest to one particular ideology. After controlling for 

demographics, the interests with the strongest political leans had alignments that rarely exceeded 

+/- 0.45. Shifts in alignment were also significant across all topics of lifestyle interests that were 

identified for both ideological groups, indicating that the global shifts we observe in alignment 

after controlling for demographics were not driven primarily by diminishing correlations 

between lifestyle interests and ideology in a specific subset of interests which other subsets were 

unaffected. 

 

Overall, these patterns are akin to Simpson’s paradox, where aggregate-level associations appear 

to lean in one direction but when analyzed at the subgroup level the trends wane or even reverse 

for the subgroups. More specifically, this study shows how many interests that are highly 

partisan at the aggregate-level are not actually as partisan as they appear but instead are primarily 

of interest to individuals of demographic groups that also happen to be highly partisan. Black 

performers are not necessarily explicitly liberal, in other words. Instead, Black performers tend 

to be of interest to Black Americans, who also tend to be liberal. Also, because demographic 

characteristics such as race/ethnicity, age, and gender are causally prior to ideology, our results 

show how the lifestyle politics we observe among many interests are causally spurred through 

demographic entanglement. It cannot possibly be the case that the lifestyle politics we observe 
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among these interests are driven through a relationship in which liberal ideology generates the 

racial/ethnic backgrounds of those interests’ audiences. 

 

Over this process, we discovered a pattern in which liberal topics of interests were more strongly 

entangled with lifestyle politics through demographics than conservative interest topics, possibly 

because of cultural omnivorousness in which people with elite socioeconomic characteristics 

such as higher education and income have a high tolerance for multiculturalism, racial/ethnic 

diversity, and cultural inclusivity and also tend to engage with a wide variety of cultural interests 

and artifacts (Peterson 1992, Warde et al. 2007, Goldberg 2011). We validated our measures and 

results against similar instances of lifestyle politics observed in the US General Social Survey, 

including one from 1993, indicating that the demographic drivers of lifestyle politics that we 

observe in interests are not likely caused by social media echo chambers or filter bubbles, as 

social media did not exist as ubiquitously then as it does now. 

 

This study empirically supports sociological and social psychological theories on lifestyle 

politics, including hypotheses on how demographics can serve as social identities around which 

lifestyle politics are mobilized (DellaPosta 2015). Since we were only able to analyze aggregate 

data and were not able to measure how individuals who belonged to intersecting sets of 

demographics were interested in different interests, future studies can test if the evolving belief 

network hypothesis of DellaPosta (2020) is able to better explain the persistence of lifestyle 

politics than our argument about demographic entanglements. For instance, after we adjusted 

interests for demographics, one of most liberal interests was an electric car while one of the most 

conservative interests was the Republic of Texas. Perhaps the reason why liberals like electric 
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cars is because Texas is not only a conservative state but is also a major oil-producing state, and 

so since liberals oppose things that are conservative, they come to oppose gas-powered cars and 

then support electric vehicles. This is similar to what Macy and colleagues (2019) found in their 

experiment on opinion cascades across different policies, where once a member of one 

ideological group claimed support for a policy that was previously neutral, that issue then 

became associated with that party and garnered even more support from individuals from that 

same party and attracting opposition from members of the other party. Because whoever came to 

support each issue was arbitrary based on the randomization they employed in their experiment, 

in some experimental worlds an issue that became highly liberal was highly conservative in other 

worlds. Put another way in the context of our study, perhaps if in another world Texas was 

liberal, we would have observed electric cars among the top conservative interests after we 

adjusted for demographic entanglement, given that our demographic adjustments cannot 

completely explain the variation in lifestyle politics we observe among interests. Finally, future 

studies can also use temporal data to test whether such entanglements are becoming stronger or 

weaker over time, given that the associations between ideology and demographics are becoming 

stronger over time while on the other hand gaps between partisans across their support for 

various lifestyle and moral values have been diminishing, with both groups becoming more 

secular over time (Baldassarri and Park 2020). 
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APPENDIX 

 

A1   Unweighted Aggregate-level Political Alignment and Relevance 

 

Notes: The unweighted aggregate distribution of conservatively-oriented political alignment 

has a mean of -0.064 and a standard deviation of 0.396. The unweighted aggregate-level 

distribution of political relevance has a mean of 0.755 and a standard deviation of 0.057. 
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B1   Political Alignment Distributions before/after Controlling for Education 

 
Jensen-Shannon distance 0.107, two-sample Kolmogorov-Smirnov statistic 0.220 (p ~ 0.0). 

 

B2   Political Alignment Distributions before/after Controlling for Age 

 
Jensen-Shannon distance 0.103, two-sample Kolmogorov-Smirnov statistic 0.210 (p ~ 0.0). 

 

B3   Political Alignment Distributions before/after Controlling for Gender 

 
Jensen-Shannon distance 0.097, two-sample Kolmogorov-Smirnov statistic 0.182 (p ~ 0.0). 
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B4   Political Alignment Distributions before/after Controlling for Income 

 
Jensen-Shannon distance 0.095, two-sample Kolmogorov-Smirnov statistic 0.165 (p ~ 0.0). 
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C1   LDA Intertopic Distance Map: Conservative Topics (n = 22) 
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C2   LDA Intertopic Distance Map: Liberal Topics (n = 31) 
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D1   Political Alignment Distributions before/after Controlling for Education 
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D2   Political Alignment Distributions before/after Controlling for Age 
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D3   Political Alignment Distributions before/after Controlling for Gender 
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D4   Political Alignment Distributions before/after Controlling for Income 
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Abstract 

Polarization in America has reached a high point as markets are also becoming polarized. 

Existing research, however, focuses on specific market segments and products and has 

not evaluated this trend’s full breadth. If such fault lines do spread into other segments 

that are not explicitly political, it would indicate the presence of lifestyle politics – when 

ideas and behaviors not inherently political become politically aligned through their 

connections with explicitly political things. We study the pervasiveness of polarization 

and lifestyle politics over different product segments in a diverse market and test the 

extent to which consumer- and platform-level network effects and morality may explain 

lifestyle politics. Specifically, using graph and language data from Amazon (82.5M 

reviews of 9.5M products and product and category metadata from 1996–2014), we 

sample 234.6 million relations among 21.8 million market entities to find product 

categories that are most politically relevant, aligned, and polarized. We then extract 

moral values present in reviews’ text and use these data and other reviewer-, product-, 

and category-level data to test whether individual- and platform-level network factors 

explain lifestyle politics better than products’ implicit morality. We find pervasive 

lifestyle politics. Cultural products are 4 times more polarized than any other segment, 

products’ political attributes have up to 3.7 times larger associations with lifestyle politics 

than author-level covariates, and morality has statistically significant but relatively small 

correlations with lifestyle politics. Examining lifestyle politics in these contexts helps us 
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better understand the extent and root of partisan differences, why Americans may be so 

polarized, and how this polarization affects market systems. 

 

Keywords: markets, networks, polarization, lifestyle politics, morality. 

 

1      Introduction 

Americans are more polarized today than they have been at any other point in recent history 

(Finkel et al. 2020). Though partisan divisions on moral issues have been closing over time 

(Baldassarri and Park, 2019), between-group animosity has steadily grown since the 1970s 

(Boxell et al. 2020, Iyengar et al. 2012, 2019). Belief consolidation may also contribute to rising 

polarization, whereby the beliefs by which partisans sort themselves into opposing groups have 

become more clustered into tightly coupled “packages” with greater in-group alignment over the 

last 44 years (DellaPosta 2020). An example of this process, the author shows, is attitudes toward 

taxation becoming more coupled with opinions on climate change, which then become 

increasingly entwined with religious beliefs – spurring a more polarized ideological network 

through which partisans are clearly divided. 

 

These polarization dynamics are also apparent in markets and science. Though conservatives and 

liberals both purchase scientific literature, they consume different kinds of scientific books over 

different fields’ market segments (Shi et al. 2017a). For example, conservatives tend to buy 

books that are more peripheral and applied in market networks compared to liberals, who buy a 

broader range of scientific books. Overall, polarization among the co-purchases of scientific and 

political products is almost three times greater than the polarization that exists among co-

purchases of non-scientific and political products. 
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While this study covered substantial breadth in examining partisan differences in consumption – 

including not only broad fields like physical sciences, life sciences, social sciences, and 

humanities, but also a wide range of subfields within these disciplines of study – it remains to be 

seen if these divisions also extend beyond science to other market segments. Lifestyle politics 

(DellaPosta et al. 2015) like this develop when ideas and behaviors that are not inherently 

political, including support for guns or gender rights, become politically aligned through their 

direct and indirect relationships with explicitly political things, like political media/policies and 

politicized events (e.g., corporate action on social issues). For example, after Levi Strauss & Co. 

pledged over $1 million to support ending gun violence and strengthening gun control laws, the 

jean company became progressively aligned with liberals while conservatives aligned themselves 

more with Wrangler (Kapner and Chinni 2019). 

 

The traces of lifestyle politics are pervasive. For example, analyses of Twitter co-following show 

the stereotypes of “Tesla liberals” and “bird hunting conservatives” have empirical support (Shi 

et al. 2017b). It is less clear, however, what explains these dynamics. DellaPosta et al. (2015) 

argue that network autocorrelation stemming from homophily and social influence can generate 

lifestyle politics in absence of psychological variables and other social factors such as 

demographics. Social psychologists on the other hand argue that different moral attributes 

implicitly inherent to lifestyles, thoughts, and behaviors appeal more strongly to different 

ideological groups, especially regarding “culture war attitudes” (Koleva et al. 2012, Graham et 

al. 2013). For example, moral values like care/harm and fairness/cheating have greater appeal to 

liberals, whereas conservatives support all moral values highly (Graham et al. 2009). 
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We contribute to this research by evaluating the pervasiveness of polarization and lifestyle 

politics across different product segments in large markets and by assessing the extent to which 

consumer- and platform-level network effects and moral values may explain lifestyle politics. 

Specifically, using graph and language data from nearly 20 years of product and review data 

from Amazon.com (82.5M reviews of 9.5M products in addition to product and category 

metadata from 1996–2014), we sample 234.6 million observations of relations among 21.8 

million market entities to assess the product categories that are most politically relevant, aligned, 

and polarized. We then extract moral values present in reviews’ text and use these data and other 

reviewer-, product-, and category-level data to test whether individual- and platform-level 

network factors explain lifestyle politics better than products’ implicit moral attributes. 

Understanding lifestyle politics in these contexts can help us to better understand the extent and 

root of partisan differences and why Americans are polarized. 

 

2      Data and Sampling 

2.1   Market Data Sampling and Network Construction 

Market network data for this study came from He and McAuley’s (2016) publicly available 

sample of aggressively deduplicated Amazon.com reviewer, product, and metadata data21. These 

data are free from duplicate reviews by users and include metadata on products’ descriptions, 

price, sales-rank, brand info, and co-purchasing links to other products (i.e., products bought 

together, also bought later, bought after viewing, and also viewed – which include platform-level 

recommendations). Hand-labeled and verified conservative and liberal book titles from Shi and 

colleagues’ (2017) study of political and scientific polarization on Amazon were extracted from 

 
21 These data are available at http://jmcauley.ucsd.edu/data/amazon/links.html. Note that this work did not meet the 

definition of human subject research from Cornell University’s Institutional Review Board for Human Participants 

(https://researchservices.cornell.edu/compliance/human-research), as when data were collected they were extracted 

from an existing database that was openly available in the public domain. 

http://jmcauley.ucsd.edu/data/amazon/links.html
https://researchservices.cornell.edu/compliance/human-research
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a local server repository22. The market network and political seed data were inserted into a 

PostgreSQL database, after which political products and market network data were matched 

using the partial ratio of the Levenshtein distance between seeds’ titles and products’ titles in the 

database23. All matches were evaluated by two members of the research team to assure labels 

were validly applied to the market data. In some cases, duplicate labels were found among and 

removed from the political seed data, including cases when a political product existed in multiple 

formats (e.g., softcover, hardcover, e-book, audio), because the deduplicated market network 

data included only one format of each title. 

 

This process generated 1,116 labels for liberal and conservative books in the market network 

data24. From these seeds, two waves of a two-step breadth-first search network sampling were 

performed. The first step of the first wave focused on sampling related products and sampled 

from the seed products to their distinct co-purchased products (n = 8,944) and then sampled all 

reviewers of these products (n = 552,853). The second step of the first wave sample focused on 

sampling reviewers of seed products and sampled all distinct reviewers of the seed products (n = 

66,816) and sampled all distinct co-purchases related to these products (n = 1,891,249). After 

combining the results of the two steps of the first wave sample and removing duplicate 

information, product-level metadata (e.g., brand and category) information were sampled from 

products (n = 724,532), which yielded a total of 2,319,244 observations for the first wave 

 
22 A similar seed set is available in the paper’s supplemental information: https://www.nature.com/articles/s41562-

017-0079#Sec14 
23 Python’s fuzzywuzzy library was used to perform these calculations: https://github.com/seatgeek/fuzzywuzzy. 
24 We could not match 155 of the 1,446 political seeds from Shi et al. (2017a) with the market network products, and 

we removed 175 duplicates from the remaining 1,291 products, which lead the number of seed political books in this 

study to be slightly less than that of Shi et al. (2017a), who had 1,256 political seeds. Unmatched products likely 

exist because the Shi et al. (2017a) data are newer than the market network data and because the market network 

dataset is not a complete census of Amazon products, which is apparent because not all products that exist as co-

purchases in He and McAuley’s (2016) metadata table have matching rows in their product table. 

https://www.nature.com/articles/s41562-017-0079#Sec14
https://www.nature.com/articles/s41562-017-0079#Sec14
https://github.com/seatgeek/fuzzywuzzy
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sample. For the second wave, the same sampling procedures were repeated out from the first 

wave data, which yielded 47,712,826 distinct reviews for 1,871,264 distinct products. Overall, 

this process extracted approximately 33% of the reviews and 20% of the products from the 

original sample collected by He and McAuley (2016). Appendix A describes the different kinds 

of information retrieved from this sampling process and others that are noted in this paper. 

 

A heterogeneous network was constructed from these data using graph-tool, a high-

performance Python library for graph modeling (Peixoto 2014). This type of network differs 

from that of Shi et al. (2017a) in important ways. First, they studied a one-mode projection of a 

bipartite network in which the graph only included product nodes and product-to-product edges 

from co-purchases. The heterogeneous network, by contrast, has nodes representing multiple 

entity types (e.g., authors, products, brands, categories) and relations (e.g., author-product edges 

for reviews, product-product representing different kinds of co-purchases, etc.). Heterogeneous 

graphs not only provide more information on networks, but they are also more flexible and allow 

for more kinds of relationships to exist between entities. For example, in a bipartite projection, 

one product can only be related to another product through a co-purchase; however, in a 

heterogeneous graph, one product can relate to another product through a co-purchase or the 

platform’s recommendation, co-review (i.e., users’ behavior), and co-membership in the same 

brand or category (i.e., market segment). Having more paths of connection, therefore, allows 

heterogeneous graphs to discover more possible connections between products that may be 

missing from bipartite networks. See Appendix B to view the degree distribution for the 

heterogeneous graph across different edge types. 
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The full heterogeneous network created from the two sampling waves included 15,255,656 

author nodes, 6,485,395 product nodes, 85,642 brand nodes, and 15,798 category nodes – which 

totaled to approximately 21.8 million distinct entities25. Over 151.7 million edges existed 

between entities, all of which existed within a fully-connected component. To remove poorly-

connected nodes from the graph, 5-core decomposition was performed. The resulting 5-core 

graph had 6,170,353 nodes (15,672,139 fewer than the full graph), 3,968,438 of which were 

products, and 126,362,653 edges (25,347,594 less than the full graph). To reduce the graph 

further for analyses of the most popular products and most active reviewers, 20-core 

decomposition reduced the heterogeneous network to 2,032,620 nodes and 89,347,563 edges. 

Finally, co-purchase edges were added between products that were co-reviewed by users but 

which had no existing co-purchase edges, which increased the number of edges in the graph to 

234.6 million – a 2.6-fold increase, again demonstrating the ability of heterogeneous graph to 

discover complex and hidden relationships between entities. The variety of relation types present 

in the heterogeneous network grants one an opportunity to test hypotheses that are untestable 

with bipartite data. For example, one can test different effects from individuals (e.g., selection 

effects from users’ past behavior) versus platform mechanics (e.g., filter bubbles stemming from 

recommendation engine suggestions). 

 

2.2   Morality Data 

Hoover et al. (2020) curated a set of approximately 35 thousand tweets, each of which was 

labeled by multiple annotators for the presence of none, one, or more moral values (i.e., a multi-

label task). Given the ids for these tweets, we were able to extract 23,455 tweets from the Twitter 

 
25 To prove that that heterogeneous sampling approach discovers more relationships between products than can be 

captured with bipartite sampling, we simulated a bipartite sampling procedure from these data over product-product 

edges only, which yielded a sample of 344,621 products – 18.8 times fewer products than the heterogeneous sample. 

This difference is likely attributable to filtering effects from Amazon’s recommendation engine. 
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API26. Labels for these tweets’ text included non-moral (n = 17,370), care (n = 4,490), harm (n = 

5,916), fairness (n = 3,858), cheating (n = 4,756), loyalty (n = 4,120), betrayal (n = 2,779), 

authority (n = 4,055), subversion (n = 3,257), purity (n = 2,029), and degradation (n = 2,129). 

 

2.3   Text Processing 

Text from tweets and Amazon reviews was preprocessed to remove emojis, @ signs, # signs for 

hashtags, “RT” retweet tokens, punctuation, URLs, newline symbols, extra spaces between 

words and at the start/end of text, stopwords, digits, and special characters encoded with an 

ampersand. All tokens (words) beyond 512 tokens were removed, as the transformer model that 

will classify the texts is limited to 512 tokens. Lastly, Tweets shorter than 5 tokens were 

removed from analysis as were Amazon reviews that were less than 30 tokens. Removing 

“short” Tweets left 21,232 texts for language models. Removing “short” Amazon reviews left 

1,195,268 texts for classification. 

 

3      Methods and Results 

3.1   Product-level Political Classification 

A semi-supervised relational graph convolutional network (RGCN; Kipf et al. 2017) was used to 

expand the dataset of labeled political products and to classify the political alignment of 

products’ network neighbors. With a small set of labeled examples (1,116 liberal and 

conservative products), the RGCN not only learns to classify products’ political alignment but 

also that of those products’ immediate neighbors (e.g., direct co-purchases), neighbors of 

neighbors (e.g., co-purchases of co-purchases), and neighbors of neighbors’ neighbors through 

heterogeneous label propagation. This quality is useful in complex network like markets, as the 

 
26 Some tweets labeled by Hoover et al. (2020) had been removed, deleted, or made private and were unavailable. 
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RGCN can learn the political alignment of products through their indirect and distant relations 

with other products (e.g., that camouflage is likely conservative, as it is co-reviewed with 

military books, which are co-purchased with books by conservative politicians). 

 

To increase the number of labeled political products, a RGCN was first trained on the original set 

of labeled political products from Shi et al. (2017a) with the objective of correctly classifying 

their political alignment (liberal or conservative). Training, validation, and test sets were created 

from 80/10/10 splits across the 1,116 labeled products. For computational efficiency and because 

these data represent the core of the market network that is most closely tied to political products, 

the model only learned to classify political alignment for products from the first sampling wave’s 

data across products and authors – excluding brand and category entities and relations27. The 

RGCN was constructed and trained using Python’s dgl library for graph neural networks (Zheng 

et al. 2020), the hyperparameters28 of which were optimized automatically with Bayesian 

optimization (via Tree-structured Parzen Estimators) using optuna and model tracking/logging 

with MLflow to discover the best fitting model. 

 

After optimization, the RGCN’s test set accuracy was 99.13% (cross entropy loss = 0.0551). 

Since the model trained on data labeled only for liberal and conservative products, the trained 

model can only classify other products as liberal or conservative and not as non-political. For 

example, of the unlabeled products, the RGCN classified 51.8% as being conservative and 

 
27 Attempting to model the full data sample of all entity and relation types across both sampling waves exceeded the 

GPU’s memory (11 GB on a NVIDIA 1080 Ti). The remaining products and relations used for training include the 

following canonical tuples: (author, reviews, product), (product, reviewed-by, author), (product, related-to, product), 

where the “related-to” relation represents any kind of co-purchase edge. All relations are modeled as undirected. 
28 Hyperparameters included training epochs, hidden layers, hidden nodes, learning rate, gradient norming/clipping, 

L2 regularization, and dropout probability. 

https://www.dgl.ai/
https://optuna.readthedocs.io/
https://mlflow.org/
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48.2% as liberal, which is clearly wrong as not everything in a market is political. Therefore, this 

testing accuracy needs to be qualitatively validated against classifications the model makes of 

products outside the labeled dataset and additional labels for non-political products must be 

learned as well. To do this, title and classification data were extracted from products that the 

model had classified as leaning strongly liberal, strongly conservatively, and ambiguously (e.g., 

equally liberal and conservative). Two members of the research team inspected the products and 

their full information on their respective Amazon.com product pages to validate their alignment, 

after which the newly validated labels were added to the dataset of labeled political products – 

totaling 1,093 conservative, 1,446 liberal, and 3,039 non-political labels after merging. 

 

This process of human-in-the-loop machine learning was performed for five optimized iterations, 

after which validation yielded few payoffs. The final RGCN29, which was trained on 1,355 

conservative, 1,664 liberal, and 4,643 non-political labels collected from past validation 

iterations, had a test accuracy of 86.54% (cross entropy loss = 1.0545). Among the unlabeled 

products, this model classified 8.9% as leaning conservatively, 2.5% as leaning liberally, and 

88.6% as being non-political – proportion cutoffs that have greater face validity than the first 

iteration of the RGCN, which classified nothing as non-political when most products should have 

been labeled as such. Appendix C shows figures representing the relationship between the first, 

second, and final RGCNs’ decision thresholds and the proportion of labels accepted. The main 

takeaway from these figures is that iteratively training and providing the RGCN with more 

labeled examples leads the decision curve to go from flat and confident in the first RGCN to 

 
29 The final RGCN had 3 layers (i.e., it performed label propagation across products’ neighbors, those neighbors’ 

neighbors, and the neighbors of those 2-step neighbors), 19 hidden units at each layer, dropout of 68% (i.e., at each 

batch, 68% of nodes were deactivated to prevent overfitting), a learning rate of 0.05, gradient clipping at 3.358, L2 

normalization with 1.66E-7, and 100 training epochs. Leaky ReLU activation was used at each layer of the model. 
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curved but still steep in the second RGCN to curved and tapered in the fifth and final RGCN – 

indicating that the model is becoming increasingly uncertain about the classifications it makes 

about many products, which is what one would expect from a model about the political 

alignment of products in a market where some products are very clearly political but where most 

are either tangentially political or clearly non-political. 

 

Labels for liberal (n = 22,358) and conservative (n = 34,196) products with probabilities equal to 

or greater than 95% were merged into the heterogeneous network. Figure 1 shows the 5-core 

graph with annotations for categories30 and labeled/classified political products and reviews. As 

expected, clear clustering exists among products from different categories. Culture category 

products have the greatest engagement with political products, which is to be expected given that 

many explicitly political products are books. Entertainment-related products also have visible 

political overlap via their relationships with political movies and TV, sports and outdoor 

activities, and games. Figure 2 shows the extent of polarization among political products, with 

liberal and conservative products divided clearly in half with little overlap and crossover across 

the dense political core. 

 

3.2   Category-level Political Relevance, Alignment, and Polarization 

To quantitatively measure the political relevance, alignment, and polarization of different market 

segments, we implemented the respective Bayesian measures of Shi et al. (2017a) across the 

“big” and “main” product categories. The details of these measures are covered in the authors’ 

 Figure 1: Heterogeneous Market Network with Category/Political Annotations 

 
30 Appendix D lists categories in the “main” and “big” category sets and notes how many products belong to each. 
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Note: Spring force-directed projection of the 5-core graph color-annotated with categories 

and political products/reviews: red = conservative; blue = liberal; teal = home;  orange = 

products; magenta = personal/family; yellow = culture; green = entertainment; nodes: 

5,505,655; edges: 120,322,391. 
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 Figure 2: Political Market Network Projection with Political Annotations 

 
Note: Spring force-directed projection of the labeled/classified political graph color-annotated 

for political products/reviews: red = conservative, blue = liberal; nodes: 9,252, edges: 

158,999. 

 

Methods section; however, we express them below as well. In brief, political relevance measures 

how many edges for a product are tied to political products, while political alignment measures 

how many of those edges to political products are tied to conservative products. Political 

polarization measures how much greater the expected overlap between liberal and conservative 

products is in a category (i.e., the mean number of products with edges to liberal and 
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conservative products after randomly shuffling products’ edges repeatedly) compared to their 

observed overlap (i.e., how many products really have edges to both liberal and conservative 

products) relative to the variance of the sampling distribution for randomly shuffled edges (i.e., 

the expected overlap’s variation from the repeated sampling process mentioned above). 

Equation Set 1 describe these measures mathematically. 

 

 Equation Set 1: Political Relevance, Alignment, Polarization Measures from Shi et al. 

(2017a) 

Relevance =  𝐸[𝜃|𝑋] =
𝑋 +

𝑑𝑘𝑝𝑜𝑙𝑖𝑡𝑖𝑐𝑎𝑙

𝑚
𝐾 + 𝑑

 

Alignment =  𝐸[𝜃|𝑋𝑟𝑒𝑑] =
𝑋𝑟𝑒𝑑 +

𝑑𝑘𝑟𝑒𝑑
𝑘𝑟𝑒𝑑 + 𝑘𝑏𝑙𝑢𝑒

𝐾𝑝 + 𝑑
 

Polarization =
𝐸[𝑂] − 𝑜

√𝑣𝑎𝑟[𝑂]
 

Parameter Definitions and Values (when constant, for 20-core graph): 
𝜃 = estimated parameter (e.g., political relevance or political alignment) 

𝑋 = observed edges between category products and political products 

𝐾 = total edges attached to a category 

𝑑 = prior strength (the average number of edges to political books over all categories): 

302.3 

𝑘𝑝𝑜𝑙𝑖𝑡𝑖𝑐𝑎𝑙  = total edges attached to political products: 2,796,590 

𝑚 = total edges across categories: 212,929,627 

𝐾𝑝= total edges from a category to political products 

𝑋𝑟𝑒𝑑 = total edges from a category to conservative products 

𝑘𝑟𝑒𝑑 , 𝑘𝑏𝑙𝑢𝑒 = total links attached to conservative (1,818,415) and liberal products (978,175) 

𝑜 = observed overlap (number of products in a category with liberal and conservative 

edges) 

𝐸[𝑂] = expected overlap of political links in a category when randomly shuffled repeatedly 

𝑣𝑎𝑟[𝑂] = variance of the sampling distribution of repeatedly randomly shuffled edges 

 

Each of these equations was applied across all the “big” and “main” categories in the 20-core 

graph. Table 1 and Figure 3 show the magnitude of political relevance, alignment, and 

polarization over these categories. Table 1 shows that cultural products are the most relevant and 

polarized products among the “big” categories, with 1% of these their edges going to political 
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products and with 4.18 times more polarization than the second most polarized “big” category. 

Home products have the most alignment, with 60% of their political edges going to conservative 

products. Figure 3 breaks these trends down further. Among the “main” categories, books have 

the greatest relevance and by far the most polarization. Automotive products have the strongest 

alignment at 0.6694. By contrast, products in the music category lean most liberally with an 

alignment of 0.4895. The subgraphs for different categories visualized in Figure 3 show how 

these political effects unfold over subgraphs. Evidence of books’ relevance and polarization is 

made clear by the many political edges encircling the subgraph with numerous clusters of red 

and blue edges spanning the category in small clusters. By contrast, the automotive category has 

far fewer connections to political products; however, the edges it does have are more oriented 

toward conservative products. 

 

We validated these measures against two smaller subsets of products that are commonly 

polarized among partisans. As expected, products related to guns have a relevance of 0.006 

(nearly the same as music & TV), an alignment of 0.646, and a polarization value of 45.90. 

Gender-related products have a relevance of 0.04 (four times more than books), an alignment of 

0.251 (very liberal), and a polarization of 32.88. Therefore, we can be confident these measures 

are reliably representing the political relevance, alignment, and polarization of products and 

categories in the market network. 

 

 Table 1: Political Relevance, Alignment, Polarization Values for “Big” Categories 

Category Relevance Alignment Polarization 
Culture 0.0104 0.4897 989.83 

Entertainment 0.0037 0.5321 236.82 

Home 0.0021 0.6012 137.07 

Personal & Family 0.0021 0.5874 109.66 

Products 0.0029 0.5952 150.42 
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 Figure 3: Political Relevance, Alignment, Polarization Values for “Main” Categories 

 
Note: Spring force-directed projections of select categories are shown on the left-hand side of 

the figure to qualitatively show the extent of political relevance, alignment, and polarization. 
 

Of note here is the finding that most political polarization in markets is consolidated among 

culture and entertainment categories, which are also the most politically relevant categories. On 

the other hand, market segments that are most strongly aligned with particular ideologies are 

smaller and  tend to be less relevant and polarized. In other words, though these categories have 

fewer edges to political products, the edges they do have to such products go predominantly to 

only one political ideology. This finding indicates that one may be able to better classify the 

political ideologies of a market segment through their consumption of products from the less 

relevant but high information (highly aligned) categories such as these. 

 

More importantly, however, these results show how lifestyle politics are pervasive in markets. 

All categories had measurable political alignments. For example, music, movies, and TV may 
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not be explicitly liberal in nature, nor are automotive products clearly conservative; however, the 

fact that the products in these categories are often co-purchased and co-reviewed with (or co- 

reviewed with products that tend to be co-purchased with – a 3rd order neighboring relation) 

explicitly political products provides sufficient information to classify them as being politically 

aligned and to detect the presence of lifestyle politics. 

 

3.3   Moral Sentiment Classification 

If lifestyle politics are pervasive in markets, what factors best explain their presence? Though the 

individual- and platform-level network dynamics examined so far may explain these results well, 

the lifestyle politics we observe among product categories that are not explicitly related to 

political products may also be explained by those products’ inherent moral attributes, which tend 

to appeal to partisans differently. To test this possibility, tweet data from the morality dataset 

were randomly split into training (n = 16,950 = 80%) and evaluation sets (n = 4,282 = 20%) and 

used to create a language classification model that could classify the presence of multiple moral 

and non-moral labels in text. Before the multi-label classification model was trained, a pretrained 

RoBERTa language transformer model31 (Liu et al. 2019) was fine-tuned for three epochs on the 

training set of tweets to better learn unique syntactical, grammatical, and other lexical features in 

the moral dataset’s text that differ from text on which the model was originally trained. 

 

Natural language processing models based on BERT (Devlin et al. 2019) often perform 

extremely well on classification tasks. This is because in contrast to previous language models 

that have objectives like learning to predict words that come before, after, and around a target 

 
31 This model is available from Hugging Face (https://huggingface.co/distilroberta-base) and was constructed, fine-

tuned, and trained using the simpletransformers library in Python 

(https://simpletransformers.ai/docs/classification-models/#multilabelclassificationmodel). 

https://huggingface.co/distilroberta-base
https://simpletransformers.ai/docs/classification-models/#multilabelclassificationmodel
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word more globally – including word2vec (Mikolov et al. 2013) and GloVe (Pennington et al. 

2014) – and in contrast to those that learn these dynamics in addition to how they vary across 

linguistic contexts – such as ELMo (Peters et al. 2018) and ULMFiT (Howard et al. 2018) – 

BERT learns to represent language by predicting self-masked sections of text (i.e., censoring 

words in texts and learning to predict them given the surrounding context) and by predicting 

whether sentences follow others (to infer context). The RoBERTa model chosen for this paper 

was selected because it extends BERT’s unsupervised and deeply bidirectional approach by 

using ten times more training data, training on long sequences of text, using dynamic masking 

instead of static masking, and modifying the next sentence prediction objective to improve model 

performance. 

 

As in the RGCN training pipeline, to enhance the RoBERTa model’s training, automatic 

Bayesian hyperparameter was used to discover the best fitting model for multi-label 

classification of moral values in tweets. For this task, the Bayesian optimizer could choose to use 

the fine-tuned model or an untuned model in addition to modifying hyperparameters for learning 

rate, weight decay, Adam epsilon, and gradient norming/clipping value. The best-fitting model 

from this process was a fine-tuned model with default values for hyperparameters32. At testing, 

this model had a label ranking average precision (LRAP) score of 88.47%. This score represents 

the proportion of highly-ranked labels that are true labels, and it ranges from 0 – 100%. The 

binary cross entropy loss was 0.2775. 

 

The trained RoBERTa model was applied to the first sampling wave of Amazon reviews to 

predict the probability of each moral value (or non-morality) in each review’s text. Several 

 
32 Learning rate = 4E-5, weight decay = 1E-6, Adam epsilon = 1E-8, maximum gradient normalization = 1.0. 
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hundred predictions of moral values in reviews were randomly selected and manually evaluated 

to validate that the model’s predictions made sense and had face validity. Table 2 includes the 

number of reviews that had any probability of having a given label in addition to probability 

mass of each label across all reviews. Most review texts were primarily non-moral; however, a 

large number of reviews did express moral sentiment. Authority was most prevalent, which is not 

surprising given that most reviews are intended to state an opinion about a product’s utility and 

recommend others to buy or avoid the product. It is also not surprising that the second most 

prevalent moral sentiment is harm, since negativity bias drives people to review more often if 

they do not like a product than if they like a product. Other moral sentiments are relatively 

similarly distributed across reviews. 

 

 Table 2: Presence and Probability Mass of Moral Sentiments across Review Texts 

Moral Sentiment Presence (Probability Mass) 
Care 76,183.03 (6.37%) 

Harm 123,330.05 (10.32%) 

Fairness 59,490.64 (4.96%) 

Cheating 84,065.39 (7.03%) 

Loyalty 97,226.66 (8.13%) 

Betrayal 85,122.68 (7.12%) 

Authority 178,451.31 (14.93%) 

Subversion 104,777.05 (8.77%) 

Purity 74,073.55 (6.20%) 

Degradation 77,224.51 (6.46%) 

Non-moral 1,154,487.88 (96.59%) 

Note: Presence is the number of reviews that had any probability of having a given label. The 

total number of reviews classified equaled 1,195,268. 
 

3.4   Predicting Lifestyle Politics 

To measure the degree of association between lifestyle politics, individual- and platform-network 

effects, and moral attributes, one must first measure the magnitude of lifestyle politics entwined 

with products. After merging the 20-core author-product heterogeneous network (3,647,388 

nodes and 25,432,541 edges) with review data from first sample wave (2,319,244 rows of data, 
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including reviewers’ review data and product-level metadata) including labels for moral 

sentiments, the data remaining included 1,481,887 rows of product and author information from 

both datasets. Political relevance and alignment measures were extracted from reviewers by 

modifying Shi et al.’s (2017) equations (Equation Set 1) to focus on reviewers’ edges to 

political and conservative products, respectively33. Appendix A lists and describes variables 

extracted from these steps in more detail. 

 

The alignment of products’ lifestyle politics is estimated using the RGCN from Section 3.1 

trained to classify products’ political alignment, as this model implicitly learned to predict 

lifestyle politics. While iteratively training and hand-evaluating the RGCN, explicitly political 

products became less prevalent over time while implicitly political products (e.g., documentaries 

on climate change and gun rights t-shirts) became more prevalent, indicating that the model 

came to learn lifestyle politics through these not explicitly political products’ direct and indirect 

relations with explicitly political products. This phenomenon is an example of machine learning 

bias, a well-documented outcome of training machine learning models on data that include 

dynamics that are associated with social and demographic factors that are not specified and well-

controlled or when training data are not representative of all social groups and then do not 

generalize appropriately across them (Mehrabi et al. 2019). Examples of bias from previous 

research include racial bias in health care (Obermeyer et al. 2019), racial and geographic bias in 

policing and policy making (Courtland 2018), and gender bias in learning word representations – 

such as stereotypes like “man is to computer programmer as woman is to homemaker” 

(Bolukbasi et al. 2016, Gonen et al. 2019).  

 
33 In the author context, political relevance measures the proportion of reviews authors make of political products, 

and political alignment measures the proportion of political product reviews that are of conservative products. 
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 Table 3: Stereotypical Political Relationships among Products Reflecting Lifestyle Politics 

“Liberal” Lifestyle Products “Conservative” Lifestyle Products 

• Stainless steel juicer 

• Organic cotton eco tote 

• Purple cardigan 

• iPod speakers 

• Bruce Springsteen 

• Ecological aesthetics 

• Swarovski dog collar 

• “Inspiration for Life” 

• “Nuclear Disaster” 

• “Understanding Abortion” 

• Grilling/BBQ equipment 

• Leather pistol holster 

• Carhartt Jacket 

• Bushnell hunting field tripod 

• Walker Texas Ranger 

• Colonial Williamsburg gardening 

• Rottweiler wire basket muzzle 

• “Southern Literature” 

• “Fight Against Radical Islam” 

• “Pro-Life Reflections” 

 

The RGCN learned to predict stereotypical lifestyle politics alignments among products that 

reflect themes such as those shown in Table 3. Liberals, for example, were predicted to be 

organic, eco-friendly consumers who make their own juice, oppose nuclear power/weapons, and 

support pro-choice rights. By contrast, the RGCN predicted that conservatives are blue collar 

consumers who like to hunt, grill, and be informed about Southern lifestyles, radical Islam, and 

pro-life apologetics. These trends are similar to those found in earlier studies of lifestyle politics 

(DellaPosta et al. 2015, Shi et al. 2017b) that found empirical support for liberals’ affinities for 

lattes and conservatives’ support for bird hunting. 

 

Given these results, a lifestyle politics alignment variable was created for every product that was 

not hand-labeled or labeled using the RGCN by taking the logged odds of the probability that a 

product is conservative compared to liberal and clipping the values between [0.0001, 0.9999]. 

This logistic transform linearizes the probabilistic sigmoid function that represents products’ 

multi-class alignment prediction from the RGCN34. These values were min-max scaled from 

 
34 If lifestyle politics alignment is not made linear with the logistic transform, the resulting mixed effects model is 

unstable and has residuals that are not normally distributed around 0. 
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approximately -10 to 10 to 0 to 1, with 0 indicating liberal lifestyle politics and 1 indicating 

conservative lifestyle politics, to improve their interpretation as going from completely aligned 

with liberal lifestyles to completely aligned with conservative lifestyles. Evaluating the 

distribution of this variable over each product category revealed that lifestyle politics have the 

strongest entwinement with cultural and entertainment products35. After dropping products in 

categories less strongly affected by lifestyle politics, 1,006,172 rows of data remained. These 

data were consolidated further by removing data from reviewers who had not posted at least five 

reviews, leaving 149,813 rows of data36. Covariates that were not normally distributed were Yeo-

Johnson power transformed and standard-normalized, after which Shapiro-Wilks tests confirmed 

each of the covariates’ distributions were substantially closer to a normal distribution37. 

 

To determine which covariates best predict products’ lifestyle alignment, a beta generalized 

linear mixed effects regression model was constructed using R’s GLMMadaptive library. This 

model is most appropriate for the given data as the dependent variable is not continuous but 

ranges from 0 to 1 and since data are complexly structured with repeated measures existing for 

reviewers through their multiple reviews of different products. The main covariates of interest 

for this model include product-level political alignment and relevance, reviewer-level political 

alignment and relevance, and review-level moral sentiments. Several statistical interactions were 

also included to test for moderation effects between these predictors (e.g., relevance and 

alignment). Other covariates are modeled for statistical controls (e.g., reviews’ average 

helpfulness score, reviews’ overall rating score for a product, and products’ category). Random 

 
35 Attempting to model lifestyle politics with data from other categories would not allow the model to converge. 
36 If low activity reviewers are not removed, the mixed effects model failed to converge due to segmentation errors 

from attempting to properly generate random effects for reviewers who had one or very few reviews. 
37 Operations were performed with the stats.yeojohnson and stats.shapiro functions of Python’s scipy 

package (Virtanen et al. 2020). If covariates are not transformed and standardized, the model will not converge. 
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effects are included for reviewers38. 

 

Figure 4 presents the coefficients of the best-fitting model for predicting the alignment of 

lifestyle politics among products39. Excluding category coefficients, which are binary indicators, 

one can approximately interpret coefficients as the percent change in lifestyle politics alignment 

that is associated with a one standard deviation change in the given covariate40. These results 

reveal that substantial category-level differences in lifestyle politics exist, which aligns with the 

results and insights drawn from Figure 3. Books and Movies & TV have significant liberal 

alignment with lifestyle politics, whereas videogames have significant conservative liberal 

alignment. Interestingly, while the Sports & Outdoors category has substantial conservative 

political alignment, in the mixed effects model it is significantly aligned with liberal lifestyles. 

This inconsistency could be because less active reviewers were not included in the lifestyle 

politics model, nor were short reviews, and liberal reviewers tended to write more and longer 

reviews. 

 

Product-level political alignment has the greatest association with product-level lifestyle politics. 

An approximate interpretation of this coefficient is that products that have a political alignment 

one standard deviation above the mean (i.e., a standard deviation conservative lean) have a  

 Figure 4: Beta Linear Mixed Effects Regression Model Results Predicting Lifestyle Politics 

 
38 The GLMMadaptive library only allows for one grouping random effect, which is why “main” categories are 

included as indicator variables and not modeled as random effects. 
39 AIC/BIC tests determined this model was the best-fitting among 25 configurations of linear and mixed effects 

models that predicted lifestyle politics alignment among products. Modeling lifestyle politics on its original logit 

scale of -10 to 10 with a linear mixed effects model converged; however, residuals were not normally distributed. 

The coefficients were in the same direction and of the same magnitude as those in Figure 3, though. 
40 This is only approximately correct, as covariates were power transformed before standard-normalizing. 
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Note: Lifestyle politics ranges from 0 to 1, where 0 is liberal alignment and 1 is conservative.  

 

75.67% probability of having conservatively aligned lifestyle politics (i.e., leaning 

conservatively 0.2567 past the 0.5 neutral point), on average41. This relation is compounded 

through a positive interaction with product-level political relevance, indicating that products that 

are both politically relevant and politically aligned are especially more likely to have strong 

lifestyle political alignment. For example, products that are co-purchased or co-reviewed often 

with explicitly political products, where those products tend to be highly liberal in political 

alignment, also have stronger liberal alignments in lifestyle politics on average. Author-level 

political alignment and political relevance also have statistically significant associations with 

 
41 This probability is derived by first converting the min-max scaled lifestyle politics coefficient to its original logit 

form: (0.5572 * (10 – -10)) + -10 = 1.144. Then, convert this logit to a probability: e(1.144)/(1 + e(1.144)) = 0.7567. 
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lifestyle politics. The coefficient for author-level political alignment (0.20) is almost the same as 

the product-level political relevance’s main effect (0.21); however, overall, the coefficients for 

the product-level covariates are substantially larger than their author-level analogs, giving 

evidence to the argument that product- and platform- network effects have a stronger association 

with lifestyle politics than author-level network effects. 

 

Among the moral sentiments, most values have small but statistically significant associations 

with product-level lifestyle politics. Lifestyle politics’ positive correlations with subversion, 

authority, and cheating and its negative correlations with harm and fairness align well with the 

associations predicted by moral foundations theory, which argues that these moral values often 

appeal more to conservatives than liberals (Graham et al. 2009). Lifestyle politics’ positive 

correlation with care and its negative correlations with degradation and betrayal, on the other 

hand, are reverse of what is expected by moral foundations theory, which often finds that liberals 

give more weight to issues of care/harm than conservatives and that conservatives usually 

emphasize degradation and betrayal more than liberals. That being the case, however, Koleva 

and colleagues (2012) show that in many cases of “cultural war attitudes,” the alignments 

between moral sentiments and partisan topics are often mixed from liberals’ and conservatives’ 

general support of the core moral foundations. The results in Figure 4, therefore, provide 

additional support for their argument. In the context of this paper, though, these results 

demonstrate that products’ moral attributes are associated with lifestyle politics; however, the 

magnitude of these relationships is substantially less than that of network-based product- and 

author-level political characteristics. 

To determine how much variance in lifestyle politics alignment is explained by these covariates, 
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a linear mixed effects regression model42 was created that was identical to the beta mixed effects 

model presented in Figure 4 in all ways except that the linear version could properly model 

random effects for reviewers and “main” categories as well as crossed random effects for 

reviewers nested within categories (through multiple reviews of products in the same category). 

The marginal R2 of the model, which represents how much of the model variance is explained by 

the fixed effects only, equaled 0.3938. The adjusted R2 of the model, which represents how much 

of the model variance is explained by the complete model (including fixed, random, and residual 

effects), equaled 0.6866. In other words, the product, reviewer, morality, and category level 

covariates presented in Figure 4 explain almost 70% of the variance in products’ lifestyle 

politics. 

 

 

4      Conclusion 

This study examined whether market networks are politically polarized, if these political 

dynamics crossover to non-political market segments to generate lifestyle politics, and if lifestyle 

politics are better explained by moral values (e.g., inherent qualities of products that appeal to 

partisans’ social and cognitive differences) versus individual-level (e.g., selection effects from 

authors’ affinities for politically relevant and aligned products) or product-level network 

dynamics (e.g., products often co-purchased or co-reviewed with political products may spawn 

filter effects as platforms’ recommendation engines learn to suggest the political products to 

other potential consumers of the non-political products). Bayesian estimates of political 

relevance, alignment, and polarization find cultural segments are over four times more polarized 

 
42 R’s lmer function from the lme4 package (https://cran.r-project.org/web/packages/lme4/index.html) was used for 

this task because the GLMMAdaptive package could not produce the necessary information for these calculations. 

https://cran.r-project.org/web/packages/lme4/index.html
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than the second most polarized segment. The extent of political polarization in other segments is 

relatively less; however, even small categories like automotive parts have notable political 

alignment indicative of lifestyle politics. These results indicate that lifestyle politics spread deep 

and wide across markets – extending prior work on partisan divides in scientific markets (Shi et 

al. 2017a). 

 

Secondly, this study demonstrated that semi-supervised graph neural networks implicitly learn to 

classify lifestyle politics similarly to how word embedding models learn gender biases 

(Bolukbasi et al. 2016). With these results, beta mixed effects regression models find product-

level political alignment and relevance are more strongly associated with lifestyle politics than 

their author-level equivalents (2.75 – 3.7 ✕ difference, respectively). Moral sentiments, by 

contrast, are significantly associated with lifestyle politics in many ways that are predicted by 

moral foundations theory, but in other ways the observed relationships go against the theory’s 

predictions. Overall, though, these covariates’ effects were small compared to the product- and 

author-level covariates. Finally, even with these covariates, market segments’ differences in 

lifestyle politics persisted, and the complete model failed to explain about 30% of the variance in 

lifestyle politics. Therefore, other variables are still missing which could help us better 

understand the growth and spread of lifestyle politics. 

 

Though it was beyond the scope of this study, our knowledge of lifestyle politics may be 

expanded by analyzing how lifestyle politics and the social dynamics associated with it evolve 

over time and across products and the individuals who review them. For example, Baldassarri 

and Park (2019) use longitudinal data to show how while partisans’ support for different moral 
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and political issues is divided, the two groups’ opinions have actually been converging over time, 

with conservatives adopting more secular values more quickly than liberals over time (even 

though they are still less secular than liberals at the present time). It could also be the case that in 

market networks political polarization and lifestyle politics are evolving at different rates across 

partisan groups over time. Also, the fact that product-level political alignment has a stronger 

association with lifestyle politics than author-level political alignment could reflect a similar 

process to what Macy and colleagues’ (2019) found in their work on opinion cascades, where the 

initial alignment of topics is most salient for signaling and attracting like-minded supporters (and 

attracting opposition from detractors). By analyzing the temporal dynamics of lifestyle politics, 

future research could try to better decompose how product- and author-level political affinities 

accumulate and shape one another over time. 

 

Finally, while this study used graph and language data together to discover latent variables 

within the markets’ products and consumers, the use of these two data types could be integrated 

further by better modeling the fact that polarization is more likely when liberals review liberal 

products favorably and review conservative products negatively (analogously for conservatives). 

This treats language data as an edge feature that contributes affinity/aversion information to the 

relationships between products and reviewers, with the objective of better measuring polarization 

as walled-off clustering with the presence of negative ties between groups and positive ties 

within groups (e.g., Leifeld 2017). Similarly, in their work on partisan polarization in discourse 

on shootings, Demszky et al. (2019) find partisans are polarized in how they discuss law & 

policy, identity & ideology, solidarity, remembrance and other topics over time. 
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APPENDIX 

 

A   Information Extracted from Political, Market, and Morality Samples 

Sample Variable (type) Description 

Political Products Name (node) Product’s name 

Political Products Conservative (node) Is a product conservative? 

Political Products Liberal (node) Is a product liberal? 

Market Network Author (node) Is a node an author? 

Market Network Product (node) Is a node a product? 

Market Network Brand (node) What brand is the product? 

Market Network Categories (node) Product’s category membership 

Market Network Conservative (node) Is a product conservative? 

Market Network Liberal (node) Is a product liberal? 

Market Network Id (node) ASIN for products, ReviewerId for reviewers 

Market Network Name (node) Product’s name, reviewer’s username 

Market Network RatingAv (node) Average review rating for product 

Market Network Rank (node) Product ranking across categories 

Market Network Sample (node) In what wave was the product/author sampled 

Market Network Rating (edge) Reviewer’s rating of product 

Market Network Helpfulness (edge) How helpful was reviewer’s review 

Market Network Author-Product (edge) Edge going from author to product 

Market Network Product-Product (edge) Edge going from product to product 

Market Network Review time (edge) Unix time of review creation 

Morality Care (edge) Care moral foundation (opposite of harm) 

Morality Harm (edge) Harm moral foundation (opposite of care) 

Morality Fairness (edge) Fairness moral foundation (opposite of cheating) 

Morality Cheating (edge) Cheating moral foundation (opposite of fairness) 

Morality Loyalty (edge) Loyalty moral foundation (opposite of betrayal) 

Morality Betrayal (edge) Betrayal moral foundation (opposite of loyalty) 

Morality Authority (edge) Authority moral foundation (opposite of subversion) 

Morality Subversion (edge) Subversion moral foundation (opposite of authority) 

Morality Purity (edge) Purity moral foundation (opposite of degradation) 

Morality Degradation (edge) Degradation moral foundation (opposite of purity) 

Morality Non-moral (edge) Review text does not present with morally-laden language 
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B   Degree Distribution by Edge Type 
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C   Decision Thresholds versus Accepted Label Proportions for RGCNs 

First RGCN Application (Classifications: liberal, conservative) 

 

Second RGCN Application (Classifications: liberal, conservative, non-political) 

 

Fifth/Final RGCN Application (Classifications: liberal, conservative, non-political) 
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D   Products in Categories and Brands 

The original market dataset included dozens of nested categories that were collapsed into smaller 

“main” and “big” categories. For example, in the “main” category, “CDs & Vinyl” was merged 

into the “Music” category. Then, in the “big” category, the “Music” was merged into “Culture.” 

 

5-core Heterogeneous Graph 

“Main” categories: n = 18 

o Books: 927,006 

o Sports & Outdoors: 133,156 

o Music: 287,844 

o Movies & TV: 96,134 

o Video Games: 27,448 

o Electronics: 274,776 

o Fashion: 115,537 

o Tools & Home Improvement: 137,206 

o Home & Kitchen: 177,057 

o Arts, Crafts & Sewing: 49,066 

o Office Products: 63,003 

o Toys & Games: 167,205 

o Baby: 24,375 

o Pet Supplies: 50,480 

o Health & Personal Care: 241,510, 

o Patio, Lawn & Garden: 59,488, 

o Grocery & Gourmet Food: 65,826, 

o Automotive: 129,902 

“Big” categories: n = 5 

o Culture: 1263,916, 

o Entertainment: 423,943, 

o Products: 453,316, 

o Home: 569,479, 

o Personal & Family: 316,365 

20-core Heterogeneous Graph 

“Main” categories: n = 18 

o Sports & Outdoors: 59,109 

o Books: 513,419 

o Music: 149,700 

o Movies & TV: 61,665 

o Video Games: 18,287 

o Electronics: 124,167 

o Fashion: 50,464 

o Home & Kitchen: 78,567 

o Arts, Crafts & Sewing: 23,612 

o Office Products: 28,718 

o Toys & Games: 90,630 

o Baby: 14,198 

o Pet Supplies: 24,392 

o Health & Personal Care: 115,447 

o Tools & Home Improvement: 55,097 

o Patio, Lawn & Garden: 28,739 

o Grocery & Gourmet Food: 35,806 

o Automotive: 38,204 

“Big” categories: n = 5 

o Entertainment: 229,691 

o Culture: 686,731 

o Products: 203,349 

o Home: 236,413 

o Personal & Family: 154,037 

 
main_cats_regroup_big = { 

    "Books":"Culture", 

    "Music":"Culture", 

    "Arts, Crafts & Sewing":"Culture", 

    "Movies & TV":"Entertainment", 

    "Video Games":"Entertainment", 

    "Toys & Games":"Entertainment", 

    "Sports & Outdoors":"Entertainment", 

    "Health & Personal Care":"Personal & Family", 

    "Baby":"Personal & Family", 

    "Pet Supplies":"Personal & Family", 

    "Electronics":"Products", 

    "Fashion":"Products", 

    "Office Products":"Products", 

    "Patio, Lawn & Garden":"Home", 

    "Home & Kitchen":"Home", 

    "Tools & Home Improvement":"Home", 

    "Grocery & Gourmet Food":"Home", 

    "Automotive":"Home" 

}  
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CHAPTER 5 
 

When and Why Does Integrating Graph and Language 

Data Enhance Machine Learning Models and Facilitate 

Computational Social Science? 

Alexander Ruch1 

1 Cornell University, amr442@cornell.edu 

 

1      Introduction: Integrating Graph and Language Data in Models 

Analyzing social behavior is complex, especially at scales that involve many kinds of 

interactions between people – both directly from person to person and indirectly through people 

engaging with diffuse groups in online spaces. This dissertation presented a series of papers that 

collectively aim to explore whether modeling graph and language data together can help 

scientists and practitioners better understand social dynamics that unfold across these contexts. 

Before discussing how the results of these studies answer this question, it is worth briefly 

reviewing why this question is important for advancing computational social science in addition 

to noting potential problems that integrating these data may cause. 

 

First, graph and language data provide information on different kinds of interactions. People can 

share many kinds of relationships with one another over the space of a network. Some of these 

are direct, like friendships, family ties, and people and interests we follow on social media. 

Others, by contrast, are indirect, like co-membership in an organization and connections we 

share with others by being in the same place or by sharing a tie the same object 

contemporaneously – like attending the same event or liking the same thing on a social media 

platform or online store. 
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Language also connects people directly and indirectly. Words can form relations between us 

when we talk to one another directly (e.g., face-to-face conversation) or indirectly (e.g., when we 

share posts on social media that others can read). In addition, people who discuss the same things 

or who talk or post in similar ways linguistically are also related through language, as the words, 

topics, and styles of communication prevalent in their language reflect similarities in their 

perspectives, beliefs, values, and meanings that they hold individually and as part of larger social 

groups. 

 

Second, though graph and language data may provide the same abstract information at times 

(e.g., a user stating they are depressed while also posting in online depression support groups), in 

other cases these two forms of data can be dissonant (e.g., a user claiming to be happy while also 

participating in support groups for people who struggle with depression). When these behaviors 

convey the same information, it is possible to substitute one for the other; however, this may not 

always be true, and it may preclude us from deriving a more complete understanding of whatever 

we are studying. For example, people add movies to their Amazon wish lists for reasons beyond 

personal interest (e.g., it may be a good gift for someone else). Multiple market segments may 

like the same product for different reasons – information that may be extracted from the users’ 

reviews of products, as in the Amazon data from Chapter 4. Substitution is also unlikely and ill-

advised when the two forms of data convey disparate, opposing, or ambiguous information – as 

is the case when we try to interpret what “liking” or sharing a social media post means, hence the 

common note in many individuals’ Twitter profiles that “Retweets ≠ endorsement.” Similarly, 

people often express preferences and say they do things that conflict with their revealed 

behaviors. 
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In these cases, the answer to whether one should analyze graph or language data depends on the 

question one is asking. Integrating both forms of data could be deleterious to an analytical 

objective; however, proper modeling of these disparate data could also improve a model’s 

performance. For example, if one wanted to study what media people stream online, they would 

get more accurate results from studying their network activity than asking them to list shows and 

movies they watch. Research participant recall bias would lead to a far smaller list of media than 

participants actually consume, and they may not list media that reflects poorly upon them (e.g., 

controversial or obscene media). On the other hand, if one wished to know about items people 

bought online for themselves, having participants list things may be better than using their 

network activity, as people often buy things on Amazon for other people and because sometimes 

multiple people use the same Amazon account, which can make it difficult if not impossible to 

determine who actually bought the items. 

 

Third, aligned and mixed or conflicting information signals in graph and text data could enable 

us to identify subtle and important differences in observations – information we may use to label 

such observations more accurately. For example, with cascading models, one can use graph data 

to test if an observation is relevant or not and then feed the relevant data to a language model for 

further analysis (or classify relevance with text data and feed relevant cases to a graph model). 

Integrating graph and text data into models, in other words, could be important when avoiding 

false-positives and false-negatives is critical, as in medical, public policy, and anomaly detection 

models. 

 

If graph and language data provide information on different kinds of interactions, then analyzing 
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both forms of information together may let us circumvent the limitations of using any one form 

of these data and may improve our confidence in models’ results when the signals align. For 

example, when signals from both data types are mixed, modeling both may let us disambiguate 

them more effectively through their statistical interactions. Integrating graph and language data 

may also help in developing models to detect complex behavior like spontaneous versus 

coordinated inauthentic behavior (e.g., fan behavior versus bots acting together to boost 

visibility), detecting different types of sub-communities in larger communities (e.g., users who 

post in groups to get support compared to those who post in the same groups to give support), 

and modeling social dynamics like complex contagion, social influence, and homophily – each 

of which can have network and language causes. 

 

Finally, determining when and why integrating graph and language data enhances models and 

the inferences one can draw from them is not only beneficial to empirical computational social 

science but can also be a boon to models’ theoretical clarity. Integrating these two forms of data 

can let us test structural as well as contextual hypotheses for theories of collective action, 

communication, and behavior – as in Chapter 4 when network dynamics were compared to moral 

features from text. There are many kinds of networks (e.g., social, exchange, informational) and 

many kinds of actors and actions in these networks. Bolstering detection of different types of 

communities and interactions can let us identify differences and study not only what makes 

groups different but test hypotheses of why differences are important from a computational 

social science standpoint. For example, how do we know a social media account is a bot, and is a 

bot “successful” because its messages amplify preexisting in-group and out-group dynamics like 

polarization or because its messages trigger cognitive biases like confirmation bias? 
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2      When and Why Does Integrating Models Help? 

Each of the papers in this dissertation helps answer when and why integrating graph and 

language data enhances computational social science. In the first paper, “Can x2vec Save Lives? 

Integrating Graph and Language Embeddings for Automatic Mental Health Classification,” an 

issue common to computational scientists – rare event classification – was solved by using graph 

and language embedding models to create dense low-dimensional representations of huge sparse 

data, allowing one to analyze data that other methods (e.g., hierarchical stochastic block models) 

could not due to memory and computational inefficiencies. This effectively reframed the 

analytical problem into a simpler one of information extraction and similarity measurement. 

Moreover, this simple method of combining unsupervised embedding models for each data type 

does not require one to get expert labels of complicated outcomes (or spend time labeling), 

avoids difficult and potentially arbitrary feature engineering decisions, and thus is easier to train 

than supervised models. These benefits of concatenating the different embedding models may 

also make the approach appealing to scientists who have not worked with one of the data types 

before but who wish to start analyzing more kinds of data, as the learning curve is not as steep as 

methods that require one to specify what information should be extracted from each source and 

how. 

 

While the idea of simply extracting similarity information from graph and text data and 

combining them into a logistic regression model for classification may sound overly simplistic, 

the approach is powerful. As demonstrated in the chapter, graph and text embeddings have little 

correlation and thus learn to represent non-redundant information for statistically efficient 

modeling. Second, combining graph and language data generated a model more powerful than 

one which used only graph or language data, and the combined model was not improved with 
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more complex modeling techniques like ensembling or deep neural networks. The embedding 

approach’s ability to perform so well is likely because the models successfully extracted rich 

information from the unstructured data. Third, the model was robust to false-positives and false-

negatives, which is bodes well for applying such models in production and for interpreting how 

accurate they are performing. Finally, one can visualize the embedding positions of key 

users/groups in two- and three-dimensional space to draw qualitative inferences about the data. 

 

It is important to note that this approach to combining two different models for graph and 

language data into another model is generalizable beyond the metapath2vec and doc2vec 

models used in the paper. One can use any machine learning approach that learns to represent 

similarities. The approach overlaps conceptually with statistical approaches such as correlation 

distances, and the embedding approach is just another way of measuring similarities that is more 

efficient for sparse data than traditional statistical approaches. In fact, if one wished to use a 

measure like correlation for the node similarity measurement and combine it in a machine 

learning derived similarity measure of text similarity, that would also work – the approach is not 

limited to machine learning models; however, as mentioned in the paper, a benefit of using the 

suggested machine learning approach is that the similarity measures learned are dense and low-

dimensional, which helps increase model efficiency and lower the computational resources 

required for analysis. Finally, one could combine similarities with other data for a more complete 

predictive model (e.g., how long users have been on a platform, how active they are, if they use 

certain keywords or post in particular places). This approach to combining graph and language 

data is highly flexible. 

The second chapter, “Demographic Confounding Causes Extreme Instances of Lifestyle 
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Politics,” demonstrated how integrating graph and language data through cascading models can 

facilitate the ability of computational social scientists to test new theories that would be 

challenging to test with only one data type. Feeding classifications of a knowledge graph model 

(each entity was classified as belonging to many categories) into an unsupervised text clustering 

model, combining graph and language data allowed us to create new information about 

observations to test new hypotheses that could not be tested with graph or language data alone. If 

one had only used network data, graph-based clusters from a hierarchical stochastic block model 

would not be sensible (e.g., government and children’s clothes both appeared in one block of the 

optimized cluster model). On the other hand, if one had only used text data, language-based 

clusters were also not readily possible, as many interests were names of individuals who were 

not in pretrained language models (e.g., it would be difficult to associate Dej Loaf with music 

with text alone). Finally, it is worth noting that this approach of cascading the results of a graph 

model into a language model could be applied in the other direction for other cases (i.e., feeding 

language model results to a graph model). 

 

In the third paper, “Millions of Co-purchases and Reviews Reveal the Spread of Polarization and 

Lifestyle Politics across Online Markets,” combining graph and language data helped in three 

ways. First, using a semi-supervised graph model greatly facilitated the data labeling process. 

Hand labeling political products from the many products would have been tremendously time 

consuming. Using a human-in-the-loop approach to only review highly likely products made 

labeling feasible. The same approach could also be used with language models or with integrated 

models to identify likely labels for quicker and larger scale labeling. Second, the graph model 

learned to classify stereotypical liberal and conservative products by learning the biases in 
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relationships similarly to how text embedding models have been shown to learn stereotypical 

biases like “man is to computer programmer as woman is to homemaker” (Bolukbasi et al. 

2016). While this is usually a frustrating problem for computational social scientists, in the case 

of the study here these biases helped us to define our dependent variable for the paper. Lastly, 

the main benefit of using graph and language data together in this paper came from using the 

results of a language model to explain part of the black box graph model. With this approach, 

one could use other text information from reviews and product descriptions as well to help 

explain the graph model more. For example, one could use Empath modeling (Fast et al. 2016) to 

identify the presence of certain topics that are known to align with liberals or conservatives, 

which would likely improve the interpretive ability. 

 

Overall, these papers demonstrate that the benefits of integrating graph and language data 

primary arise in three cases. First, combining the two data types helps when an outcome is 

shaped by both kinds of data, where graph and language data add context to each other. This 

occurs because graph data helps contextualize language by giving it a discrete place in which 

communication happens. As shown in the first paper, someone who posts something that appears 

depressing in a general subreddit will not likely be classified as potentially suicidal, but someone 

who posts the same thing in a mental health reddit may be labeled as at risk. Text contextualizes 

network behavior by giving it additional information on why such relations exist (e.g., noting 

that one bought a liberal book because they enjoyed its morals of fairness in fighting harms – 

from the second paper). Note that context can be quantitative (e.g., similarity metrics) and as 

well as qualitative (e.g., visualizations of embeddings in 3- or 2-dimensional space to show how 

graph and text entities cluster or bridge). 
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Second, using graph and language data together helps computational social science advance 

when a model for one kind of data can be used in a cascade to create input for another model to 

reach an analytical goal. Computational social scientists often work with large data. If we do not 

reduce the dimensionality of these data or group them somehow, we can only make general 

inferences about the studied population, precluding us from doing theoretically or practically 

interesting subgroup analyses; however, sometimes, we cannot do this kind of reduction with 

only one kind of data (e.g., the names/IDs of entities without any additional information, as in 

the third paper). Working with graph and text data together may help in these cases. This 

approach is not limited to clustering but also works in other classification- or regression-based 

settings. For example, if one wanted to only analyze the text of certain people in a network, they 

could use a graph model to classify whether individuals were of interest or not and then feed the 

selected individuals to a language model for further analysis. Conversely, if one wanted to study 

how the network structures of individuals who are sentimentally positive differ from those with 

negative sentiment, one could use a continuous sentiment model to predict the sentiment people 

along a scale from 0 to 1 and then bin people into categories (e.g., 0 – 0.19, 0.2 – 0.39, 0.4 –

 0.59, 0.6 – 0.79, 0.8 – 1), after which one could use a knowledge graph model to learn the 

average probability that individuals from each of these five groups will post in a particular 

community (e.g., one about optimism, one about anger, etc.). 

 

Third, using graph and language data may help computational social scientists seeking to explain 

a black box model for one data type with another type of data. This issue is pervasive. Many 

deep learning models are black boxes, which is problematic for computational social scientists 
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who wish to clearly understand why their models make the predictions they do. Though 

imperfect and incomplete, using the results of one machine learning model to explain the results 

of another can help us at least gain some face validity for our models and to verify basic 

relationships we expect the black box model to be considering in predictions (e.g., conservative 

products are more likely to mention moral values of loyalty and purity). 

 

3      Limitations and Open Questions 

Though the three studies demonstrated how using graph and language data together can help 

work on computational social science be more efficient and complete, integrated modeling is not 

without its limitations. First, as noted in the first paper, interpreting integrated models remains 

problematic. For example, what does “similarity” really mean – especially with the DBOW and 

DM variants of the doc2vec model and again in light of the fact that just because a person posts 

in r/SuicideWatch does not mean that they are suicidal (i.e., they could be posting to provide 

support to others). While embedding models are more computationally efficient than statistical 

approaches like hierarchical stochastic block models, HSBMs learn interpretable parameters and 

are generative, which makes them more appealing for smaller or less sparse graph data. With 

embeddings for massive datasets, we can measure the correlation of the embedding models’ 

similarities; however, we cannot really explain what specific overlaps are and are not. Lastly, the 

embedding similarity coefficients for the classification model in the first paper are not very 

informative versus feature engineered covariates like social influence and homophily in graphs 

or direct mentions of depression, anxiety, and substance abuse in posts’ text. Again, what does it 

really mean to say that “people who are closer to r/SuicideWatch in the graph embedding space 

are more likely to post in r/SuicideWatch”? 
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Second, training models still requires difficult decisions – even with deep learning approaches 

that help avoid some feature engineering quandaries. One must still decide how to sample graph 

and language data for generalizable models, which may be more complicated to think through 

than the modeling strategy. Deciding, for example, what metapath to use for sampling in the first 

paper can have a dramatic effect on what similarities the graph embedding model extracts and 

how relations are learned between entities. Also, one must choose how to combine embeddings. 

Concatenating embeddings learned from different models may lead to suboptimal results (Zhang 

et al. 2017), but learning graph and language embeddings together in one multimodal end-to-end 

modeling pipeline (e.g., Pham et al. 2019) may increase computational overhead (sampling for 

graph and language embedding models is different) and would require even greater sampling and 

modeling expertise. It is not clear, on the other hand, if doing so would increase the model’s 

performance much beyond the concatenated version (i.e., is the extra work worth it?). 

Theoretically, however, it can be argued that a fully integrated multimodal graph-language 

embedding model may better contextualize how language is used within different parts of the 

network better than the concatenated approach, given that a multimodal approach would share 

parameters that are responsible for updating the graph and language similarity weights. This 

could help, for example, drive down false-positives in cases where users who never posted in 

r/SuicideWatch but who made posts in mental health subreddits similar to r/SuicideWatch are 

misclassified. 

 

Third, cascading models that involve a clustering step may oversimplify or misrepresent how 

data are grouped and passed off to subsequent machine learning models or for subgroup analysis 

results. For example, in the second study, each interest was assigned membership in its primary 
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LDA topic, oversimplifying the categorization of interests like Donald Trump that could be 

either political or in a business or real estate category. Also, given that the LDA model is 

stochastic, what the primary topic may be for a given interest could change from run to run if an 

interest is not firmly in a clearly defined latent category (aand if random seeds are not set). This 

could have substantial consequences for subsequent models’ results, because such interests 

which may be barely in their assigned primary latent category are treated as if they are firmly in 

it, which shapes how subsequent models make inferences about these data. 

 

Forth, while it was helpful for the purpose of the third paper that the graph model learned 

lifestyle politics indirectly, the fact that the model learned these stereotypes shows the model was 

not able to successfully learn explicitly liberal and conservative products (but learned implicit 

alignments) – even with multiple iterations of human-in-the-loop learning and increasing 

numbers of labels for liberal, conservative, and non-political products. If the paper’s goal was the 

learn explicitly liberal and conservative products (i.e., media and other merchandise about 

conservativism and liberalism), this would have been highly problematic and would likely lead 

one to reject the model as a failure. Also, without qualitative expert evaluation, it would be 

difficult to determine why the model was classifying implicitly political products and liberal or 

conservative by way of lifestyle politics. One would simply think the model was making many 

false-positives in its application to labeled data outside the training and testing sets – and they 

would not know this unless they manually evaluated the predictions being made. In other words, 

even though the trained model had high test accuracy and precision, applying the model outside 

these data is when the bias appears, and so quantitative measures like accuracy are not enough to 

determine that the model is not performing as expected. 
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Fifth, integrating data for explanatory purposes provides neither full nor true explanations of 

black box models. The mixed effects model in the third paper had unexplained variance, and so it 

cannot fully explain the graph model’s classifications. Also, coefficients of the mixed effects 

model can only be interpreted as an indicator of a feature being positively/negatively correlated 

with a higher probability of having a conservative alignment with lifestyle politics and not as a 

measure of how the graph model’s classifications were actually determined (particularly for 

individual products). An ideal interpretive approach for models using graph and language data 

would allow a modeler to determine why specific products were predicted to be liberal or 

conservative (e.g., because of a co-purchase with a specific book and its presentation of certain 

moral values). Presently, the mixed effects model approach lets one infer that a book may be 

liberal because it tends to be co-purchased with other liberal books, but it does not let us specify 

which books that led the model make a liberal classification. This is unsatisfying from an 

interpretive and diagnostic standpoint. 

 

Finally, working with graph and text data has a few general limitations, especially when 

comparing academic and industry production applications. Academics and engineers may 

disagree on how to optimize integrated models. Academics often develop complicated models 

that take many factors into consideration to best represent and learn social dynamics (e.g., local 

and global contexts with more mathematically laborious integrations of models’ weights). On the 

other hand, engineers may not be able to serve such models if they do not train and return 

inferences quickly, and so one may require a model that performs well enough for the objective 

even if it has suboptimal performance compared to the latest and greatest state of the art model 
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on arXiv. On yet the other hand, this may not be detrimental to industry engineers, as they often 

have access to data that is both higher detail and greater in quantity than academics, and so 

engineers’ simpler models may perform better than their more complicated academic analogs. 

Engineers do sometimes put high resource models into production, however43. Even here, 

though, the industry engineers are often able to produce the most complicated models because 

they have funds to deploy massive distributed systems academics can only dream of affording. 

 

Even if models and the inferences we can draw from them are improved by integrating all kinds 

of different data in different ways, one must consider if the costs of additional complexity in our 

analyses outweighs practical matters such as interpretability and computational complexity. Is 

the benefit big enough? Does adding more data into models cause problems like backdoor effects 

that confound causal analysis? What else do we need to consider when working in contexts 

where both graph and language data exist? If an integrated model accurately classifies 90% of 

cases, what are the 10% that the model misses? Can we characterize missing cases? Is the model 

repeatedly wrong for cases on a particular kind (e.g., a certain set of users or communities)? Can 

we determine the linguistic and network causes of why the model missed those cases and then 

adjust or supplement the model to improve predictions? What are the relational and linguistic 

phenomena we should be studying from a theoretically enriching or ethical stance? How do we 

create datasets that are both large scale and high quality while also reflecting real-world tasks 

with low risks (i.e., avoiding the lure of developing state of the art models just to beat a previous 

model’s accuracy on some arcane or unusual objective, sharing detailed data while also 

preserving anonymity and privacy)? Lastly, can we delve deeper into graph and language 

 
43 Google, for example, now uses BERT in its search engine (https://blog.google/products/search/search-language-

understanding-bert/). 

https://blog.google/products/search/search-language-understanding-bert/
https://blog.google/products/search/search-language-understanding-bert/
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evolution and emergence with dynamic data, given that much of the network and text data 

discussed is temporal and changes over time in interesting ways that are shaped within and 

beyond the platform being studied? 

 

4      Future Paths to Reinforce and Enhance Integrated Modeling 

Great potential exists for addressing many of the aforementioned issues. For more interpretable 

information extraction and inference methods, future work can focus on developing models that 

allow us to determine what overlaps exist between graph and language embeddings. For 

example, models can be created that extract information beyond similarity, enabling us to make 

explanations such as “user X is 93% likely to post in place Y because they previously posted in 

places 1, 2, 3 and said the following phrases …” Approaches like GNN Explainer (Ying et al. 

2019) provide helpful explanations from the graph side of the model, and methods like SHAP 

(Lundberg et al. 2017) report similar explanations with structured data and certain unstructured 

language models; however, no approach works with integrated graph-language models. For 

concatenated or cascading models, one could still use these two methods individually, however. 

 

Future work could also be done to better contextualize language using graph information to 

capture how some phrases may have different meanings based on where they are said or by 

whom they are said (e.g., Pham et al. 2019, Smith 2019, Sap et al. 2019). This problem is 

compounded when multilingual data are considered. For example, should “daughter” and “딸” 

be considered as similar, or should they be represented differently somehow since one is likely 

used in English contexts and the other is likely used in Korean contexts? The words have the 

same semantic meaning, but the associations of what it means to be a daughter may differ across 



 

 159 

English and Korean contexts. For now, one could try to do what the authors of metapath2vec 

(Dong et al. 2017) do and provide the user with the option to learn to represent different 

contextual entities in the same or different spaces. Relatedly, work can be done to limit bias by 

evaluating inferences with tools like Aequitas (Saleiro et al. 2019) and then attempt to reweight 

the model to avoid biases (e.g., Bolukbasi et al. 2016), adding features to the data to help counter 

biases, or collect additional data for better representative samples. 

 

Given that many of the dynamics examined in this dissertation evolved over time, more work 

could be done on temporal models of how graph and language relationships evolve over time and 

space. Knowledge graphs may be a good way to represent these data (e.g., Jin et al. 2020). 

Knowledge graphs also allow users to avoid having to make decisions about how to define a 

metapath for sampling graphs, as every kind of path is learned through link prediction. A 

persistent problem for graph models, however, remains with defining what differs macro- from 

micro-level environments and all the spaces between (e.g., Reddit as a whole versus a subreddit 

versus a submission versus back-and-forth talk in a comment thread). Knowledge graphs, unlike 

graph convolutional neural networks, do not readily allow users to weigh the effects of different 

nodes by how many steps away they are from a given node (e.g., immediate neighbors versus 

neighbors of neighbors). Some approaches (e.g., Wang et al. 2018) do allow for this kind of 

weighting, however, which could allow one to tune whether they want to highlight local or 

global relationships more. Incorporating language data into this pipeline could be complicated, 

though, especially as it has similar issues of local and global context (Peters et al. 2018, Devlin et 

al. 2018). It’s possible that one could model graph and language together using a heterogeneous 

graph transformer (Hu et al. 2020), treating an entity’s use of different words or phrases as 
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entity-language edges and treating the relations across words in phrases as language-language 

edges. It is also worth noting that this transformer allows for dynamic modeling of nodes over 

time, which could also help address the aforementioned issue of better modeling temporal 

dynamics in systems. 

 

The possibilities for enhancing and extending our abilities to model graph and text data together 

go far beyond those mentioned above, and resources and opportunities to engage in such 

research are rapidly growing. Open-source libraries for graph and language models are well-

developed and have helpful communities for assisting individuals with modeling problems. DGL 

(Zheng et al. 2020) is a framework agnostic (PyTorch, TensorFlow, MXNet) library for graph 

neural networks developed by NYU, NYU-Shanghai, and Amazon AWS. PyTorch Geometric 

(Fey et al. 2019) is another graph neural network library with many scripts for models from 

different papers. Another library, StellarGraph (CSIRO's Data61 2018), does for graph neural 

networks what scikit-learn (Pedregosa et al. 2011) does for structured data and makes it very 

easy for people who have never worked with graph machine learning models get started with a 

smoother learning curve. From the language modeling standpoint, Hugging Face (Wolf et al. 

2019) makes it simple to fine-tune and apply pretrained transformer language models (e.g., 

BERT). AllenNLP (Gardner et al. 2018) is another library that simplifies building modular NLP 

models. Lastly, SpaCy (Honnibal et al. 2020) is a widely used library for industrial text 

processing and NLP. If none of these resources have the specific model with which one wishes 

to work, PapersWithCode (https://paperswithcode.com/) is a search engine for research papers 

that provide open-source code – and it is now integrated into arXiv for even easier discovery of 

https://paperswithcode.com/
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new models44. Finally, because models are not the only thing one needs for doing computational 

social science, researchers and engineers can also explore sites like Kaggle 

(https://www.kaggle.com/datasets) to find interesting datasets on which they can test their 

models. Overall, the future is bright for work integrative modeling.  

 
44 https://blog.arxiv.org/2020/12/10/instant-access-to-code-for-any-arxiv-paper/ 

https://www.kaggle.com/datasets
https://blog.arxiv.org/2020/12/10/instant-access-to-code-for-any-arxiv-paper/


 

 162 

REFERENCES 

Bolukbasi, Tolga, Kai-Wei Chang, James Zou, Venkatesh Saligrama, and Adam Kalai. 2016. 

Man Is to Computer Programmer as Woman Is to Homemaker? Debiasing Word 

Embeddings. 

Data61, CSIRO’s. 2018. “StellarGraph.” 

Devlin, Jacob, Ming Wei Chang, Kenton Lee, and Kristina Toutanova. 2019. “BERT: Pre-

Training of Deep Bidirectional Transformers for Language Understanding.” Pp. 4171–86 

in NAACL HLT 2019 - 2019 Conference of the North American Chapter of the 

Association for Computational Linguistics: Human Language Technologies - Proceedings 

of the Conference. Vol. 1. Association for Computational Linguistics (ACL). 

Dong, Yuxiao, Nitesh V Chawla, and Ananthram Swami. 2017. “Metapath2vec: Scalable 

Representation Learning for Heterogeneous Networks.” KDD 135–44. 

Fast, Ethan, Binbin Chen, and Michael S. Bernstein. 2016. “Empath: Understanding Topic 

Signals in Large-Scale Text.” Pp. 4647–57 in Conference on Human Factors in Computing 

Systems - Proceedings. New York, NY, USA: Association for Computing Machinery. 

Fey, Matthias and Jan Eric Lenssen. 2019. “Fast Graph Representation Learning with PyTorch 

Geometric.” ICLR 1–9. 

Gardner, Matt, Joel Grus, Mark Neumann, Oyvind Tafjord, Pradeep Dasigi, Nelson F. Liu, 

Matthew Peters, Michael Schmitz, and Luke Zettlemoyer. 2018. “AllenNLP: A Deep 

Semantic Natural Language Processing Platform.” Pp. 1–6 in Proceedings of Workshop for 

NLP Open Source Software (NLP-OSS). Stroudsburg, PA, USA: Association for 

Computational Linguistics. 

Honnibal, Matthew, Ines Montani, Sofie Van Landeghem, and Adriane Boyd. 2020. “SpaCy.” 

Hu, Ziniu, Yuxiao Dong, Kuansan Wang, and Yizhou Sun. 2020. “Heterogeneous Graph 

Transformer.” 

Jin, Woojeong, Meng Qu, Xisen Jin, and Xiang Ren. 2020. “Recurrent Event Network: 

Autoregressive Structure Inference over Temporal Knowledge Graphs.” Pp. 6669–83 in 

Proceedings of the 2020 Conference on Empirical Methods in Natural Language 

Processing (EMNLP). Stroudsburg, PA, USA: Association for Computational Linguistics. 



 

 163 

Lundberg, Scott M. and Su In Lee. 2017. “A Unified Approach to Interpreting Model 

Predictions.” Pp. 4766–75 in Advances in Neural Information Processing Systems. Vols. 

2017-December. Neural information processing systems foundation. 

Pedregosa, F., G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, M. Blondel, P. 

Prettenhofer, R. Weiss, V. Dubourg, J. Vanderplas, A. Passos, D. Cournapeau, M. Brucher, 

M. Perrot, and E. Duchesnay. 2011. “Scikit-Learn: Machine Learning in Python.” Journal 

of Machine Learning Research 12:2825–30. 

Peters, Matthew E., Mark Neumann, Matt Gardner, Christopher Clark, Kenton Lee, and Luke 

Zettlemoyer. 2018. “Deep Contextualized Word Representations.” ACL 2227–37. 

Pham, Phu and Phuc Do. 2019. “W-MetaPath2Vec: The Topic-Driven Meta-Path-Based Model 

for Large-Scale d Content-Base d Heterogeneous Information Network Representation 

Learning.” Expert Systems With Applications 123:328–44. 

Saleiro, Pedro, Benedict Kuester, Loren Hinkson, Jesse London, Abby Stevens, Ari Anisfeld, Kit 

T. Rodolfa, and Rayid Ghani. 2019. “Aequitas: A Bias and Fairness Audit Toolkit.” ArXiv 

1–19. 

Sap, Maarten, Saadia Gabriel, Lianhui Qin, Dan Jurafsky, Noah A. Smith, Yejin Choi, and Paul 

G. Allen. 2019. Social Bias Frames: Reasoning about Social and Power Implications of 

Language. 

Smith, Noah A. 2019. Contextual Word Representations: A Contextual Introduction. 

Wang, Xiang, Dingxian Wang, Canran Xu, Xiangnan He, Yixin Cao, and Tat-Seng Chua. 2019. 

“Explainable Reasoning over Knowledge Graphs for Recommendation.” ArXiv 1–8. 

Wolf, Thomas, Lysandre Debut, Victor Sanh, Julien Chaumond, Clement Delangue, Anthony 

Moi, Pierric Cistac, Tim Rault, Rémi Louf, Morgan Funtowicz, Joe Davison, Sam Shleifer, 

Patrick Von Platen, Clara Ma, Yacine Jernite, Julien Plu, Canwen Xu, Teven Le Scao, 

Sylvain Gugger, Mariama Drame, Quentin Lhoest, and Alexander M. Rush. 2020. 

“Transformers: State-of-the-Art Natural Language Processing.” ArXiv 1–8. 

Ying, Rex, Dylan Bourgeois, Jiaxuan You, Marinka Zitnik, and Jure Leskovec. 2019. 

GNNExplainer: Generating Explanations for Graph Neural Networks. Vol. 32. 

Zhang, Daokun, Jie Yin, Xingquan Zhu, and Chengqi Zhang. 2017. “Homophily, Structure, and 



 

 164 

Content Augmented Network Representation Learning.” Proceedings - IEEE International 

Conference on Data Mining, ICDM 609–18. 

Zheng, Da, Minjie Wang, Quan Gan, Zheng Zhang, and Geroge Karypis. 2020. “Scalable Graph 

Neural Networks with Deep Graph Library.” Pp. 3521–22 in Proceedings of the ACM 

SIGKDD International Conference on Knowledge Discovery and Data Mining. New York, 

NY, USA: Association for Computing Machinery. 


