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Abstract

2020 through 2023 were unusually tumultuous years for chil-
dren in the United States, and children’s welfare was promi-
nent in political debate. Theories in moral psychology sug-
gest that political parties would treat concerns for children
using different moral frames, and that moral conflict might
drive substantial polarization in discussions about children.
However, such partisan frames may still differ very little if
there is limited underlying disagreement about moral issues
and everyday concerns in childhood when not explicitly ref-
erencing politics. We evaluate claims of universality and divi-
sion in moral language using tweets from 2019-2023 linked
to U.S. voter records, focusing on expressed morality. Our
results show that mentions of children by Republicans and
Democrats are usually similar, differing no more than men-
tions by women and men, and tend to contain no large dif-
ferences in accompanying moral words. To the extent that
mentions of children did differ across parties, these differ-
ences were constrained to topics polarized well before the
pandemic — and slightly heightened when co-mentioned with
‘kids’ or ‘children’. These topics reflected a small fraction
of conversations about children. Overall, polarization of on-
line discussion around childhood appears to reflect escalated
polarization on lines of existing partisan conflicts rather than
concerns originating from new concerns about the welfare of
children during and after the pandemic.

Code for this paper — https://osf.io/j93az/

Introduction

Have online conversations about children become far more
polarized since 2019? If so, was increased polarization
driven by new concerns about the well-being of children dur-
ing the pandemic? Or was polarization more narrowly lim-
ited to topics that were deeply partisan long before 20207
In the United States, children’s welfare was a leading con-
cern during the COVID-19 pandemic, especially in terms
of health (e.g., vaccinations) and negative academic im-
pacts such as severe learning loss (Donnelly and Patri-
nos 2021; Skar, Graham, and Huebner 2022). In 2021 and
2022, Democrats and Republicans engaged in a number of
politically charged debates about protecting children that
transcended direct pandemic-related concerns, including the
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type of information that should be taught in schools (Pew
Research Center 2022a). Further, the political rhetoric sur-
rounding parental rights extended to current hotbed issues
such as abortion, gender-affirming care, and critical race the-
ory (CRT) (Cahn 2022; Pew Research Center 2022b). Nu-
merous state and federal level proposed policies either re-
flected or drove such debates — including an anti-CRT cam-
paign by Glenn Youngkin in Virginia and Floridian Gover-
nor Ron DeSantis’s Stop the Wrongs to Our Kids and Em-
ployees (W.O.K.E.) Act, as well as the Democratic party’s
Invest in Child Safety and Raise the Age Acts.

Any political debate is likely to reflect moral values in
one way or another (Ryan 2014), but debates about children
might contain especially prominent moral frames. Yet, con-
versations about children are likely to be more universally
focused on childhood innocence and the need to protect chil-
dren (Haslam, Rothschild, and Ernst 2000; Woodrow 1999).
Everyday parenting concerns often discussed online, such as
childcare, screen time, and eating behaviors (Thornton et al.
2023) might be only rarely polarized.

Here, we evaluate the juxtaposition of everyday language
and potentially universal moral concerns about protecting
children with more divisive partisan frames on social issues.
We focus on measuring the extent of polarization in online
conversations referencing children. Specifically, we contex-
tualize differences in partisan language with gendered dif-
ferences and with co-mentions of political topics that were
polarized long before the COVID-19 pandemic and later po-
litical debates. For this purpose, we use social media posts
from 2019 through 2023 by Twitter (later renamed to ‘X’)
users whose profiles were linked to voter files that include
their partisanship and demographics (Grinberg et al. 2019;
Hughes et al. 2021; Shugars et al. 2021).

In this, we evaluate a claim that we suspect to be true, even
during and after the pandemic: that Democrats and Republi-
cans talk about children in the same ways for the vast major-
ity of topics. Clearly illustrating this is nonetheless impor-
tant. Core similarities might be overlooked (Hartman et al.
2022) due to strategic use of children’s health and welfare in
political rhetoric (e.g., to paint an opposition group as more
extreme than they really are) and resulting misperceptions
of out-party members (Wilson, Parker, and Feinberg 2020).
Or due to a general tendency to misattribute disagreements
(Ren and Schaumberg 2024). Because of this, highlighting



commonalities might itself de-polarize some conversations
(Ahler and Sood 2018; Hartman et al. 2022; Syropoulos and
Leidner 2023; Levendusky 2023). Relatedly, research fo-
cused only on finding differences between parties — without
work that can also demonstrate levels of similarities — may
tend to contribute to such out-party misperceptions. Further,
illustrating enduring political differences when they occur
can also provide a justification for acknowledging (politi-
cal) differences in conversation when attempting to persuade
on politically adjacent topics (Kalla and Broockman 2020;
Hartman et al. 2022; Ecker et al. 2022). This is important
in cases where such interpersonal persuasion might improve
children’s welfare without needing to alter most political
identities and beliefs.

In our analyses, we evaluate levels of polarization overall
and over time using a variety of approaches: moral dictio-
naries, supervised feature extraction, and (distances in) word
embeddings. A major focus in all analyses is not merely find-
ing differences but in contextualizing the size of differences.
Although we find it possible to mine text data for partisan
differences in language use about children, most conversa-
tions about children by Democrats and Republicans online
are similar. When non-politician Democrats and Republi-
cans do differ slightly, differences seem to more consistently
arise out of the expansion of pre-existing political debates —
rather than, as seen during the pandemic, more novel con-
cerns about the welfare of children specifically.

Background

Below, we provide background on partisan variation in
moral values and language, and discuss how we might ex-
pect the setting of any conversation about children online'
might differ from more focused survey items on political
surveys

(e.g., Barker and Tinnick 2006) or from the rhetoric of
politicians (Kraft and Klemmensen 2024). Drawing on past
research, we consider whether to (1) expect new concerns
about children during the pandemic to drive political divi-
sion — perhaps through competing moral frames applied to
all potentially political concerns — or (2) primarily reflect ex-
panded conflict on already polarized issues such as racism,
gender identity, immigration, and gun control.

Finally, we note conversations about children may differ
by time and place. In this, we explain why we might expect
Florida to be a most likely case for periods of elevated po-
larization in conversations about children.

Why Online Conversations About Children Might
Not Polarize

Morality, Politics, and Children. Theories about moral-
ity in politics are useful because they help us abstract away
from specific debates and political contexts, linking lines of
conflict to more constant differences across political divides.
For example, a debate about euthanasia or marijuana can be
seen as a manifestation of recurring conflict about purity and
sanctity of the human body, and tied to politics through reli-
giosity and conservative ideology (Silver 2020).

"Here, specifically on Twitter.
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In studying conversations about children, research on
morality and politics can be especially informative — par-
enting, family, and views toward children play an impor-
tant role in theories of moral psychology (e.g., Lakoff 1996;
Haidt and Joseph 2004). Yet, past work might both suggest
far-reaching universality in underlying concern for the well-
being of children and also extensive polarization in framing
and language about how best to protect and provide for chil-
dren.

An especially prominent theory commonly used in analy-
ses of moral language and politics called moral foundations
theory (MFT; Haidt and Joseph 2004; Haidt and Graham
2007) argues liberals and conservatives understand morals
and base values on five foundations: care/harm, fairness/re-
ciprocity, (in-group) loyalty, authority/respect, and sancti-
ty/purity. Research using MFT has found liberal morality
to be strongly connected to the care/harm and fairness/re-
ciprocity foundations, while conservative morality is loosely
tied to all five foundations but more strongly connected
to (in-group) loyalty, authority/respect, and sanctity/purity
(Graham, Haidt, and Nosek 2009).

In this, the care/harm foundation is itself motivated
through a connection to parenthood and hypothesized evolu-
tionary motives to protect vulnerable others, especially chil-
dren. In text analysis, terms ‘child’ and ‘children’ are reg-
ularly included as influential measures of care-related lan-
guage. Consequently, and despite partisan differences, this
theory and related methods based on it might suggest most
moral concerns (and, by extension, political concerns) about
children would tend to relate to care and protection of them
(Haidt, Joseph et al. 2007). Thus potentially but not nec-
essarily limiting the amount of division in language about
child-related issues.

Online Social Media and Political Conversations. Most
prior work on morality in language has focused on more
explicitly moral scenarios and contexts. Applications of
moral foundations theory to language often focus on politi-
cians’ speeches, debates, and social media accounts (Deason
and Gonzales 2012; Reiter-Haas, Kopeinik, and Lex 2021;
Hackenburg, Brady, and Tsakiris 2023; Brisbane, Hua, and
Jamieson 2023). A similarly large body of work has stud-
ied more typical language related to moral dilemmas in ev-
eryday life (Kennedy et al. 2021; Nguyen et al. 2022; Atari
et al. 2023) and specific public issues (e.g., vaccines, gun
control, same-sex marriage, and climate change) (Weinzierl
and Harabagiu 2022; Brady et al. 2017a).

A notable advantage of using data from online social
media is that we might expect our findings to differ from
previous work due to our focus on very general language.
Though, perhaps surprisingly, Pew Research Center (2022c)
estimates 1/3 of U.S. adults tweets are political, the major-
ity of online conversations are not about politics. Therefore,
we might expect this children and explicit politics subset to
be relatively small. Conversations might be far more likely
to cover, for example, childcare, screen time, and meals
(Thornton et al. 2023). And so even if there is substantial po-
larization in political conversations, then their influence on
overall levels of polarization in online conversations about



children may be limited.

In considering online social media and moral or political
conversations, we should note there is an impressive body of
machine learning research on classification of moral state-
ments in texts (e.g., Garten et al. 2016; Lin et al. 2018;
Huang, Wormley, and Cohen 2022). Our goals here differ
from that line of work, as we study how two groups (as
linked to voter file demographics) differ on average. Pre-
cision in our estimates will be largely derived from sample
size rather than highly accurate predictions at the document
level.

Why Online Conversations About Children Might
(Sometimes) Polarize

The primary reason we might expect polarization in on-
line conversations is from news reports about the effects of
the pandemic, responses to pandemic policies, and waves
of new state-level policies related to children and culture
war issues.> There has been seemingly extensive coverage
of masking policies, CRT, vaccines, gender identity, remote
schooling, and unusually fractious school board meetings.
However, such coverage is unlikely to provide a clear answer
about the extent of polarization in everyday online conver-
sations. Media coverage is often a poor indicator of the un-
derlying prevalence of a phenomenon (Boydstun 2013), and
news reports tend to be focused on particularly novel and
news-worthy information. They avoid covering mundane ev-
eryday activities, which may or may not be affected by po-
litical trends and current events.

Beyond reporting and anecdotes, a number of theories
about politics and political polarization have long argued
that parenting views reflect, and perhaps drive, political at-
titudes (e.g., Lakoff 1996). There is some empirical work
supporting the claim that endorsement of disciplinarian ver-
sus nurturing parenting styles is related to partisanship as
well as a broad range of conservative and liberal political
preferences (Barker and Tinnick 2006; Deason and Gonza-
les 2012; Feinberg et al. 2020).

It is plausible that partisans might then tend to bring sim-
ilar moral frames to a very wide range of conversations,
whether or not a topic has long been explicitly political.
For example, polarization in leisure activities and consumer
preferences (DellaPosta, Shi, and Macy 2015), though per-
haps through different mechanisms. Janoff-Bulman (2009)
has argued that although both groups seek to uphold ‘com-
munity’ (perhaps a small step from discussing children),
conservatives tend to emphasize protecting the group and
social order, while liberals emphasize providing for others
and advancing society through change and the promotion of
social justice. Although protection of innocence or defend-
ing against physical and/or mental harm may be expressed
equally between groups — particularly when talking about
children — it may present in starkly different forms. This may
occur at least if a concern can be readily linked to topics
commonly associated with social order and justice.

2See, for example: https://www.washingtonpost.com/
education/2022/10/18/education-laws-culture- war/
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This said, parenting style scales, many of which are
‘authoritarianism’ scales, use parenting because specific
questions related to disciplining and nurturing children are
thought to tap into views about social hierarchy, autonomy,
and conformity (Pérez and Hetherington 2014) or the use
of a ‘nation-as-family’ metaphor in how people think about
politics (Lakoff 1996) — not because discussions about chil-
dren are themselves necessarily politically polarized.

Pandemic and Culture War Politics: Through Subsets of
Conversations and Over Time in Florida. One possible
take-away from past work is that we should expect most peo-
ple to share similar high-level priorities when it comes to
children and yet in the context of discussing children, we
may still see divergent frames evoked by members of differ-
ent political parties. Similarly, although there is strong ev-
idence of lifestyle polarization (DellaPosta, Shi, and Macy
2015), such effects seem unlikely to be all encompassing.

That is, although there is likely to be some polarization
for at least some topics, we might be less certain how pro-
nounced differing partisan frames might be. Such effects
may depend on whether a conversation is more about pol-
itics, and associated divisions, than children, and shared ex-
periences and priorities. Further, whether a topic was al-
ready polarized prior to the pandemic, and clearly linked to
partisan differences in moral values, may influence the ex-
tent of polarization on that topic. New topics that may or
may not align cleanly on pre-existing divides might be less
readily linked to long-standing divisions for most people,
even when there is substantial polarization among party ac-
tivists and highly political interested people (Layman and
Carsey 2002). Thus, in considering general versus domain-
specific polarization, we therefore evaluate online conversa-
tions about education, pandemic policies, partisanship, and
culture war issues (relative to general conversations). These
topics were particularly salient between 2020-2023 and of-
fer commensurate co-occurrence with children or kids for
comparative study.

We also evaluate the state of Florida as a most likely case
for increased salience of pandemic and culture war concerns
(relative to the similarly sized by liberal state of New York).

We might expect online conversations in Florida, where
Governor Ron DeSantis passed a number high salience laws
related to politics and children®, potentially as part of a
planned run for the U.S. presidency based on culture war
messaging (DeSantis 2024), to be more polarized than else-
where. Also, both Florida and New York are distinctive and
useful for our analyses because a) their state legislatures and
governorships are controlled by a single party (Republicans
in Florida and Democrats in New York), making it possible
to pass more partisan legislation, b) they are closed primary
states, making it possible for us to reliably observe parti-
san affiliation in voter records, and c) they have large pop-
ulations, leading to better statistical power*. An analysis of

3https://www.pbs.org/newshour/politics/here-is-a-look-at- the-
laws-desantis-has-passed-as-florida- governor-from-abortion-to-
guns.

“Nebraska and Wyoming have Republican controlled legisla-
tures and governorships as well as closed primaries, but have far



Florida versus New York over time may provide additional
information on relationships between any existing polariza-
tion of conversations and specific events over the 2019 to
2023 period. This can help adjudicate the extent to which po-
larization might arise relatively directly from the pandemic
and children’s welfare concerns versus from the extension
of existing partisan conflicts.

Data

For our analyses, we use a previously established, large-
scale panel dataset which links Twitter data to publicly avail-
able voter records, provided through the vendor TargetS-
mart (Grinberg et al. 2019; Hughes et al. 2021; Shugars
et al. 2021). Approximately 1.5 million Twitter users were
matched by unique first and last names to geographical lo-
cation as of 2018. Due to computational limitations, for the
national-level analyses we used a 10% sample of this data
set 2. For the state-level, over-time analyses we retained full
samples of Florida and New York rather than a 10% sample.

With this panel, we extracted tweets posted between
September 2019 and June 2023 containing terms children,
kids, and people (as a comparison). Due to data collection
and processing problems in late 2022, we excluded months
September through December 2022. These terms are meant
to capture direct references of children, and with many fewer
misclassifications than terms like kid (e.g., “I kid”) or boys
(often referring to sports or athletes). This avoids method-
ological artifacts in our word embedding analyses, where a
tendency of one party to discuss sports more than the other
— rather than differences in mentions of children — could
drive differences in average word embedding locations. We
limited our analyses to users with a provided Democratic
or Republican party affiliation (see section Partisanship and
gender for more information). Close to 45k of the 150k
originally sampled users mentioned children or kids over
the study period, of whom approximately 17k were affili-
ated with the Democratic or Republican party. These 17k
users posted 375k tweets mentioning children or kids. Sam-
ple sizes for each analysis, including subset analyses, are
included in their respective figures.

For extraordinarily active Twitter users to not influence re-
sults far more than others, all word embedding analyses and
fightin’ words analyses (see Methods section below) con-
sider only one randomly sampled tweet per user. This sam-
pling has the added advantage of reducing computation time,
relative to an inversely weighted analysis. It also avoids the
need to cluster standard errors by user. Without clustering,
we would tend to dramatically overstate the precision of es-
timates. Analyses with moral dictionaries use user averages
rather than tweet sampling. Meaning, we use a user’s frac-
tion of tweets with a token matching a moral foundation
term.

Partisanship and Gender. To study partisan polarization,
we contrasted tweets for Democrats and Republicans. Party

smaller populations than Florida.

>Users whose Twitter user ID’s ended with 8, leaving roughly
150k Twitter users from the originally matched data — many of
whom rarely publicly post tweets.
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affiliations come from voter records for each state, as col-
lected by the voter record vendor. These party affiliations
are consistently recorded in states with closed primaries
(Hughes et al. 2021), meaning for example that only voters
who have registered as a Democrat can vote in a Democratic
primary. To simplify our analyses, we exclude other party
affiliations and voters with no indicated party preference®.

We also contrast differences in tweets by gender. Male
and female gender has been consistently recorded for all
states in the panel, though 1 to 20% of linked user gender
across states is unknown / not provided. This male-female
gender comparison provides a benchmark for partisan dif-
ferences in language use.

Text Pre-Processing. We use the quanteda R package
(Benoit et al. 2018) for text pre-processing prior to our word
embedding analysis. With it, we remove punctuation, sym-
bols, numbers, URL’s, hashtags, user mentions, and terms
that appeared fewer than 5 times in an analysis subset. We
also split hyphens and remove separators (meaning, the uni-
code separator and control categories). For the moral dic-
tionary analyses, we use the tidytext R package (Silge and
Robinson 2016) with its default settings and without special
processing to remove hashtags or usernames.

Methods

We measure partisan language use differences in multiple,
complementary ways: using moral language dictionaries,
fightin® words (Monroe, Colaresi, and Quinn 2008) anal-
ysis of moral word use, and word embedding distances.
These methods allow us to measure differences on given and
previously studied moral dimensions, mine for large differ-
ences in language, and measure any difference in language
use (whether captured by moral dictionaries or not), respec-
tively.

We contextualize the size of partisan language differences
using a gender comparison (for word embedding analyses),
variation in differences by associated keywords (education,
pandemic, and explicitly partisan keywords), and by con-
trasting trends in Florida and New York over time. Florida
and New York are two states of similar size, with closed
party primaries which gives us party affiliation data. Each
state had single party control of the state legislature and
governorship, therefore their conservative (FL) and liberal
(NY) governments had distinct rhetoric and policies related
to children over this period.

Each of these analyses contributes to our overarching goal
of measuring levels and types of polarization in online dis-
cussions about children during the 2019 through 2023 pe-
riod.

Moral Foundation Dictionaries and Party Differences
in Moral Language Use. The prevailing source of moral
language identification in text is derived from the origi-
nal Moral Foundations Dictionary (MFD; Graham, Haidt,
and Nosek 2009), and it has been widely used (Johnson
and Goldwasser 2018; Rezapour, Dinh, and Diesner 2021;

®Either by choice or because a state does not collect the infor-
mation.



Huang, Wormley, and Cohen 2022; Roy and Goldwasser
2023, e.g.,). Given the paucity of terms in the original MFD
(about 320) we use the Moral Foundations Dictionary 2.0
(MFD2; Frimer et al. 2019) for our analyses of moral word
use by party. This dictionary provides vice and virtue va-
lence lists of words that are ‘highly prototypic’ of a given
moral foundation (Frimer et al. 2019). Words were chosen
through expert selection of candidate words, prototypicality
analyses using word embeddings, and crowd-sourced vali-
dation (Frimer et al. 2019).

We model differences by party using linear regression,
with robust standard errors, on the fraction of a user’s tweets
which contained any moral term on a dimension. Party af-
filiation is the independent variable. We use the fraction of
tweets containing moral terms to improve the interpretabil-
ity of estimates. We also chose the MFD?2 over the Extended
MFD (eMFD; Hopp et al. 2020), which relies on term scores
rather than prototypical terms, for this reason. Because the
goal of our analysis is inference (and the study of averages
across parties) rather than user or tweet-level classification, a
larger sample size increases the precision of estimates of the
group-level averages and comparisons. These analyses were
conducted at the user level rather than tweet level. All users
in each analysis were weighted equally, in order to avoid giv-
ing increased weight to more active users. We further con-
trolled for the pseudo-log, In(xz + 1), of a user’s average
number of tokens per tweet for each given analysis subset to
account for higher probability of dictionary matches due to
tweet length alone.

From these models we report the coefficients and 95%
confidence intervals for Republican relative to Democrat,
with a single moral foundation average as the dependent
variable. These estimates are split by vice or virtue terms and
by keyword category (see below). We further report sample
size, the number of users included in a regression.

Variation in Partisan Language Use by Keyword/Topic.
To better understand variation in partisan language use, we
ran analyses on subsets of the data, focusing on those more
likely to be related to the pandemic or to pre-existing parti-
san conflicts that appeared to have extended into conversa-
tions and political debates about children.

For this, analyses for a given keyword co-occurring in a
tweet with children or kids included four categories: ed-
ucation (“teachers”, “students”, “schools”, “books”), pan-
demic (“vaccine”, “remote”, “masks”, “distancing”), par-
tisanship/ideology (“republicans”, “liberals”, “democrats”,
“conservatives), and what we term partisan flashpoints
(“trans”, “racism”, “migrant”, “guns”). We chose terms that
would be more unequivocal indicators of a topic, that would
not be almost solely used by one party or the other (e.g.,
“illegals”), and that were relatively frequent in the data.
Some more specific phrases, such as “critical race theory”
or “CRT”, are very rarely used by most Twitter users.

Largest Term-Level Party Differences in Moral Founda-
tions. To evaluate the occurrence of moral terms in child-
related tweets most associated with each political group, we
used a method for determining the weighted log-odds ratios
of terms being chosen by one group over another (Monroe,
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Colaresi, and Quinn 2008). At a high level, this method iden-
tifies terms distinctly used by one group more than another
and that are relatively frequent. Identified terms are unlikely
to randomly occur more times in one group compared to the
other. We used the R code (and default prior) provided by its
author’.

Prior to running this, we removed seed terms children
and kids from the analysis. To better understand what moral
language is used by each group, we filtered each tweet down
to terms that matched the MFD2.

To help interpret these findings, we also ran a bigram ver-
sion of the same “fightin’ words” model. This analysis is
intended to disambiguate some term meanings and, in some
cases, identify possible term-level misclassification of moral
content in this dictionary approach. For it, we included both
unigrams and bigrams occurring 10 or more times in the
analysis data. We then present the top 2 most polarized bi-
grams along with their matching most polarized unigrams
(if any bigrams for a term occurred 10 or more times).

Polarization in Online Conversations About Children.
Current state-of-the-art natural language processing meth-
ods have moved beyond dictionary-based methods towards
the use of word embeddings (numeric vector representations
of words) and other large pretrained language models. More
important for this study, recent analyses suggest moral polit-
ical language may not be adequately captured by dictionar-
ies alone (Kraft and Klemmensen 2024).

To better understand polarization of online conversations
about children, we used a modified version of the conText
embedding regression method described in Rodriguez, Spir-
ling, and Stewart (2021). The method takes all the instances
where a specific target term (e.g., children) is found in a
given corpora, generates GloVe word embeddings from the
window of terms surrounding each context, and averages
across these contexts. For this embedding averaging, we use
a window of 6 terms and 200-dimension pre-trained Twit-
ter embeddings 8. Next, it runs linear regressions across all
dimensions of the word embeddings. In our case, party (Re-
publican versus Democrat) is the independent variable and a
term’s averaged embedding of words in its context window
on that dimension as the dependent variable. In its original
form, the distance between groups is the Euclidean norm of
the regression coefficients. We use a corrected version of the
original method due to considerable but easy-to-fix bias, as
we explain below. Because coefficients from linear regres-
sions (for a two group comparison) represent differences in
averages, this calculates the Euclidean distance between the
average embedding locations for each group.

The corrected version of this Euclidean distance estimator
removes bias introduced by noise in the estimated regression
coefficients (Green et al. 2025). For the squared Euclidean
distance, this bias is equal to the sum of the coefficient vari-

"https://burtmonroe.github.io/TextAsDataCourse/Tutorials/
TADA-FightinWords.nb.html

8https://nlp.stanford.edu/projects/glove/, without the a la carte
embedding discussed in (Rodriguez, Spirling, and Stewart 2021) —
and so using associations well before our study period.



ances across dimensions,’ and so we can simply subtract
this value to obtain an unbiased estimate of the squared Eu-
clidean distance (Euclidean distance retains a slight bias)
(Green et al. 2025). Our estimates use this corrected value
for the squared Euclidean norm. Note that although squared
Euclidean distance is always positive, these estimates are
not. Truncating values at 0 would reintroduce bias, as also
noted in other very similar corrections (this bias issue has
been regularly noted and similarly corrected across fields;
Weir, Wheatcroft, and Price 2012; Nili et al. 2014; Walther
etal. 2016). For these estimates, negative values simply indi-
cate little evidence of embedding differences across groups.

Last, as noted by Dodd and Korn (2007) and Green et al.
(2025), to our knowledge there is no closed form solution
or resampling approach to calculating confidence intervals.
Resampling methods provide inaccurate coverage (mean-
ing, a 95% interval calculated from a bootstrap does not
actually cover 95% of the sampling distribution). Instead,
we provide null distributions from permutation tests, which
provide accurate p-values for embedding regression (Green
et al. 2025). This follows the originally proposed signif-
icance testing for embedding regression (Rodriguez, Spir-
ling, and Stewart 2021), which is unaffected by this correc-
tion. It is valid in the case of no regression covariates or
clustered data — we sample a single tweet from each user
and model using a single independent variable at a time to
avoid these complications.

Over-Time Analyses. Last, we consider over-time trends
in the embedding regression estimates. This matters because
we might expect online conversations about childhood to be
tied to specific events, especially the pandemic, or to politi-
cal debates about policies, the 2020 US presidential election,
and 2021 handover of power.

In reporting these analyses, we highlight: the start of the
pandemic (in March 2020), the murder of George Floyd
and the impetus for ensuing racial justice protests (late May
2020), and the inauguration of Joe Biden as US President
(in late January 2021). The last two of these events are ma-
jor political events not related to the pandemic itself and so
more likely to be drive shifts in political language about chil-
dren by partisan conflict extension than pandemic concerns.
We also note emergency use authorizations for use of the
COVID-19 vaccine in children, starting (for adolescents) in
May 2021. See the Data section for why we focus our anal-
ysis on Florida and New York.

Results

Moral Foundations. In Figure 1, we show differences in
the fraction of tweets by party that use a term invoking a

°As noted in Green et al. (2025), this method targets an unbi-
ased estimate of the square of a regression coefficient, with popu-

lation value 3. However, we only have an estimate of 3, 8, and
squaring that gives us the expected value: E[3%] = E[B]* + V[f]
(from the definition of variance), where V'[3] is the variance of a

regression coefficient and E[B]2 (in expectation) equal to 5. For-
tunately, standard regression methods provide unbiased estimators

for both B and its variance.
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particular moral foundation. Similar to past research, we
find Democrats are somewhat more likely to discuss care
and fairness than Republicans. We also see Republicans
(though less consistently across the vice and virtue terms
on a moral foundation) more likely to invoke sanctity, loy-
alty, and authority for some topics. Republicans invoked fair-
ness in relation to partisan flashpoint keywords more so than
Democrats.

Perhaps surprisingly, many of the estimates do not in-
crease in polarity for keywords more strongly associated
with the pandemic or with pre-existing political divisions.
In particular, positive (i.e., virtue) mentions of a moral foun-
dation are relatively consistent across the subsets.

At the same time, we do observe larger differences in
specific moral foundations. Republicans were substantially
more likely to use negative (i.e., vice) terms related to loy-
alty and authority than Democrats for the pandemic and par-
tisan conversation subsets, and especially so for the partisan
subsets. We further see some more ambiguous shifts in other
negative terms for other moral foundations, where dimen-
sions that saw higher use by Democrats overall saw more
equal or slightly greater Republican use in the pandemic
and partisan subsets. Nonetheless, these associations did not
strongly differ from mentions of people, as we demonstrate
in appendix Figure Al — suggesting only very limited parti-
san moral framing specific to conversations about children.

Because past work suggests that dictionaries may sim-
ply miss meaningful polarization (Kraft and Klemmensen
2024), this result should be considered in tandem with our
word embedding analyses below.

Largest Term-Level Differences By Party. Language
that differs in moral emphasis often also differs in content.
Table 1 reports the results of the fightin’ words analyses
on moral words — moral terms that tended to be used fre-
quently by one party and far more than by the opposing
party. For each term, we list the associated moral foundation,
and whether it is categorized as vice or virtue, in the MFD2.
And here, we can see differences on race (mentioned more
by Democrats), health (Democrats), and religion (Republi-
cans). These appear to reflect well-documented differences
in issue priorities and religious affiliation by party.!? In line
with past research to some extent, more of Democrats’ terms
tended to fall under the care dimension, and Republicans the
sanctity and authority dimensions.

Word Embedding Distances. The modified embedding
regression provides estimates of squared Euclidean dis-
tances in a word embedding space between Democrats and
Republicans when talking about children on Twitter. If there
is little to no difference in word use between groups, the es-
timates will be closer to zero (or negative, after bias correc-
tion), while a larger estimates indicates a larger difference.
As noted in the methods section, the corrected distance esti-
mator can produce negative values and truncating these val-

10See, for example: https://www.pewresearch.org/politics/2023/
06/21/inflation-health-costs-partisan-cooperation-among-the-
nations-top-problems/,  https://www.pewresearch.org/religious-
landscape-study/database/party-affiliation/



All mentions
(17,150 users)

sanctity 1 &
loyalty 1 @
fairness 1 t
care 1 @
authority 1 &

Education keywords

(4,793)

sanctity 1
loyalty 1 @
fairness 1
care
authority 1 ——
Pandemic keywords
(2,326)

sanctity
loyalty 1
fairness 1
care
authority 1

Partisanship keywords
(1,418)

sanctity
loyalty 1
fairness 1
care
authority

Partisan flashpoint keywords
(2,635)

sanctity 1
loyalty 1
fairness 1
care
authority

-0.2 -0.1 0.2
Difference in fractlon of tweets
containing moral words

+ Vice ¢ Virtue

Figure 1: Party moral differences, controlling for differences
in tweet length. See text and Figure 2 for the lists of key-
words by category.

Democrat

foundation

fuck (the fuck, fuck you)

families (their families, and families)

care (care if, child care)

kill (kill children, monsters kill)
health (mental health, the health)
refuse (refuse to, i refuse)
racism (& racism, racism thread)
horrific

violence (gun violence)

food (food for, food and)

sanctity (vice)
loyalty (virtue)
care (virtue)
care (vice)
care (virtue)
authority (vice)
fairness (vice)
sanctity (vice)
care (vice)
sanctity (virtue)

Republican

foundation

jesus

god (of god, god and)

blessed

lord (the lord)

father (father of, father left)

christ

control (birth control, gun control)

sanctity (virtue)
sanctity (virtue)
sanctity (virtue)
sanctity (virtue)
authority (virtue)
sanctity (virtue)
authority (virtue)

order (order to, in order) authority (virtue)
cheat fairness (vice)
sexual sanctity (vice)

Table 1: In children/kids tweets: top 10 polarized, moral
terms and associated foundations in MFD2. Language that
differs in moral emphasis also often differs in content. Be-
yond moral differences, these terms illustrate greater men-
tions of race and health, as well as negative emotionality
(e.g., expletives, violence, injustice), among Democrats on
Twitter, and religious language among Republican Twitter
users. Terms in parentheses are the most polarized bigrams
for a given term, drawn from a separate fightin’ words anal-
ysis that included both unigrams and bigrams occurring 10
or more times in the analysis data. No bigrams listed indi-
cates that there were no sufficiently frequent bigrams in the
analysis data for a given term.

ues would reintroduce bias in the estimates.

In these models, we compare partisan differences to gen-
der differences, as well as to partisan differences in tweets
mentioning people (rather than children or kids). We also
analyze overall mentions of children to subsets of men-
tions that also reference education, pandemic, partisanship,
or partisan flashpoints.

Figure 2 displays the results. In this figure, points rep-
resent the estimated squared Euclidean distance between a
given group and the gray lines represent lower and upper
95% confidence intervals for a null distribution, meaning
that points more positive than the gray bars are statistically
significant at the 0.05 level. The null distribution is from a
permutation test — as noted in the methods section, boot-
strapping does not provide accurate confidence intervals for
this distance estimator.

We find overall mentions of children are no more polar-
ized by party than by gender. However, education and pan-
demic conversations are somewhat more polarized, and con-
versations that reference partisanship or partisan flashpoints
are far more polarized.



All mentions

children |
10,462 users

kids |
14,540

Education keywords

books |
1,643

schools |
2,964

students |
1,400

teachers |
2,095

Pandemic keywords
distancing |
339

masks |
1,428

remote |
454

vaccine |
1,007

Partisanship keywords
conservatives |
253

democrats |
662

liberals |
224

republicans | |
909

Partisan flashpoint keywords

»

guns | I
1,090
migrant |
851 .

racism
1,039 | ‘

trans | "
888 -

| more polarized
0012  02° 025° 03
Normed estimate (larger: more polarized)
Gender =@ Party

Figure 2: Embedding Regression by Term. In this figure, the
solid lines indicates the facet (e.g., facet “Education key-
words”) term-frequency weighted average for terms chil-
dren/kids and the dotted lines facet weighted averages for
people. Numbers under each term indicate the number of
users within the 10% sample who used that term at least
once, and who are included in the term’s embedding regres-
sion. Gray bars indicate the 95% confidence intervals for the
null distribution of each estimate. These distance estimates
can have negative values (see Methods section).
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Embedding Distances Over Time. Finally, we examined
differences in the use of children versus kids in a sample
of Florida voters. Figure 3 illustrates overall partisan po-
larization in online conversations about children from late
2019 to mid 2023 in Florida. For the term children, we see
an increase in polarization in June 2020, just after the mur-
der of George Floyd and several months after the start of
the COVID-19 pandemic. Further, we see a large spike in
polarization in February 2020 suggesting that conversations
about children in Florida may have been polarized before the
pandemic as well. For the term kids, we observe a moder-
ate increase in polarization in February 2021, just after the
presidential inauguration of Joe Biden.

Patterns in New York State are perhaps less clear. Al-
though we seem to observe a similar pattern for the term
kids in New York as in Florida, we do not observe the same
increase in polarization in June 2020 for the term children.
There is instead an increase in polarization for much of 2021
that, to our knowledge, is not tied to a nationwide political
event. Plausibly, it instead aligns with the first emergency
authorization for use of a COVID-19 vaccine among adoles-
cents between 12 and 15 in May 2021 '!.

Discussion

This study highlights the limits of moral and political
rhetoric in online conversation. We find most Twitter con-
versations about children among voter file registrants in the
United States are not polarized by party, even in the 2020 to
2023 period.

Overview of Results. Conversations related to education
and the pandemic were somewhat more polarized, and
evoked some divergence in moral frames, while conver-
sations about long-standing partisan divides on race and
racism, immigration, gun control, and gender identity were
far more polarized. In Florida — where a number of polit-
ically contentious laws related to culture war politics and
children have been enacted — we also observe somewhat
greater polarization following political events than in New
York.

Implications. By and large, mentions of children are not
polarized by partisanship. That is, when it comes to dis-
cussing children in everyday online settings, Democrats and
Republicans conversations are mostly similar. In important
ways this goes against some recent claims on the increasing
politicization of children (e.g., Pulcini et al. 2022) that ap-
pear to be overly broad. Conversations mentioning children
appear to be divisive when they are about the politics of gen-
der, race, immigration, and guns more than they are about
childhood. To the extent that polarized issues become more
salient in the everyday lives of children, these pre-polarized
issues appear to stay just as polarized.

https://www.fda.gov/news-events/press-announcements/
coronavirus-covid- 19-update-fda-authorizes- pfizer-biontech-
covid- 19-vaccine-emergency-use (the first EUA for adults was
December 11, 2020 https://www.fda.gov/news-events/press-
announcements/fda-takes-key-action-fight-against-covid-19-
issuing-emergency-use-authorization-first-covid-19)
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Figure 3: Partisan differences in language use when discussing children and kids: Florida. Vertical lines indicate the start of
the COVID-19 pandemic (orange), the murder of George Floyd (green), the inauguration of Joe Biden as US president (blue),
and the FDA’s emergency use authorization for the COVID-19 vaccine in children aged 12 to 15 in May 2021 (purple). The
horizontal black line indicates the average level of partisan difference in language use when mentioning people. Vertical gray
bars are 95% confidence intervals for estimates’ monthly null distributions from permutation tests. Months September through
December 2022 are missing due to data collection problems during that period.
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Figure 4: Partisan differences in language use when dis-
cussing children and Kkids — this figure repeats the analysis
in Figure 4 for the state of New York.

These findings have a few implications for thinking about
and addressing the effects of this narrow polarization. First,
for the increasing body of research on emphasizing com-
monalities for reducing the adverse effects of polarization
(Ahler and Sood 2018; Hartman et al. 2022; Syropoulos and
Leidner 2023; Levendusky 2023), our findings clearly illus-
trate that there are far more similarities in how partisans talk
about children than not. Democrats and Republicans are not
coming from different universes on most children’s topics,
even with polarized partisan messaging during the COVID-
19 pandemic.

Second, however, some issues are political and may stay
political, even when they are clearly related to children’s
welfare (e.g., firearms and firearm safety; McGough et al.
2023). Recognizing that conversations on these topics might
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remain political allows us to take more seriously scientific
research on best strategies for effective communication in
polarized settings, and that might not be rooted solely on
stating evidence or on appeals to authority. Although there
is still a lot that is unknown in this research area and there
is no foolproof method for avoiding conflict and misunder-
standing, strategies might for example eventually include ac-
knowledging and non-judgmentally listening to experiences
and political views (Kalla and Broockman 2020; Ecker et al.
2022; Hartman et al. 2022), rather than merely arguing a
point. This could be the case even though many people may
prefer these conversations to not include politics at all (Pul-
cini et al. 2022; Hartman et al. 2022).

Last, although we do perhaps see somewhat greater po-
larization when ‘children’ or ‘kids’ are mentioned in specif-
ically flashpoint and partisan topics rather than ‘people’, that
difference is smaller than other contrasts (e.g., party ver-
sus gender). Further research would be needed to assess the
robustness of that increased polarization finding, including
across longer spans of time and occurring in other politi-
cal contexts. It is conceivable that this greater polarization
reflects heightened attempts to misrepresent and vilify polit-
ical opponents (Wilson, Parker, and Feinberg 2020).

Limitations. Although we establish that morally and po-
litically polarized conversations often did not extend into ev-
eryday, public, and online conversations about children, a
limitation of this study is that studying polarization in con-
versations about childhood might tell us little about the po-
larizing effects of political rhetoric and pandemic events on
attitudes or on private and offline conversations. For exam-
ple, it is plausible that more polarized conversations, espe-



cially ones about some types of moral or out-group content
(Brady et al. 2017b; Rathje, Van Bavel, and Van Der Lin-
den 2021), may have been more widely shared and viewed,
and so potentially more influential. But even with measures
of views, we would still not know whether views of online
content translate into attitudes, and there is strong evidence
to suggest they often do not (Bail et al. 2020; Guess et al.
2023) (though with some exceptions; see for example Mooi-
jman et al. 2018).

Further, we study only the social media platform Twitter.
It is possible that we would observe varied effects in gen-
eral conversations about children on other platforms. In this,
we suspect that we would tend to observe those effects on
platforms where most conversation is about politics (e.g., on
platforms like Gab with a political and largely far-right user
base; Hobbs et al. 2023). Of course, we also do not know
how far these findings extend into everyday and private in-
teractions. There is now some work to rigorously and ethi-
cally conduct such studies (Reeves et al. 2021).

Ethical Statement

Conducting computational social science work allows for
us as researchers to examine societal phenomenon at scale,
however that does not overshadow the need for thoughtful
ethical considerations. In examining such salient topics as
morality, politics and concepts of protections or harms to
children, it is important that we take concerted care of the
data and privacy of users. All efforts to minimize risk or
harm and protect the privacy of persons in this study were
taken. We do not provide user-related information or associ-
ated social media text in order to reduce risk of user iden-
tification and to avoid violating Twitter terms of service.
See Hughes et al. (2021) for more details on privacy con-
siderations in the original construction of the Twitter panel
from public profiles. All data and figures shown in this pa-
per are displayed in aggregate. This work was approved (as
exempt human subjects research) by our university’s Institu-
tional Review Board (IRB #143475 - University affiliation
removed for review). We encourage readers of this work to
follow the AAAI ethical guidelines !? if inspired by the find-
ings.
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Appendix

Mentions of 'people’

50% sample of users, compared to
‘children'/'kids' analyses

All mentions
(11,942 users)
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Figure Al: Party moral differences for mentions of people,
controlling for differences in tweet length. See text and Fig-
ure 2 for the lists of keywords by category. Due to compu-
tational limitations, we took a further 50% sample of users
for this analysis (multiply the sample sizes here by 2 for a
frequency comparison with mentions of children/kids).
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