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Shared neural representations and temporal
segmentation of political content predict ideological
similarity
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Despite receiving the same sensory input, opposing partisans often interpret political content in disparateways.
Jointly analyzing controlled and naturalistic functional magnetic resonance imaging data, we uncover the neu-
robiological mechanisms explaining how these divergent political viewpoints arise. Individuals who share an
ideology have more similar neural representations of political words, experience greater neural synchrony
during naturalistic political content, and temporally segment real-world information into the same meaningful
units. In the striatum and amygdala, increasing intersubject similarity in neural representations of political con-
cepts during a word reading task predicts enhanced synchronization of blood oxygen level–dependent time
courses when viewing real-time, inflammatory political videos, revealing that polarization can arise from differ-
ences in the brain’s affective valuations of political concepts. Together, this research shows that political ideol-
ogy is shaped by semantic representations of political concepts processed in an environment free of any
polarizing agenda and that these representations bias how real-world political information is construed into
a polarized perspective.
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INTRODUCTION
Following the 2020 U.S. Presidential election, the country appeared
divided into two camps of tens of millions of partisans, each claim-
ing to have won the Presidency. This momentary political impasse
illustrates the widespread and destructive nature of polarized poli-
tics. Although political polarization is a growing problem, we know
little about the neurobiological mechanisms that underpin it (1).
One account argues that polarization manifests because political
camps consume different sources of information through selective
news outlets and curated social media accounts (1–10). If true, then
exposure to alternative political perspectives should be able to
disrupt political echo chambers and mitigate polarization. Recent
research, however, suggests that exposure to an opposing political
perspective only fuels a greater entrenchment of one’s political
beliefs (11). Another, complementary explanation holds that differ-
ent beliefs can bias the interpretation of the same event (12), such
that opposing groups of partisans may, for example, both believe
that a single news broadcast was biased against their side (13). Po-
larization may thus arise as the brain processes incoming informa-
tion: Individuals who hold opposing political beliefs construe the
same information into a polarized perspective at the moment of
perception (13–18).
Here, we evaluate the hypothesis that like-minded partisans

share the same interpretation of events because they represent—
and therefore structure their experience of—political content in
the same way. To assess shared interpretation, we examine the
level of neural synchrony (i.e., coordinated brain responses)
among subjects exposed to the same information (19–22). Neural

synchrony is an implicit corollary of shared processing that tracks
mental coupling in real time. Recent research suggests that political
allies exhibit synchronized neural dynamics when consuming real-
world political content, such as political news coverage (17, 18).
Merely observing a synchronized neural fingerprint between indi-
viduals, however, leaves unanswered what is driving this synchro-
nized response. In this research, we assess whether shared
semantic representations of political concepts predict how people
structure and experience dynamic, real-world political content,
which, in turn, biases their political ideology.
Prior work shows that Republicans and Democrats differ in their

semantic representations of politically charged concepts (23),
which, in turn, correlate with political attitudes (24). These partisan
semantic representations, potentially shaped by the consumption of
different media sources, are influenced by the emotions evoked by
political concepts (25–28) and the way in which political concepts
are encoded into semantic memory (24, 29). The effect of emotion
on semantic representation is known to be especially salient when
concepts are abstract (24–26, 29), and in the political sphere, where
many words do not have concrete or tangible meaning (e.g.,
freedom,American), this means that emotion is likely to play an out-
sized role in shaping semantic representations. For instance, the
word abortion may conjure up a set of concepts and emotions
that all converge on a similar experience among individuals who
share a political affiliation [e.g., conservatives might associate the
word abortion with right to life, murder, personhood, etc., while lib-
erals might associate it with right to choose, women’s rights, personal
autonomy, etc.; (30)]. Neurally, this would be reflected by conserva-
tives sharing one pattern of neural activity when processing the
word abortion and liberals exhibiting a different neural pattern.
Because neural activity patterns store information about the

world, how the brain represents this information is considered a
metric for how that information is interpreted and used to steer be-
havior and attitudes (31, 32). For example, semantic representations
may bias downstream cognitive processes (17, 24, 33). If political
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concepts are represented—and thus interpreted—in similar ways
depending on a shared political affiliation, then we can also test
whether these shared representations predict similar polarized in-
terpretations of more naturalistic content.
When people are bombarded with a continuous stream of in-

coming information, oneway in which individuals impose structure
and meaning onto their unfolding subjective experience is by spon-
taneously segmenting this information into discrete narrative
events or “scenes” (34, 35). Recent work on temporal event segmen-
tation shows that as the brain’s perceptual system processes incom-
ing information, segmented events are accompanied by relatively
stable patterns of temporally reoccurring neural activity called
neural states (36) that covary with discrete physiological and psy-
chological states believed to reflect subjective engagement and emo-
tional appraisal (36–38). From a political perspective, sharing a
common temporal structure of neural patterns when consuming
naturalistic political content might predict a shared ideological per-
spective. If true, then this would allow us to test whether chunking
naturalistic information (e.g., a news broadcast) into the same
meaningful units (39) also biases political polarization, providing
an additional mechanism for why some people come to interpret
the same content in two very different ways.
To assess whether political concepts are represented in a similar

way by like-minded partisans, and whether these representations
influence ongoing political information processing, we extract indi-
vidual brain responses both during a controlled, contextless word
reading task that may not necessarily lead to polarized interpreta-
tions and during a naturalistic viewing task where polarization is
often spontaneously ignited (e.g., political debates and news cover-
age). We leverage a combination of imaging techniques, including
representational similarity analysis [RSA; (40)] neural state segmen-
tation (35, 36), and blood oxygen level–dependent (BOLD) time
series analyses, and then apply neural synchrony metrics (41, 42)
that correlate similarity of activity patterns and neural states
between every pair of subjects. This allows us to test whether a
shared understanding between political allies—construed at the
level of either single words devoid of context or a barrage of
audio-visual stimuli that is highly contextualized—relies on inter-
subject similarity at the representational level of processing.
Given the importance of emotion in both the representation and

valuation of abstract concepts and politics in general (27, 28, 43, 44),
we posit that brain regions involved in encoding value and emotion-
al content (45–49)—for example, the striatum and amygdala—play
a role in generating a shared polarized perspective (18, 50–55). In
addition, as prior work demonstrates that shared understanding
critically relies on the ability to take the perspective of another,
we expect that regions involved in mentalizing—which include
the dorsomedial prefrontal cortex (dmPFC) and temporoparietal
junction [TPJ; (12, 56–59)]—should reflect coordinated brain re-
sponses among copartisans. In short, reflecting the inherent rich-
ness of both political polarization and naturalistic neuroimaging
experiments (60), we anticipate a neural model of polarization
that includes regions involved in affective valuation and
mentalizing.
Through targeted online and field recruiting (N = 360), we

invited 44 participants (equally split among liberals and conserva-
tives) to participate in a study on political cognition (Fig. 1). While
undergoing functional magnetic resonance imaging (fMRI), partic-
ipants first completed a word reading task where they were

presented with single words (e.g., immigration, abortion) and
asked to determine whether the word was political or nonpolitical
(indicated via a button press). Participants then completed a video
watching task in the scanner, including a neutrally worded news clip
on abortion and a heated 2016 Vice-Presidential Debate on police
brutality and immigration. We used data collected during these
tasks to investigate the relationships between political ideology,
the representation of political concepts, and the synchronization
of neural states.

RESULTS
The processing of political concepts predicts political
ideology
We began by testing whether distinct representations of political
words predict partisans on the opposite sides of the political aisle.
We used a behavioral measure—the spatial arrangement task (61)
where participants are instructed to place each word (e.g., abortion,
religion, gang, welfare, etc.) in a two-dimensional space based on
their semantic similarity (Fig. 1D). The task included 30 political
words that fell into conceptually distinct political categories, includ-
ing “American,” “police,” “immigration,” and “abortion” (see the
Supplementary Materials for full list and more details on the
choice of words). For each participant, we computed the Euclidean
distance between each word and every other word, resulting in a
participant-specific representational dissimilarity matrix (RDM;
see Fig. 2A for party average RDMs). To compute intersubject sim-
ilarity, we correlated a participant’s RDM with every other partici-
pant’s RDM, resulting in a group-level intersubject representational
similarity matrix (IS-RSM) where each value in the matrix repre-
sents the similarity between political words for a particular
subject dyad. To measure ideological affinity, we computed an ideo-
logical similarity score for each dyad on the basis of their self-re-
ported political ideology score, ranging from extremely liberal to
extremely conservative on a 100-point scale (62). We used this ideo-
logical closeness metric in a dyadic regression model (17), using a
custom implementation of the linear mixed-effects regression ap-
proach described by Chen and colleagues [(42); see Methods]. As
each observation in the regression represents a unique pair of par-
ticipants, the model includes a random participant intercept for
both participants in a dyad (42). In line with prior work (23, 24),
this dyadic regression revealed that increased similarity in the se-
mantic representation of political words predicts ideological simi-
larity [β = 0.094 ± 0.035 (SE), t(575.7) = 2.661, P = 0.006; all
reported P values are bootstrapped, see Methods; Fig. 2B].
To investigate whether these behavioral patterns are also reflect-

ed at the neural level, we test whether shared representation of po-
litical words in the brain predicts a shared ideological affinity.
Leveraging intersubject RSAs [IS-RSAs; (41)] enables us to
account for inherent statistical dependencies between dyads using
linear mixed-effects modeling (42) in our a priori regions of interest
(ROIs). Subject-level representational patterns were computed by
calculating the cross-validatedMahalanobis distance (63) in activity
patterns between words in each category (Fig. 1, purple arrow). In-
tersubject similarity in representational patterns was defined as the
Pearson correlation between each pair of subjects’ neural represen-
tational patterns for a given word category and ROI (Fig. 2C), which
we then regressed onto ideological similarity (see Methods;
Fig. 2D). This dyadic regression revealed that similar patterns of
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activity predict ideological similarity: patterns within the striatum
for words in the categories “immigration” [β = 0.071 ± 0.035
(SE), t(784.5) = 2.046, P = 0.041] and “American”
[β = 0.105 ± 0.035 (SE), t(787.9) = 3.036, P = 0.003], and patterns
in the TPJ for words in the “American” category [β = 0.130 ± 0.035
(SE), t(803.9) = 3.745, P < 0.001].
Given that both behavior on the spatial arrangement task and

neural representations of words significantly predict ideology, we
hypothesized that behavior on the spatial arrangement task
should also predict neural representations. As the behavioral task
forces participants to represent words in only two dimensions
and within a circular space, we first transformed the neural repre-
sentational patterns, which are likely higher dimensional, to a two-
dimensional space by applying multidimensional scaling to the
neural data (see Methods). To then test the relationship between
these patterns at the behavioral and neural levels, we built a
dyadic regression model where our IS-RSMs representing behavio-
ral similarity in semantic distances between political words served
as a predictor for the neural IS-RSMs representing similarity in ac-
tivity patterns for each political category. We observed individuals
exhibiting greater intersubject similarity for both political words
and neural activity patterns in the striatum for words in the category
“American” [β = 0.085 ± 0.034 (SE), t(859.0) = 2.498, P = 0.013], an
effect that remains significant when controlling for the unique effect
of ideological similarity [β = 0.088 ± 0.034 (SE), t(858.0) = 2.579,
P = 0.013]. Together, these findings lend support to the hypothesis
that shared semantic representations of political concepts on both

the behavioral and the neural level predict ideological like-minded-
ness—even when these words are presented without any context.

Shared neural representations of political concepts
predicts the processing of naturalistic political information
Although we found evidence that the manner in which political
concepts are represented in the brain predicts whether two individ-
uals share a political ideology, it remains unclear whether these ab-
stract representations, elicited in a context-free and static task, also
predict how dynamic, real-world political information is processed.
That is, can individual differences in the neural representations of
political words account for differences in the neural processing of
naturalistic political content? To investigate this, we tested whether
shared neural representations for relevant political words in the
word reading task predict brain-to-brain synchrony in our a
priori ROIs during the neutrally worded news clip on abortion
and the Vice-Presidential Debate on policing and immigration
(Fig. 1, blue arrow and Fig. 3A). Intersubject similarity in the activ-
ity patterns for words that correspond to the topics covered in the
videos (e.g., abortion, police, and immigration) were used in a dyadic
linear mixed-effects regression model to predict brain-to-brain syn-
chrony during the videos (Fig. 1, yellow arrow; see Methods).
We found that individuals that exhibited more similar activity

patterns for words in the category “immigration” during the word
reading task exhibited greater intersubject correlation (ISC) in the
amygdala during the part of the debate video that covered the topic
of immigration [β = 0.083 ± 0.033 (SE), t(790.4) = 2.516, P = 0.029;
Fig. 3B], an effect that did not extend to the other topic covered in

Fig. 1. Experimental structure. (A) Participants completedmultiple questionnaires assessing political orientation and demographics before completing two tasks in the
scanner—(B) a word reading task and (C) a video watching task. (D) A spatial arrangement task of the words presented in the word reading task was completed after the
scanning session. Data collected during theword reading task (purple arrow) and the spatial arrangement task (red arrow) were used in (E) an RSA. For the videowatching
task, (F) neural intersubject correlation (ISC) (yellow arrow) and (G) neural state segmentation (green arrow) were computed. Representational pattern similarity was used
to model neural ISC (blue arrow). Behavioral pattern similarity, neural pattern similarity, ISC, and neural state segmentation similarity were all used to model ideological
similarity. Images in (C) are stills from the following video footage: PBS News Hour on the topic of abortion and CNN Vice-Presidential Debate coverage.
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the debate (policing, P = 0.123). We observed a similar coupling
between activity patterns for words related to “abortion” in the
word reading task and neural synchrony during the news clip on
the topic of abortion in the striatum [β = 0.095 ± 0.033 (SE),
t(835.0) = 2.896, P = 0.004; Fig. 3C] and at the level of a trend in
the amygdala [β = 0.055 ± 0.034 (SE), t(857.3) = 1.626, P = 0.100;
see the Supplementary Materials for additional control analyses].
The effects for the “immigration” and “abortion” models were not
significantly different from each other (P = 0.819) but were signifi-
cantly stronger than the policing effect [immigration:
β = 0.114 ± 0.048 (SE), t(1612.0) = 2.355, P = 0.020; abortion:
β = −0.113 ± 0.048 (SE), t(1668.4) = −2.338, P = 0.021]. The fact
that we only found effects for these topics aligns with the behavioral
judgments obtained after subjects watched the videos, which re-
vealed that the topic of immigration was the most polarizing, with
abortion a close second (see the Supplementary Materials). These
results are the first that we are aware of that provide evidence of a
link between polarized semantic representations of political con-
cepts in the brain and polarized interpretation of naturalistic polit-
ical content.
Together, these findings show that behavioral and neural repre-

sentations of political concepts are predictive of political ideology

and that these representations predict intersubject synchrony
during naturalistic political video watching. Given that prior litera-
ture shows how neural synchrony reflects ideological similarity (12,
17, 18), we capitalized on the two-task structure of our experimental
paradigm to test whether neural synchrony predicts ideological sim-
ilarity while controlling for the neural representations of political
concepts. We thus used a dyadic regression to test the unique con-
tributions of increasingly similar neural representations for political
words in the word reading task and greater brain-to-brain syn-
chrony during the naturalistic videos on whether two individuals
exhibit a shared ideology. Leveraging the same logic in the analysis
above, where related topics are tested in the same dyadic regression
in our a priori ROIs (e.g., restricting analyses to words in a category
that match the topically relevant portions in the videos), we ob-
served that in the striatum, similar representations and synchro-
nized BOLD time courses to the topic “immigration” predict
increased ideological similarity [word reading task:
β = 0.070 ± 0.034 (SE), t(783.6) = 2.030, P = 0.048; ISC:
β = 0.106 ± 0.035 (SE), t(740.2) = 2.990, P = 0.001; see the Supple-
mentary Materials for the full list of active regions]. This suggests
that in the striatum, neural synchrony is partially shaped by
neural representations of political concepts and that both

Fig. 2. Shared political ideology shapes intersubject similarity in the representational patterns of political words. (A) The average behavioral representational
similarity matrices of the political words for the conservatives (red) and liberals (blue). For the neural word reading pattern analyses, only the within-category word pairs
were analyzed. (B) Intersubject similarity in political ideology is predicted by intersubject similarity in the behavioral spatial arrangement of political words (ranked data
points). *P< 0.01. (C) Intersubject similarity in the neural representation of political words within the same word category was computed and (D) used to model inter-
subject similarity in political ideology, which reveals a significant effect in the striatum and TPJ. (E) In addition, neural intersubject similarity was regressed onto inter-
subject similarity in the behavioral spatial arrangement of the political words, where we again found an effect in the striatum.
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modalities—neural representations of concepts and neural syn-
chrony of naturalistic content—significantly and independently
predict ideological similarity.

The segmentation of naturalistic political content predicts
shared ideology
While ISC is the most common and longstanding method used to
probe shared interpretations, how the brain temporally segments
perceptual inputs can also be leveraged to measure shared interpre-
tations. This is because the temporal segmentation of incoming in-
formation reflects one’s subjective parsing of an observed sequence
of events (36–38). If like-minded partisans segment information in
a similar way, then it would provide converging evidence that po-
larized beliefs stem from perceptual processing stages. To test this,
we used a data-driven approach that identifies stable patterns of
neural activity and hierarchically clusters them into distinct
neural states [Fig. 1, green arrow; (35, 36)]. An advantage of this
approach is that we can fit the model to raw fMRI data in our
ROIs without having to rely exclusively on human segmentation an-
notations. Hierarchical clustering was fit with two alternating states,
given that two states provided the best fit to the data (see Methods).
We then correlated each subject’s temporal pattern of neural state
switching during naturalistic video watching with those of all
other subjects to assess whether the temporal synchronization of
neural states correlates with ideological similarity (Figs. 1G and
4A). In the Vice-Presidential Debate segment that covered immi-
gration, ideologically like-minded individuals exhibit greater

temporal synchronization of neural states in the dmPFC, even
when controlling for shared patterns of activity during the word
reading task and interbrain correlations during the video
[β = 0.119 ± 0.036 (SE), t(805.3) = 3.326, P = 0.002; Fig. 4, B and
C; see the Supplementary Materials for the full list of significant
regions]. This relationship was not observed in the policing clip
(P = 0.658) or neutrally worded video on abortion (P = 0.294).
To better understand whether these temporal states changes in

the dmPFC reflect differences in affective experience between polit-
ical parties, we linked these state change patterns to psychological
measures provided by independent coders (collected before the
scanning session). Coders were asked to rate each video fragment
(at approximately 10-s intervals) on how much Democrats and Re-
publicans would differ in their experiences along four dimensions:
emotional agreement, agreement with the speaker, speaker’s inten-
tions, and agreement on semantic meaning. To test for partisan dif-
ferences in affective and semantic experience, we computed
temporal state pattern differences between political parties by ap-
plying the hierarchical clustering algorithm to the average neural
BOLD signal across individuals within a given party and then trans-
formed these to represent state changes, such that we could
compute differences between state sequences at the party level
(Fig. 5; see Methods). This difference in cross-party state change se-
quences was then linked to the ratings from the independent coders.
For the portion of the debate that covered the topic of immigration,
we found a significant correlation in temporal state changes along
party lines for emotional disagreement (rho = 0.113, P = 0.016) and

Fig. 3. Neural representational similarity of political words predicts neural intersubject similarity during naturalistic viewing of political content. (A) Neural
intersubject similarity during a video clip on a politically charged topic (e.g., the immigration portion of the debate video) was computed andmodeled using intersubject
similarity in neural representational patterns of words from the word reading task that relate to the (immigration) topic. TR, repetition time. (B) Results reveal that neural
synchrony (ISC) in the amygdala during the portion of the debate video that covered the topic of immigration was predicted by intersubject similarity in representational
patterns of the word category “immigration” in the same region. (C) Neural synchrony in the striatum during the news clip on abortion was predicted by intersubject
similarity in representational patterns of the word category “abortion” in this same region. Image in (A) is a still from CNN Vice-Presidential Debate coverage. *P< 0.05.
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semantic disagreement (rho = 0.149, P = 0.003). That is, the differ-
ences in neural state change sequences between Democrats and Re-
publicans appear to reflect partisan differences in emotionally and
semantically distinct experiences. Together, this reveals that the
temporal segmentation of naturalistic political narratives in the
dmPFC likely relies on affective experiences shaped by individuals’
political ideologies.

DISCUSSION
Ideological division and negative feelings between conservatives
and liberals have risen sharply over the past few decades (64–67).
Although we know that a lack of mutual understanding between
parties is one factor driving political polarization (27, 67), very
little is known about how the brain comes to hold a polarized per-
spective (1). We propose a model of political polarization driven by
shared semantic representations, synchronized neural responses,
and aligned segmentation of neural states. Critically, we observe a
link between how the brain represents static political concepts and
how it experiences real-world political content, revealing that

semantic knowledge shapes whether people come to share a polar-
ized interpretation of naturalistic audio-visual stimuli consumed in
context—a finding that supports that neural synchrony reflects, at
least in part, a shared understanding (68). Moreover, partisans on
opposite sides of the aisle experience discrete affective experiences
that likely help segment real-world information into the same
meaningful units. Simply put, despite receiving the same input,
two individuals can arrive at politically opposing conclusions via
a process shaped by how similarly they represent, interpret, and ex-
perience the same information. This builds on recent research dem-
onstrating that shared political ideology is associated with increased
neural synchronization during political video watching (17, 18),
suggesting that these effects are at least partly driven by having
shared representations of political concepts and aligned temporal
experiences of political narratives.
Specifically, we first observed that when encoding abstract polit-

ical words (e.g., immigration), the more two individuals share an
ideological perspective—be it liberal or conservative—the more
they exhibit similar representational patterns in the striatum and
TPJ. These increasingly similar neural patterns for the political
words presented in the word reading task predicted more synchro-
nized BOLD time courses in the striatum and amygdala when
viewing real-world, dynamic political narratives. Second, a syn-
chrony effect in the dmPFC was also observed during neural state
segmentation: The segmentation of politically inflammatory infor-
mation is most similar between like-minded ideologues, whether
they fall on the left or right side of the aisle, an effect that appears
to be driven by differences in emotional experiences and semantic
understanding. Together, these findings reveal that political polar-
ization arises from a combination of neural mechanisms that work
in concert, including how people represent abstract political con-
cepts, which, in turn, shapes how they process and segment
ongoing information.
When two individuals’ political ideologies align, the striatum—a

region known to encode value (45, 48)—exhibits similar patterns of
neural activity when representing static political words. In contrast,
individuals who hold different political beliefs exhibit dissimilar
patterns of neural activity in the striatum, despite being presented
with the same political word. This suggests that ideology shapes how
political concepts are represented and valued, even when presented
in a context devoid of inflammatory language or a polarizing
agenda. Moreover, similarity between these neural representations
in the word reading task predicted the degree to which two individ-
uals exhibit a synchronized BOLD response in the striatum and
amygdala when watching related naturalistic political content,
hinting that how the brain affectively values certain hot-button po-
litical concepts shapes whether people come to hold a polarized per-
spective. The idea that political polarization is driven by how
individuals emotionally experience and come to value political in-
formation is supported by the involvement of the striatum and
amygdala, which appear to encode the representation of political
words and synchronization of BOLD responses during naturalistic
political content to predict a shared ideology (46, 69–72). Future re-
search can further manipulate whether the affective value of polit-
ical content modulates activity in these regions or whether the
amygdala and striatum play functional roles that extend beyond
emotion and valuation.
The temporal segmentation of incoming naturalistic political in-

formation provides an additional avenue for how people come to

Fig. 4. Intersubject similarity in neural state segmentation during political
video watching predicts shared political ideology. (A) For each subject, ag-
glomerative hierarchical clustering was applied to the BOLD signal from ROIs, re-
sulting in a sequence of two alternating neural states. These sequences of neural
states were correlated across subjects, resulting in a subject-by-subject neural state
sequence RSM. (B) Ideological similarity was modeled as a function of intersubject
similarity in state sequences, ISC, and intersubject similarity in neural word reading
patterns on the same topic. (C) Intersubject similarity in neural state patterns sig-
nificantly predicts ideology in the dmPFC during the immigration topic, even while
controlling for ISC and intersubject similarity in word reading for the same
topic. *P < 0.05.
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hold a polarized response. People help to make sense of a complex
dynamic world by breaking up and structuring ongoing informa-
tion into meaningful units. While controlling for neural represen-
tation and synchronization of BOLD time courses, we observed that
the degree of similarity with which two individuals temporally
segment ongoing political footage into smaller units in the
dmPFC also predicts ideological similarity. The dmPFC, which is
part of the mentalizing network (56, 57) and plays an important
role in understanding and taking the perspective of others, has re-
cently been linked to political polarization (18). Thus, the dmPFC’s
involvement in segmenting incoming information in a politically
polarized manner suggests that these synchronized neural processes
may draw on the ability to perspective-take.
Together, these results hint at a neural model of polarized per-

ception that is driven by a broad set of regions involved in affective
valuation and mentalizing. Prior research has documented that
regions involved in processing affect and theory of mind, mainly
the amygdala, dmPFC, and TPJ, contribute to how social phenom-
ena are valued (73). For example, we know that affective valuation
depends on the coengagement of the amygdala and striatum (74–
78), and greater functional coupling between theory of mind
regions and the striatum is linked to increased prosocial decision-
making (79). Our work extends this, revealing that both affect and
perspective taking are involved in the subjective valuation of polit-
ical information and, ultimately, a polarized view. Such a neural
model of affective polarization dovetails with the growing body of
research focusing on political polarization at the behavioral level,
which documents that a polarized perception is strongly associated
with altered emotional attitudes and behaviors toward political foes
(27, 28, 43, 44).
It is important to note that throughout our analyses, the topic of

immigration elicited the strongest polarized response. That these
effects did not extend to the other political topics is likely the
result of the political climate at the time of data collection, which
took place at the beginning of 2019, only a few months after
D. Trump introduced the Build the Wall, Enforce the Law Act. At

that time, immigration was widely covered in the media, and there
were stark differences between the policies endorsed by Democrats
and Republicans (80). The salience of this topic—in relation to the
other political topics our study covered—was leveraged by other re-
search conducted in the same time frame, which specifically focused
on the topic of immigration due to its highly polarizing nature (18).
Although the topics of policing and abortion are acutely relevant in
today’s political theater (e.g., the Black Lives Matter movement
gained momentum in May 2020, and in 2021–2022, there were
highly polarizing changes in abortion policies in America), these
hot-button topics did not have as much media coverage when our
data were collected. This may explain why most of our findings rest
on the topic of immigration.
One persistent challenge when studying political polarization in

the laboratory is that political content is highly complex and typi-
cally ignited in naturalistic conditions, such as watching TV or en-
gaging in social media. We sidestepped these challenges by merging
tightly controlled political stimuli with more dynamic and evolving
political footage and measuring how static representations bias how
humans process real, complex information on the fly. That political
beliefs appear to be broadly affected by the way incoming political
information is processed and valued across modalities (i.e., repre-
sentation, segmentation, and BOLD time course) suggests that
sharing a polarized political viewpoint is biased by multiple differ-
ent levels of the cognitive processing stream.We propose a model of
political polarization mainly driven by altered processing between
opposing partisans in regions important for affective valuation
and mentalizing. Given that political polarization poses great chal-
lenges to communication and cooperation between parties and
hinders political decision-making by complicating compromises
between ideological extremes (81–84), gaining a better understand-
ing of how political polarization arises is of paramount importance.

Fig. 5. Partisan differences in group-level state change patterns are associated with emotionally and semantically distinct experiences. (A) Party average neural
BOLD signals were computed by averaging the neural signal across individuals within each political party. Hierarchical clusteringwas applied to these party average BOLD
time courses, resulting in a liberal and conservative state sequence. (B) The state sequences were transformed to represent state changes by comparing the state at each
time point (t) with the state at the time point before that (t−1). (C) Partisan differences in state transitions were computed by subtracting the absolute partisan state
sequences from each other. The difference in party state transitions was Spearman correlated (see Methods) with disagreement ratings of the videos, provided by in-
dependent coders.
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METHODS
Participants
The data analyzed for this paper were collected as part of a larger
study on political preferences. Via online advertisements, posters
and flyers, and recruitment visits to political meetings, 360 potential
participants were recruited and filled out a screening survey online.
On the basis of a slider measure of ideology (62), 22 self-reported
conservatives and 22 liberals were invited from this larger pool for
an in-laboratory session. All participants were right-handed and
MRI eligible. One participant was excluded from further analyses
for indicating a different ideology on the screening survey versus
the postscan political survey battery. This resulted in the inclusion
of 21 conservatives [13 men and 8 women; age range 18 to 61, mean
age = 36 ± 15 (SD) years] and 22 liberals [13 men and 9 women; age
range 18 to 60, mean age = 28 ± 12 (SD) years], representing a range
of ideological extremities. There were no significant differences in
age, gender, education level (number of years completed), and
annual income between the two groups (two-sample t tests, two-
sided: all Ps > 0.05; see the Supplementary Materials). Participants
provided informed consent and received monetary compensation
($40) for participating in this study. The study procedures were ap-
proved by the Brown University Institutional Review Board.

Procedure
The total duration of the experiment was approximately 3 hours.
Participants first updated their MRI screening information and
were asked to read the instructions and answer comprehension
questions. Participants then entered theMRI scanner for a scanning
session of about 1.5 hours in which they completed two tasks: a
word reading task and a video watching task. Between the two
tasks, a 5-min anatomical scan was collected. To minimize head
motion, soft padding was positioned around the head. Participants
held the response button box in their right hand while skin conduc-
tance was measured using two electrodes placed on their left hand
(not analyzed here). After the scanning session, participants again
completed one of the tasks (video watching task, see below) outside
of the MRI scanner.
Word reading task
In the scanner, participants first completed the word reading task.
On each trial of the word reading task, participants read a word on
the screen and indicated with a button press whether the word was
political or nonpolitical. There were 60 unique words: 30 political
and 30 nonpolitical (see the Supplementary Materials). The nonpo-
litical words were objects (15) and animals (15). The political words
consisted of seven theme words, chosen for their polarizing nature
and/or their occurrence in the political videos of the video watching
task (see below), which included “abortion,” “addiction,” “Ameri-
can,” “health care,” “police,” “immigration,” and “welfare.” The
other 23 words were association words, chosen for their polarizing
relationship to the theme words. To select the association words, we
ran an experiment on Mechanical Turk (n = 101) where conserva-
tive and liberal individuals from the United States freely associated
with the theme words by typing associated terms in a free-response
box [a semantic fluency task, known to elicit partisan differences in
associations (24); see the Supplementary Materials for details]. Each
trial stimulus was presented for 2.5 s with a 2.5-s fixation cross in
between. Twenty null trials were added (fixation cross) to ensure
independent recoverability of the stimulus-evoked activity. Total

block duration was around 6 min. Six blocks were presented, in
which word presentation was randomized. During the task, partic-
ipants were instructed to indicate whether a word was political or
nonpolitical by pressing the buttons on the response button box.
Naturalistic video watching
The video watching task consisted of a fixed sequence of three
videos, two of which were included in our analyses: a neutrally
worded news item on abortion legislation (PBS News Hour, “State
battles over abortion policy anticipate a post-Roe world,” item of
7:23 min: www.pbs.org/newshour/show/state-battles-over-
abortion-policy-anticipate-a-post-roe-world) and a politically
charged clip of the 2016 Vice-Presidential debate between liberal
Democrat T. Kaine and conservative Republican M. Pence [CNN,
“Vice-Presidential Debate 2016,” clip of 17:47 min (24:30 to
42:10): www.youtube.com/watch?v=ox8PTXwDYdc]. The videos
were presented on a gray background screen, at 80% of the screen
size. A fixation cross was shown before and between all videos.
Behavioral testing session
After the scanning session, participants completed a behavioral
testing session, including a spatial arrangement task (61), a survey
on video comprehension (not analyzed here) and judgment, and an
extensive survey battery of political and cognitive questionnaires
(not analyzed here). For the spatial arrangement task, subjects
were instructed to order the same political words as were used in
the word reading task in a two-dimensional space (circle) based
on their semantic similarity. Words that were believed to be
related to each other had to be placed close to each other, whereas
words that were not associated had to be placed further apart. No
other instructions about dimension or word placement were pro-
vided. This resulted in a grouping of the words based on a subject’s
belief of semantic similarity, which could then be used to assess
which words subjects associated with each other. This method of
measuring similarity has been extensively validated against other
metrics of similarity (61, 85).

Behavioral data analysis
Dyadic regression model
To link the different modalities that were used in this research, a
dyadic regression model was used. This model is a custom imple-
mentation of the mixed-effects regression approach reported by
Chen and colleagues (42) based on the packages lme4 1.1-23 and
lmerTest 3.1-2 for R 3.5.2, but optimized to link behavioral mea-
sures, neural synchrony, RSA, and neural state segmentation.
Because each observation in the mixed-effects regression corre-
sponded to a unique pair of subjects, the model for each observation
includes a random participant intercept for both participants in-
volved in that participant pair (42). This enables us to account for
inherent statistical dependencies between dyads. As this model uses
similarity between participants rather than individual measures
(e.g., neural or behavioral measures), it makes it possible to
compare and combine results from different modalities into one re-
gression model. Before running the linear mixed-effects regression,
all regressors were z-scored. To increase the robustness of the dyadic
regression results and to control for incidental findings (86), we
applied bootstrapping to all dyadic regression analyses, using the
boot.pval package (87) with a 95% confidence interval and 10.000
bootstrap replicates. All reported P values represent bootstrapped
estimates.
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Word reading task
Participants were instructed to categorize the 60 words as either po-
litical or nonpolitical by using theMRI response button box. On the
basis of the behavioral ratings of the words as political or nonpolit-
ical, words on which the average performance was less than 67%
accuracy (at least four correct responses in the six runs) were exclud-
ed from further analyses. This resulted in the exclusion of seven po-
litical words—hospital, death, sick, child, gambling, doctor, and
family—leaving 53 words included. For the included words, sub-
jects were able to correctly group the presented words into political
and nonpolitical words in 89.2 ± 8.5 percent of the trials. No party
differences were found between the liberals and conservatives for
any of the 53 included words (two-sample t tests, two-sided: all
Ps > 0.05; see the Supplementary Materials) or in average perfor-
mance over all 53 words [t(52) = 0.497, P = 0.620].
Spatial arrangement task
For the spatial arrangement task, multidimensional scaling was
used to transform the data from the word spatial arrangement
task to values reflecting dissimilarities (61). On the basis of the
placement of the political words, the Euclidean distance between

all word pairs was computed as
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðx2 � x1Þ2 þ ðy2 � y1Þ
2

q

, resulting
in an RDM that represented the behavioral pairwise distances
between all words. Intersubject similarity in behavioral representa-
tions was computed by correlating the lower triangles of the RDMs
(Pearson correlation), resulting in a correlation value per subject
dyad. To investigate whether behavioral similarity in political
word representations predicted ideological similarity, ideological
similarity was regressed onto intersubject similarity on the spatial
arrangement task using the aforementioned dyadic regression
model. Ideological similarity was computed as 100 − abs(ideology1
− ideology2), where 1 and 2 refer to the two participants in the
current participant pair. Both intersubject similarity on the spatial
arrangement task and ideological similarity were z-scored before
running the model.
Judgments elicited by the videos
After watching the videos in the scanner, participants completed a
questionnaire about how they felt about eight statements made in
the videos (four in the abortion video and four in the debate
video, two of which covered the topic of policing and two of
which covered the topic of immigration). For each statement, par-
ticipants were asked to indicate how much they agreed or disagreed
with the statement on a seven-point Likert scale. First, two-sample t
tests were conducted for each statement to test for partisan disagree-
ment. Second, we tested whether there was an interaction effect
between topic and political party for these ratings. The scores
were first transformed so that higher scores represented a positive
attitude toward the topic and then averaged for each topic. We then
divided the eight statements into a two-by-three analysis of variance
(ANOVA) to test for a significant interaction effect of political ide-
ology by topic. To further understand the relationships between
these two variables, additional two-by-two ANOVAs were conduct-
ed for the different combinations of the topics.

fMRI acquisition
MR images were acquired on a Siemens Prisma Fit 3-Tesla research-
dedicated scanner (Siemens Healthineers, Erlangen, Germany) at
the Carney Institute for Brain Science at Brown University. A 64-
channel head coil was used to collect the fMRI data. T2*-weighted

functional scans were acquired using Simultaneous Multi-Slicing,
resulting in a factor of 3 scan time reduction. This increases the
number of time points and thus statistical power for brain-to-
brain temporal synchrony analysis. Echo planar images covering
the entire brain except part of the cerebellum were acquired using
contrast settings optimized from cortical gray matter [Repetition
Time (TR)/Echo Time (TE)] 1500/30ms, voxel size 3-mm isotropic,
64 × 64 voxels, flip angle 86°, 60 slices, and distance factor 0%). The
field of view was tilted upward by 25° at the front of the brain to
minimize tissue gradient–related signal dropout in the orbitofrontal
cortex. To acquire a three-dimensional T1 anatomical scan, the
magnetization-prepared rapid acquisition gradient-echo imaging
sequence (88) was used [TR/TE/Inversion Time (TI) 1900/3.02/
900 ms, voxel size 1-mm isotropic, 256 × 256 voxels, parallel
imaging (GRAPPA 2), flip angle 9°, 160 slices, and distance
factor 50%].

fMRI preprocessing
Results included in this manuscript come from preprocessing per-
formed using fMRIPrep 1.5.1rc2 [RRID:SCR_016216; (89, 90)],
which is based on Nipype 1.3.0-rc1 [RRID:SCR_002502; (91, 92)].
The complete preprocessing pipeline can be found in the Supple-
mentary Materials. The anatomical T1-weighted (T1w) images
were corrected for intensity nonuniformity, distributed, and used
as T1w reference image. After skull stripping, brain tissue segmen-
tation was performed, and the T1w images were transformed to
standard space (MNI152Nlin2009cAsym). For each of the eight
functional BOLD runs per subject (across all tasks and sessions),
a reference volume and its skull-stripped version were generated
using a custom methodology of fMRIPrep. The functional images
were coregistered to the T1w images and normalized. Slice time cor-
rection and motion correction were applied. Physiological noise re-
gressors were extracted using CompCor (93), which estimates both
temporal and anatomical principal components. The six BOLD
runs collected during the word reading task were not susceptibility
distortion corrected in the absence of inhomogeneity fieldmaps.
After preprocessing, smoothing was applied to these six runs,
using a 6-mm full width at half maximum Gaussian smoothing
kernel and implicit brain masking in SPM12.

fMRI data cleaning
For the word reading task, runs in which there were excessive
motion artifacts or in which subjects did not press the response
button for multiple word representations, which was interpreted
as a lack of attention, were excluded. This resulted in a total exclu-
sion of nine runs from seven subjects (on average 1.4 run per
subject) and the exclusion of one subject all together.
One participant’s data were excluded from analysis for the

debate video because of excessive head motion. All other functional
fMRI data were further preprocessed using nltools 0.3.14 (94) to
remove signal components related to motion and other sources of
noise. General linear models of each voxel’s signal time series were
constructed with the following regressors: average cerebrospinal
fluid signal; average white matter signal; the six realignment param-
eters, their derivatives, their squares, and their squared derivatives
(95); zero-, first-, and second-order polynomials for removal of in-
tercepts and linear/quadratic trends; and a regressor for each
motion spike, which has value 1 at the TR where the spike was de-
tected [Framewise Displacement (FD) > 1mm] and zeros elsewhere.
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The residual time series of each voxel were then used for statistical
analysis.

Statistical fMRI analysis
Word reading task
An ROI-based IS-RSA (41) was conducted for the word reading
task. Five preregistered ROIs (https://osf.io/zsjdc/) were selected
on the basis of their functional association with mentalizing (TPJ
and dmPFC) and affective valuation [striatum, amygdala; (12, 45–
49, 56–59)] and semantic processing [middle temporal gyrus; (68,
96–98)]. ROIs were defined either as 6-mm spheres around a center
voxel coordinate taken from prior research or by using the Auto-
mated Anatomic Labelling atlas (99) in the WFU Pickatlas
toolbox for SPM12 [(100, 101); see the Supplementary Materials
for more details on the ROI definitions].
To extract word-related brain activation, a general linear model

was constructed for each participant in which each word from each
run of the word reading task was modeled as a separate regressor.
This resulted in a beta map per run per word representing the spa-
tiotemporal neural patterns elicited by that specific word. For each
ROI, the beta values in the ROI voxels were extracted. To estimate
representational dissimilarity between each pair of words from
these regional word activations, we computed the cross-validated
Mahalanobis distance (63) between all word pairs using the RSA
Toolbox [http://github.com/rsagroup/rsatoolbox; (102)] in Matlab
R2017b (The MathWorks Inc., www.mathworks.com). This
method capitalizes on the separate observations from each run to
establish a cleaner (cross-validated) approximation of the true
neural representation of each word (63). This resulted in a neural
word-by-word RDM for each ROI. From these neural RDMs, as
with the behavioral data, the values representing within word-cate-
gory word pairs were selected for each word category. Because of the
exclusion of seven political words based on their inconsistent be-
havioral ratings at being political—hospital, death, sick, child, gam-
bling, doctor, and family—we ended up with four categories
consisting of more than two words: “abortion,” “immigration,”
“police,” and “American.” These four category RDMs were used
for further analyses.
To test what drove similarity in political ideology, we again

applied the aforementioned dyadic linear mixed-effects regression
model (17, 42). In this analysis, we computed the neural intersubject
similarity of the word representations (Pearson correlation)
between each pair of subjects for each word category. We analyzed
these observations in two distinct ways, each testing a different hy-
pothesis. First, to test the relationship between ideological similarity
and similarity in the neural representation of political words, we
modeled ideological similarity as a function of pairwise neural sim-
ilarity values and random participant intercepts, for each word cat-
egory separately. Second, to investigate the association between
behavioral intersubject similarity (in how participants placed the
words on the spatial arrangement task) and word representational
similarity, we regressed intersubject similarity in neural word rep-
resentations for each word category onto intersubject similarity on
the behavioral spatial arrangement task. For each ROI, the subject-
level neural word-by-word RDMs were fitted and transformed to
two-dimensional space using multidimensional scaling. Intersub-
ject similarity in neural representational patterns was computed
as described above, which was then regressed onto intersubject sim-
ilarity in behavioral word representations. In addition to the

bootstrapping, we also applied Bonferroni correction to all regres-
sion models to correct for the inclusion of five ROIs. These statistics
can be found in the Supplementary Materials.
Video watching task
For the video watching task, we again used an ROI approach. To
investigate the link between the word reading task and the video
watching task, a dyadic regression model was used to model
neural ISC during the videos using intersubject similarity in repre-
sentational word patterns for words on a topic discussed in the
video. For the debate video, the video was split up into two clips,
with the first clip covering the topic of policing (start of the video
until 09:56) and the second clip covering a discussion on immigra-
tion policies (09:57 to 17:47). For the news item video, the whole
video was used as clip covering abortion policies. Similar to the ap-
proach described before, ISC in the preregistered ROIs was comput-
ed by extracting the average BOLD signal time course for each clip
and computing the Pearson correlation between all subject dyads.
For the word representational patterns, within-category representa-
tional similarity in each ROI was computed for the word categories
discussed in the three different clips (i.e., “police,” “immigration,”
and “abortion”) by selecting the values of each subject’s ROI
neural RDM representing words from that word category and com-
puting the Pearson correlation between these values for all subject
pairs. These measures of representational similarity were z-scored
and used in the before described dyadic linear regression model
to try to model neural ISC in the same region during the corre-
sponding video clip. To test whether the effects of the regression
models for the included word categories were statistically different
from each other, we ran additional dyadic regression analyses in
which we tested for an interaction effect between the word category
(dummy coded) and the predictive effect of word reading similarity
on intersubject similarity during the video watching task. To test
whether these two different measures of shared processing, mea-
sured during both static and naturalistic contexts, could predict
ideological similarity, we modeled ideological similarity as a func-
tion of neural ISC and word representational patterns in the same
ROI and covering the same topic, similar to the analysis de-
scribed before.
The data-driven neural state segmentation approach to investi-

gate possible partisan differences in neural states was based on work
by Baldassano and colleagues (35) and Chang and colleagues (36).
Although initial work describes states as sequential events based on
specific narrative events (35), we define neural states as capturing
distinct psychological processes, aligned with the definitions used
by Chang and colleagues (36). For each of the preregistered ROIs,
only voxels for which at least 80% of the subjects had data were in-
cluded. For these included voxels, the BOLD patterns were extract-
ed. Agglomerative hierarchical clustering was performed using the
Scikit-learn toolbox in Python to segment the voxel time series into
a temporal pattern of recurring neural states. To identify the
number of states that best fit the data, the hierarchical clustering
was fitted for each subject individually with all possible number
of clusters, ranging from two to the total number of TRs in the
video (debate video, 720 TRs; news item, 307 TRs). For each
number of clusters, the Silhouette Score was computed as a
measure of clustering accuracy (103). These silhouette scores were
used to find the best-fitting number of clusters for each participant.
Across all preregistered ROIs, two clusters best explained the data,
which was computed by calculating the mode of the best-fitting
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number of states across participants. No partisan differences in the
best-fitting number of clusters were found (two-sample t tests, two-
sided: all Ps > 0.05; see the SupplementaryMaterials). Each subjects’
voxel time series was used to compute a subject specific TR x TR
correlation distance matrix, which incorporated spatial z scoring
of the neural patterns. Agglomerative hierarchical clustering was
then applied to each subjects’ distance matrix with two clusters, re-
sulting in a sequence of 0’s and 1’s representing a cluster or neural
state for each time point (TR) in the video. This assumes that the
participants cycled between two internal states, which likely
glosses over subtleties of human experience but is nevertheless
useful for lifting out higher-level shifts in emotional and/or cogni-
tive experience [e.g., liking and disliking; (36)].
The aforementioned dyadic mixed-effects regression model was

again used to investigate whether intersubject similarity in neural
state sequences could predict ideological similarity. This was done
separately for the immigration and policing part of the video. As a
measure of intersubject similarity in neural state sequence, the ab-
solute Pearson correlation between all subject dyads was computed.
Because the hierarchical clustering was applied to each subject’s
data separately, the labeling of the states (0 or 1) was not aligned
across subjects. By computing the absolute correlation between
the state sequences, we created a measure of alignment of states, in-
dependent of their labeling. Unsynchronized state sequences were
thus close to zero, whereas synchronized state sequences were rep-
resented by higher values. Theses state sequence similarities were
then modeled as a function of ideological similarity while also con-
trolling for neural word representational pattern similarity and ISCs
of the BOLD signal.
To investigate what these temporal state change patterns might

reflect on a psychological level, we linked these patterns to measures
of the videos collected before the scanning sessions. Five indepen-
dent coders watched the political videos and rated every 10-s video
fragment on a scale of 0 to 10 on how much Democrats and Repub-
licans would differ in their experience along four dimensions: emo-
tional agreement, agreement with the speaker, speaker’s intentions,
and agreement on semantic meaning. These ratings were then z-
scored, averaged across raters, and convolved with a function repre-
senting the hemodynamic response function (104) to match the
temporal dynamics of the fMRI signal. To test for potential partisan
differences, we computed temporal state pattern differences
between political parties by first applying the hierarchical clustering
algorithm to the average neural BOLD signal across individuals
within a given party. To compare the state sequences between the
two parties, sequences were then transformed to represent state
changes, such that each state at time point t was compared with
the state at the time point before that (t−1). We then computed
the difference between the absolute partisan state change sequences,
as the directionality of the state change was not of interest. This dif-
ference in cross-party state change sequences was then Spearman
correlated with the ratings from the independent coders while ap-
plying phase randomization and 10,000 permutations using the
nltools package (94).

Supplementary Materials
This PDF file includes:
Supplementary Text Tables S1 to S4
Fig. S1
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