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Abstract

Emerging research has begun investigating the neural underpinnings of the biological and psychological-differences that
drive political ideology, attitudes, and actions. Here we explore the neurological roots of politicsthrough conducting a
large sample, whole-brain analysis of functional connectivity (FC) across common fMRI tasks. Using convolutional neural
networks, we develop predictive models of ideology using FC from fMRI scans for nine $tandard’ task-based settings in
a novel cohort of healthy adults (n = 174, age range: 18-40, mean = 21.43) from the.Ohio\State University Wellbeing
Project. Our analyses suggest that liberals and conservatives have noticeable and discriminative differences in functional
connectivity that can be identified with high accuracy using contemporary artificialvintelligence methods and that such
analyses complement contemporary models relying on socio-economic and survey-baséd responses. Functional connectivity
signatures from retrieval, empathy, and monetary reward tasks are identified\as, important and powerful predictors of
conservatism, and activations of the amygdala, inferior frontal gyrus, and hippecampus are most strongly associated with
political affiliation. Although the direction of causality is unclear, this.study suggests that the biological and neurological
roots of political behavior run much deeper than previously thought.
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Significance Statement

Using state-of-the-art artificial intelligence techniques,, we find
that functional connectivity of the brain is highly predictive of
one’s political orientation. In the largest neuropolitics study
to date, we find that of nine common tasks, functional
connectivity from reward, retrieval,, and empathy tasks
were most predictive of political affiliation. We construct
a powerful predictor of political ideology™that enhances the
use of common socio-demographic predictors. We identify
regions of the brain are most influential in the prediction of
liberalism and conservatism,\possibly identifying the political
brain. Although future research is needed to investigate how
physical brain connections. influence the relationship between
functional connectivitysand ideology, this study suggests that
the neurological ‘roots. of political behavior run much deeper
than previously thought.

Introduction

An individual’s political ideology, which is a “set of beliefs
about the proper order of society and how it can be achieved,”
(18; 6; 34) provides them with a framework by which to
understand politics and make choices on complex issues.
‘While political ideology is nuanced and multidimensional
(9; 34; 51), it is frequently projected onto a single left-
right dimension reflecting a continuum between liberalism
and conservatism. The distribution of preferences across this
continuum in a population often guides social, economic,
and environmental policies thereby affecting many elements of
society in democracies (49; 15; 43). As such, the underlying
structure and determinants of liberal-conservative ideology is a
major subject of investigation. Decades of research by political
scientists have identified demographic patterns associated with
political orientation (16; 48; 29; 54; 28) and documented how
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political orientation affects people’s behavior (23; 1; 17; 19; 63).
A nascent literature has started to probe the roots that
ideology may have in the brain itself. This field, commonly
referred to as political neuroscience, investigates the neural
underpinnings of the biological and psychological differences
that drive political ideology, attitudes, and actions (31). While
much of traditional political science focuses on understanding
politics at the aggregate level using experiments, surveys, and
observational data, this new field uses technologies such as
functional magnetic resonance imaging (fMRI) or event-related
potential (ERP) to understand political attitudes/behavior
at the individual level. The last decade has seen a handful
of political neuroscience studies (2; 5; 31; 36; 38; 45; 46;
50; 66), which have suggested that there exist differences in
the fundamental cognitive and emotional processes between
liberals and conservatives. We substantially build on this
past work by assessing how and to what extent functional
connectivity networks differ systematically between liberals and
conservatives using whole-brain analyses across nine distinct
tasks on a novel and large dataset of 174 healthy young
adults from The Ohio State University Wellbeing project
(24). While we do not aim for a comprehensive review
of the political neuroscience literature (see (31) for such a
review), it is important to understand how our current study
builds upon those in the literature and where it differs from
them, answering several questions that remain open in the
literature. Many studies of political orientation focus on how
liberals and conservatives respond differently to task-specific
stimuli that are specifically designed to activate processes
related to political ideology (see for example, (5; 32; 44)).
Others use emotional stimuli that, while not political, might
activate processes correlated with political orientation (see
for example (2)).The investigation of intrinsic functional
connectivity patterns of the liberal and conservative brains
absent any stimulus or with stimuli unlikely to activate political
processes remains largely unexplored. To better understand
the intrinsic neural differences of political ideology, we build
on these past studies by conducting a whole-brain analysis
using resting-state scans as well as a collection of scans from
commonly used fMRI tasks. Although the tasks we consider
were not designed to stimulate political attitudes, we seckito
understand whether intrinsic signatures of political idéology are
present and identifiable in off-the-shelf fMRI tasks.

A majority of political neuroscience studies predict ideology
using the full time series, including responses and stimuli, of
task-oriented BOLD responses (2; 5; 36; 387 45; 50)."While these
analyses have done much to identify, how, particular regions
of the brain interact with political “stimuli,)our study differs
substantially in that functional connectivity analysis models
the brain as a complex, networked system whose region-to-
region relationships give rise to emergent political attitudes and
behavior. Functional connectivity. analysis can characterize how
these region-to-region” eo-activations associate with political
behavior and maygzeveal\ the subnetwork of brain regions
that underlies thie political brain. Finally, existing functional
connectivity analyses (10; 47; 36) have investigated the effects
of a single task®or stimuli in isolation thereby leaving a
substantial gap informally comparing associations across tasks.

Examinations of functional connectivity patterns with
subjectssat.rést found that political liberalism is associated with
tighter ‘communication between the dorsal anterior cingulate
cortex — responsible for emotional processing — and the right
insula — responsible for conflict monitoring (10; 47). In recent
work, (36) found that connectivity between the orbitofrontal

cortex (OFC) and precuneus as well as between the insula and
frontal pole/OFC were particularly prominent in conservatives
under stimuli designed to evoke anxiety. (2; 42) found that
the function of the right amygdala, hippocampus, inferior part
of the opercular frontal gyrus (IFGoperc), and the anterior
cingulate cortex (ACG) are tied to political conservatism;
the right IFGoperc is involved in risk aversion (42), and the
ACG is associated with political liberalism. Our whole-brain
analysis complements these previous findings by investigating
whether, and to what extent, each region of the brain and their
interactions plays a role in political attitude across common
fMRI tasks.

Using the largest sample to date, we conducted a whole-
brain analysis of functional connectivity across eight tasks and
resting state to investigate four important and complementary
questions about the neurological roots of politics: (i) to what
extent can functional connectivity predict ideology? (ii)\which
task setting(s) from a collection of commonly used{tasks are
most suitable for the prediction of political ideology? (iii) to
what extent does integrating functional connectivity predictors
enhance the predictive ability of well-establiShed survey-based
political indicators? and (iv) which brain region(s) contribute
most to the prediction of political ideology?)To investigate
these four questions, we employed a_staté-of-the-art deep
learning technique known as BrainNetCNN (33) to analyze
the associations of functional connectivity (FC) signatures
across eight tasks and resting state with self-reported political
ideology. Our analysis_reveals that functional connectivity
provides noticeable and discriminative features among liberals
and conservatives, and that’ these patterns can be identified
with high accuracy using contemporary artificial intelligence
methods. We identify” a collection of common fMRI tasks
from whichfunctional connectivity provides powerful predictive
models of political ideology, and for each task, we characterize
what/brain regions are most strongly associated with liberalism
and “conservatism. Our analyses provide, for the first time,
a systematic overview of the neural mechanisms of political
ideology across a range of tasks and identifies which tasks and
brain regions are related to political behavior for healthy adults.

Material and Methods

Participants and Imaging Data Acquisition

We use brain imaging data collected from 174 typically
developing young adults from the Ohio State University
Wellbeing project (age 18-40, mean 21.4; 61 males and
113 females) (24). Each participant underwent 1.5 hours of
functional MRI recording, which consisted of eight tasks and
resting-state scans using a 12-channel head coil on a Siemens
3T Trio MRI system with TIM, housed in the Center for
Cognitive and Behavioral Brain Imaging at the Ohio State
University (OSU). The eight tasks aim to observe subjects’
brain activity involved in emotional picture viewing, emotional
face viewing, episodic memory encoding and episodic memory
retrieval, Go/No-go, monetary incentive, working memory, and
a theory of mind task (see Table 1 for descriptions). We note
that we use short hand naming conventions for these fMRI
tasks throughout the remainder of the manuscript (provided in
parentheses in Table 1) based on the intent or original use of the
task as described in the reference from which that task was first
designed. Please refer to Table 1 for the complete description
of the task when evaluating the analytical results in this study.
The 174 participants that we analyze are a subset of the 250
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participants enrolled in the Wellbeing project; a subject was
excluded if, during any of the tasks, part of the cerebral cortex
was out of the field of view due to head motion (24). Scanning
parameters, temporal resolutions, and task-based stimuli are
described in detail in (24).

Self-reported survey data

Participants were also provided a series of survey-based
questions, including questions regarding age, gender, their
education and income, the education and income of their
parents, the conservatism of their parents, as well as the
conservatism of the city that they grew up in and the city
they now live. With the exception of age and gender, these
survey questions were answered on Likert scales. We use these
covariates to build predictive models for political ideology as
a benchmark against which we assess the utility of functional
connectivity for predicting ideology. The outcome measure we
consider is a subject’s self-reported ideological position on a
six point Likert scale from Very liberal to Very conservative.
We provide descriptive summaries of these variables in Table 2,
including the correlation of each feature with the Likert scale
value of political ideology. We provide the survey questions and
their possible answers in the supplementary material.

Preprocessing of Imaging Data

The fMRI data were first preprocessed using the minimal
preprocessing Human Connectome Project pipeline (25).
In particular, functional brain images were realigned to
compensate for head motion, spatially smoothed (2-mm FWHM
Gaussian kernel), and normalized with a global mean. The
functional images were next coregistered to the T1-weighted
structural images, normalized to the standard brain, and
further refined using nonlinear registration in FSL (FMRIB
software library, version 5.0.8). Minimal spatial smoothing was
performed in volume space. Next, brain images were parceled
into 269 regions of interest (ROIs) using the Automated
Anatomical Labeling atlas (52). We excluded the 252nd ROI
because it had all missing values in the time series of averaged
BOLD signals, resulting in a 268 X 268 symmetric matrix. We
recorded BOLD functional activation when subjects Avere in
resting state and performed eight emotional and cognitive tasks.
The task-associated BOLD activations were regressediout from
the time series before connectivity analysis. “We censtructed
functional connectivity networks by creating matrices where
each row and column represent an ROI ‘and the value of
the (¢,j)th entry of the matrix is the correlation coefficient
between the i¢th and jth brain region, from the time series
of the averaged BOLD signals. We created these matrices
for each participant and each‘task jso that there are nine
matrices per participant, yene matrix for each of the nine
tasks. Each functional connectivity matrix is represented as
a full symmetric matrix, with zeros along the diagonal and
off-diagonal terms-are between -1 and 1.

Statistical Amalyses

We developed predictive FC models using the convolutional
neural®ynetwork (CNN) framework BrainNetCNN, which
has ‘architctures tailored to the brain proposed by (33).
Convolutional neural networks (CNNs) have been increasingly
successful not only in image classification and object
recognition (39; 58) but also neuroscience to classify mental
or physical disorder such as schizophrenia (35; 11; 64; 62),
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autism (26; 27), depression (7), stages of Alzheimer’s disease
(57), and infants born preterm (33). BrainNetCNN introduces
two new layer types designed to capture topological locality in
the brain. BrainNetCNN consists of both edge-to-node (E2N)
layers and node-to-graph (N2G) layers that contain multiple
convolutional filters layers of a particular shape. We use the
Euclidean loss function as the final activation function in
BrainNetCNN for regression and use very leaky rectified linear
units (leaky-ReLU) as activation function within each layer
in our model, where very leaky-ReLU function f is defined
as f(z) = 1(z < 0)(z/3) + 1(z > 0)(x). A mini-batch
normalization is applied to each matrix before running the
method. We use dropout with a rate of 0.5 after the N2G layer.
We set the optimized hyperparameter in each fold via random
search method by minimizing the training loss defined as the
Euclidean loss between the predicted and true scores over the
network parameters.

For each task t and individual k, BrainNetCNN | yields
an out-of-sample political ideology score y; 1 —.& continuous
valued prediction for the self-reported (true) pelitical ideology
of individual k. We note that y; i is the prediction of y; from
10-fold cross validation when individual & is in the test set to
prevent data leakage. Pearson correlation coeffigiénts were used
to asses relationships of these predictions with'the true political
ideology and a chi-squared test was used to evaluate significance
of the correlation. Principal domponent analysis was applied
to the matrix containing pelitical ideology scores to determine
the dimension of the scores. Principal component analysis was
implemented using the prcomp function in R.

We next investigated ythe extent to which ideology
scores could ber used/classify true ideology, when the true
ideology was treated as a dichotomous outcome characterizing
?conservative? (very conservative, somewhat conservative,
conservative) \and ”liberal” (very liberal, somewhat liberal,
liberal). We treat the ideology scores from BrainNetCNN as
independent variables for individual ¢ for which we fit a logistic
regression model to predict that individual’s dichotomized
political ideology. These FC models were compared against
other logistic regression models containing established survey-
based responses, including variables describing age, sex,
education, income, local leanings (including where an
individual grew up and where they live now), and a subject’s
parents’ political ideology (20; 13; 8; 59; 40) (survey-based
predictors are summarized in Supplementary Table 1), as well
as models containing both survey-based responses and FC.
Monte Carlo cross validation with 1000 samples was used to
compare all models. Test sets for each sample were chosen at
random and contained a randomly chosen proportion of the
total population of observations, with proportions between 0.05
and 0.50.

We next explored which connections learned by BrainNetCNN
were most predictive of political ideology scores. To do so,
we applied the deconvolutional network architecture from
(56), which reconstructs brain connectivity within a deep
learning architecture. This method computes the gradient of
the score with respect to every input edge (%, j) of a functional
connectivity matrix. In particular, the method calculates the

partial derivative of y; i, glg”f', for every input edge E;; of
ij

a functional connectivity matrix E, 4,7 = 1,...,268. Edges
with large-magnitude partial derivatives are edges that have
a noticeable influence on the class score and thereby on a
class posterior. The ROIs corresponding to such edges have
greater importance in the prediction of political ideology. After
averaging the partial derivative matrices over the entire dataset
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Task

Description

Emotional pictures (Affect)

Subjects see photographs of the screen, one at a time. These photographs appear to the left
or right of the center of the screen. The task is to indicate whether the picture is shifted to
the left or right relative to green dot in the center of the screen. (2)

Emotional faces (Empathy)

Subjects are presented with male and female faces, one at a time. The task is to determine
whether the faces are male or female. There are task conditions for neutral, happy, sad, and
fearful faces (12).

Episodic Memory (Encoding)

Subjects see name and face pairings on a screen. The task is to decide whether the name goes
well with the face on a 1-4 (poor to well) scale. There are 4 face conditions: young and old

faces that are novel or have been repeated during the experiment (41).

Episodic Memory (Retrieval)

Subjects are asked to remember which names were paired with which faces from the episodic
memory encoding task. The task is to indicate whether the face name pairs are the same from
the previous task, completely novel, or if the face is repeated, but was not paired with the
given name (41).

Go/No-Go

Subjects look images of single letters. They are asked to press a button when the letter is in
the set AB,C,D,E and not to press the button when the letter is in the set X,Y,Z (55).

Monetary Incentive Delay (Reward)

Subjects are asked to press a button as quickly as possible when a white square (cue) appéars
on the screen. Participants either win or lose money based on when and how fast they, push
the button (37).

‘Working Memory

Subjects are presented with a sequence of letters and switch between two memety tasks. In
the rst, subjects are asked to indicate whether the current letter is underlinedsIn theysecond,
subjects are asked to indicate whether the current letter is the same as or dierent/from the one
that was presented two letters ago (61).

Theory of Mind (ToM)

Subjects are presented with stories and true false statements about the stories. /The task is to
indicate whether the statement was true or false (14).

Resting State

Subjects are asked to close eyes, feel relaxed but stay awake.

Table 1. Descriptions of the tasks involved in the Wellbeing data set. Much of the text is reproducéd from Supplemental Table S1 of the
Wellbeing analysis in (24). In parentheses, we provide conventional names for the tasks that we will use throughout the remainder of the
manuscript based on the original reference for each task given in the Description.

Demographic Characteristic | Summary Correlation | p-value
Male, n (%) 61 (35.1) 01180 0.017
Age, range, median, mean(sd) 18 - 40, 20, 21.43(3.83)=0.133 0.080

7# Likert responses

(1/2/3/4/5/8)
Education 4/131/12/8/19 0.137 0.071
Father Education 32/20/607/8/54 0.113 0.136
Mother Education 29/25/76/13/31 0.081 0.285
Father Conservatism 5/28/33/41/37/30 0.349 < 0.0001
Mother Conservatism 9/37/46/35/31/16 0.417 < 0.0001
Income 164/9/1/0/0/0 2 0.051 0.500
Parent’s Income 20/22/35/29/39/29 0.194 0.010
Religiosity 44/40/24/29/26/11 0.279 0.0001
Origin City Conservatism 1/17/44/57/40/15 0.054 0.472
Current City Conservatism 16/64/64/23/6/1 -0.007 0.931
Conservatism 24/52/49/36/9/4 1.000 0

Table 2. Descriptive analysis of features‘describing the 174 individuals in the Well-being data set. Shown are summaries of
each of the features used in the study as well as the correlation of the feature with the extremity of self-identified conservatism. The survey
questions as well as possible answers, (in Likert scales) are provided in the Supplemental material section S1.

and summing its magnitude’ over all the rows, we have the
weighted degreedcentrality of brain regions as a measure of
importance for‘theiprediction. Then, 268 ROIs with the same
anatomical Structtires in the AAL atlas are averaged to create
the finald78 ‘brain regions that were evaluated in our analyses.

Tosfurther test the importance of functional connectivity on
predicting political ideology in the context of survey responses,
welevaluated the variable importance of the FC predictors
and survey predictors using an L1l-penalized logistic regression
modeél (65). The Ll-penalized logistic regression model is a
variable selection method that shrinks a subset of predictor

coefficients to zero, thereby leaving important variables in
the model. The absolute value of the estimated predictor’s
coefficient characterizes that predictor’s importance in the
model (60; 65). The Ll-penalized model was tuned using
cross-validation in the glmnet package in R software.

Results

We first investigated the pairwise associations of the FC
political ideology scores obtained by BrainNetCNN, the
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underlying dimension of these scores, as well as their
associations with the true ideology of each participant. We
next compared predictive models containing FC predictors
from each task and survey-based responses using Monte Carlo
cross validation. We assessed the importance of each task on
the prediction of political ideology using variable importance
measures from a L1-penalized logistic regression model. Finally,
we applied deconvolutional network techniques to the FC
predictive models to identify what brain regions were most
predictive of political liberalism and conservatism. Details of
these results are described in below.

Associations of political ideology with each fMRI task

BrainNetCNN provides raw political ideology scores for each
fMRI task through a supervised learning task aimed at
predicting the true political ideology of each individual.
These ideology scores, their pairwise relationships, as well
as their relationship with true political ideology is shown
in Figure 1. Figure 1 highlights the associations of each
task with overall ideology, as well as their associations with
extreme and moderate ideologies. Particular attention was
paid to associations with moderate (somewhat liberal, liberal,
conservative, and somewhat conservative) and extreme views
(very liberal and very conservative). Notably, the ideology
scores from the affect, empathy, reward, and GoNoGo tasks
were strongly associated with overall ideology (p-values < 0.001
independently and Bonferroni adjusted p-values < 0.05). When
broken down by extremity, we found that only the reward
task was statistically associated with extreme political views
(correlation = 0.750, Bonferroni adjusted p-value < 0.05),
and only the empathy task was statistically associated with
moderate political ideology (correlation = 0.342, Bonferroni
adjusted p-value < 0.05).

All tasks’ ideology scores were statistically correlated with
one another in overall ideology prediction, and all but one pair
of tasks (empathy and retrieval) were strongly correlated”across
their moderate ideology predictions. To better understand these
associations, we investigated the dimension of the, political
ideology scores by applying principal componént ahalysis on
the columns of the 174 X 9 ideology score matrix containing
the political ideology scores for each participant for all 9
tasks. The scree plot and the biplot for the first two principal
components are shown Figure 2, and the contributions of each
fMRI task on the top five principal componénts are provided in
Table 3. Principal component/analysis suggests that the nine
tasks can be well explained by five/independent dimensions;
all nine tasks contribute ‘equally to the direction of most
variation in the ideology, scores, and only a subset of the tasks
explain the remaining variability in prediction. In particular,
we found that 42.5%, of the total variability in the ideology
score matrix was explained by the first principal component
and that each task contributed approximately equally to this
first component (range of 7.9 - 13.6 % contribution). The
top five principal components explain roughly 80% of the
totalyvariability, suggesting that the dimension of these tasks
is approximately five. Principal components 2 through 5 are
each largely dictated by two or three tasks (PC2: resting and
encoding; PC3: retrieval and resting; PC4: GoNoGo and theory
of mind; PC5: empathy, reward, and theory of mind).

Functional Connectivity Signatures of Political Ideology
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% Contribution

Task PC1 | PC2 | PC3 | PC4 | PC5
Affect 13.6 | 4.8 | 14.8 | 0.3 0.0
Empathy 12.9 | 5.2 0.1 | 10.0 | 15.9
Reward 11.5 | 2.9 1.0 6.9 | 31.3
Retrieval 104 | 0.2 | 45.7 | 3.0 4.6
Resting 7.9 | 20.2 | 272|158 | 1.2
GoNoGo 11.6 | 8.1 0.1 | 33.7| 2.8
Encoding 9.8 | 38.0 | 4.9 0.2 1.2
Theory of Mind 10.8 | 7.3 4.9 | 20.8 | 30.7
‘Working Memory | 11.5 | 13.2 1.3 9.3 12.2

Table 3. Variable contributions to the top five principal components
of task political ideology scores.

Predictive Capabilities of Functional Connectivity across
Tasks and Resting State

A substantial body of work suggests that parentalyideology
is a particularly strong predictor of an individual’s’ideology
(3; 4; 21; 30; 40). Research going back four decades shows
parent’s ideology to be a major determinant of/an individual’s
ideology (1), and recent work using twin“studies has shown
that this relationship is likely partially heritable (4). Therefore,
to evaluate the predictive pérformance of FC, we compare
each model to a benchmark Rarent Gonservatism model, which
contains the self-reported. mother and father’s conservatism.
The mean and standard deviation of the area under the curve
(AUC) metric for thestest set from each sample in our cross
validation study is réported in the left panel of Figure 3. We
find strong and)coensistent predictive performance across the
affect, retrieval, 'empathy, and reward connectivity networks
- each of these models obtained predictive AUCs (mean AUC
rangé: 0.625 - 0.674) that were statistically indistinguishable
from the Parent Conservatism model (mean AUC = 0.726).
This is significant because it shows that functional connectivity
can provide at least as much information about an individual’s
liberalism/conservatism as the strongest predictor generally
applied in political science research, and this finding speaks
directly to the neurological roots of political ideology. Although
the performances of the affect and empathy tasks are supported
in past studies — classification of human faces into happy, sad,
and fearful elicits emotions that may be related to political
orientation (2) — the consistent results using connectivity
from the reward task is novel and compelling. Despite the
systematic literature for a possibility of the neural substrates
of political behavior in reward-related processes, only (53) has
studied the relationship of a reward-based task, the Risky-
Gains task, and political ideology. Our finding complements
this previous finding by mapping a monetary reward task to
the brain activation in political orientation. Models that that
contained all survey-based predictors and those that integrated
FC predictors from each task with survey-based predictors
obtained AUCs that were statistically higher than the Parent
Conservatism model. The model that contained all survey-
based predictors and FC variables was the most predictive
model in the study (mean AUC = 0.835, sd = 0.034).

Variable Importance of FC Tasks and Survey-based Responses
on Predicting Political Ideology

We fit L1-penalized logistic regression model to the full model
containing all FC and survey-based predictors and report the
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Fig. 1. Pairwise associations of FC scores and their associations wit liMology. Scatterplots show the relationship between the predicted
political ideology score from each FC task once applied to BrainN NN the true ideology. Points are colored according to extremity of true
e) a blue points show moderate views (liberal, somewhat liberal, moderate,

ideology: red points show extreme views (very liberal or very conserva

somewhat conservative, conservative). Correlations are provided ideology values (in black), moderate only (in blue), and extreme values (in red).

Correlation values with *** are statistically significant with p-va 0.001 and those with ** are statistically significant with p-value < 0.01 and those
with * are significant at p-value < 0.05. @

that had non-zero model and variable importance analyses identify three standard

variable importance values for variab
coefficients in Table 4. We take a strategy closely related to the fMRI tasks from which FC strongly associates with political
data-driven approach followed by (66)i at we determine liberalism and conservatism.
variable importance among task and survey-based responses
through the use of predictive deling and cross validation. Regional FC Associations with Political Ideology
Contrary to (66), howevergwe de ine variable importance

y of the LASSO (60) whose ‘We developed predictive FC models using the convolutional

validation rather than by identifying neural network (CNN) framework BrainNetCNN, which has
oefficients within the top 5% of architectures tailored to the brain proposed by (33). For each
task, we first regressed out BOLD signals associated with
stimuli in the task and then analyzed the FC matrix that

using the variable selection

model was chosen by cro:
variables with si

predictive mod cross validation as done in that work.

In line with/past es of parental influence on one’s own
models the co-activations of regions in the brain for that task.

political yiews, found that parental variables (mother and

mother and father’s conservatism) were Features derived from each FC matrix from BrainNetCNN
b

were then incorporated in logistic regression models to
predict political ideology. These FC models were compared

against other logistic regression models containing established

redicting political ideology. Three of the nine
C variables were important in predicting ideology.

athy, retrieval, and reward tasks were the most
survey-based responses, including variables describing age,

sex, education, income, local leanings (including where an
individual grew up and where they live now), and a subject’s
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Fig. 2. Panel A shows a scree plot describing the percentage of variation explained by the principal components for the political ideology scores across

all nine fMRI tasks. Panel B provides a biplot representing the principal component scores for all participants in the study®Points are colored according

political ideology. Ellipses represent the 95% confidence interval of principal component scores for each ideology.

Variable Importance | Coefficient (s.e.) | p-value with each political dimension for*the three most important
Emp.athy 0.570 0.151 (0.07) 0.039 tasks - empathy, reward, anderetrieval - are shown in Figure
Retricval 0.460 0.148 (0.09) 0.087 4. The highest contributing edge for predicting conservatism
Reward 0.371 0.103 (0.07) 0.142 . . L .
and liberalism is given_ invTable 5.
Mother’s Conservatism 0.340 0.082 (0.03) 0.003
Father’s Conservatism 0.154 0.046 (0.03) 0.081
Mother’s Education 0.083 0.039 (0.03) 0.172 Liberalism Conservatism
Father’s Education 0.053 0.029 (0.02) 0.253 Task (ROI pair) (ROI pair)
Affect MTG-R PCG-L SPG-R SOG-L
Table 4. The variable importance values for an Ll-penalized Empathy ORBmid-R ITG-R SFGdor-R | ROL-L
logistic regression that regresses political ideology (conservative or Encoding ORBmid-R | LING-L | ORBmid-R | MTG-R
liberal) on the full model of all available survey-based predictors GoNogo ITG-R DCG-L SMA-R ITG-R
and FC predictors as well as the estimated effects and standard Resting State SFGdor-R | ORBinf-R SPG-R SOG-L
errors for each important variable from a logistic regression model. Retrieval ITG-R ANG-L INS-R ANG-R
The Ll-penalized model was tuned using cross-validation in_the Reward INS-R CAU-R ITG-R SOG-L
glmnet package in R software. Only variables that had non-zero ToM SMA-R LING-R SPG-R LING-L
importance in the resulting LASSO model are reported and variables Working Memory SPG-R ROL-R INS-R MTG-R

are reported in order from greatest to least importange.

parents’ political ideology (20; 13; 8; 593, 40) . (survey-based
predictors are summarized in Supplémentary Table 1), as well
as models containing both survey-based=Tesponses and FC.
Monte Carlo cross validation/with 100 samples was used to
compare all models.

To better understand the bielogical mechanisms of political
conservatism, we next\investigate which brain regions are
most predictive of gpelitical orientation across tasks using the
deconvolutional Metwork technique (DNT) from (56). The DN'T
technique quantifies, the degree to which an edge between
two regions/is associated with prediction of political ideology,
and is .€emputed’ as the average partial derivative of the
predicted political ideology with respect to the input edge. To
identifysthe most predictive brain regions, we calculated the
sumyofithe partial derivative magnitudes of all neighboring
edges of each brain region. Regions with large values had,
ondverage, connections that were most influential to the
prediction of conservatism. The region-to-region associations

Table 5. Most influential regions for predicting political
affiliation. For each task, the pair of regions that contributed
most to the prediction of liberalism (left) and to the prediction
of conservatism (right) are shown. Regions were identified using
a deconvolutional network approach based on the neural network
trained on functional connectivity for each task in the political
ideology prediction task. Nodes are labeled by the following
acronyms: IOG - inferior occipital gyrus; CUN - cuneus; ACG -
anterior cingulate; AMYG - amygdala; SOG - superior occipital
gyrus; ORB - orbital gyrus; IFGoperc - inferior part of the opercular
frontal gyrus; ITG - inferior temporal gyrus; PCL - Paracentral
lobule. A full list of regions in the AAL atlas are provided in
supplemental material Table S2.

The DNT revealed that the left hippocampus (HIP), the left
middle part of the orbital frontal gyrus, and the right amygdala
(AMYG) are the most predictive of political ideology in the
three most predictive tasks - reward, retrieval, and empathy
tasks. The left middle part of the orbital frontal gyrus is a
particularly strong predictor in all three of the tasks. Influential
regions from the retrieval and empathy task show significant
overlap with those identified by the reward tasks, including the
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Predictive AUC

0.0 0.2
Model Accuracy, mean (SD) | |

0.4

0.6 0.8 1.0

Statistically worse performance

than Parent model

Statistically indistinguishable from

Parent model

N
\\

Statistically better performance
than Parent model

Resting Task 0.722 (0.01) l H_|
GoNogo Task 0.713 (0.02) I }_H
Working Memory Task 0.720 (0.02) | H_1
Encoding Task 0.717 (0.02) | H_{
ToM Task 0.711 (0.02)
Affect Task 0.712 (0.02) o
Retrieval Task ~ 0.710 (0.03) | -
Empathy Task 0.734 (0.03) [ H—|
Reward Task  0.715(0.04) | b
Survey w/o Parent Conservatism 0.710 (0.04) I H_|
All FC Tasks 0.702 (0.04) | H_‘
Parent Conservatism 0.715 (0.04) Benchmark Model
Parent Cons. + All FC Tasks 0.720 (0.05) &\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\
All Survey 0.740 (0.05) &\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\&
All Survey + All FC Tasks 0.720 (0.06) &\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\&

Fig. 3. Prediction performance of FC and survey-based predictive models. The accuracy and area under the curve (AUC) metric was calculated for

each model using Monte Carlo cross-validation where the test set was a random sample with a random propeértion,of observations over 1000 samples.

The length of each bar in the plot represents the mean predictive AUC, and error bars represent 95% confidence intervals. Bars are colored according to

their performance when compared to the Parent Conservatism benchmark model containing mother and father conservatism as predictors. Survey-based

models included age, education, income, how conservative the town was where a subject grew up, howConservative the city is where the subject lives

now, a subject’s parents’ income, and mother and father conservatism.

left and right amygdala, and the right anterior cingulate cortex
(ACGQG); however, the influential regions in the reward task tends
to be much more widely distributed. The right inferior gyrus,
the right Cuneus, the left inferior occiptal lobe, and the left and
right inferior part of the opercular frontal gyrus (IFGoperc) afe
highly influential brain regions for political ideology prediction.
These findings are consistent with previous work (2; 42) who
identified relationships of the AMYG, HIP, IFGoperc, and ACG
with political ideology through task-based stimulit

Discussion and Conclusion

Collectively, our analyses suggest thiatyfunctional connectivity
reveals noticeable and discriminative featires among liberals
and conservatives, and that these patterns can be identified
with high accuracy using contemporary artificial intelligence
methods. Our analyses providesa systematic overview of the
functional mechanism§sof political ideology across a range
of tasks and identifies which tasks and brain regions are
related to political behavior for healthy adults. We identified a
subset of common fMRI tasks for which functional connectivity
provides statistically’ indistinguishable predictions of political
ideology“as parental conservatism, and we found that functional
conne€tivity, signatures improve the predictive capability of
modelsithat utilize demographic and socio-economic indicators
liketagey, education, geographic location, gender, conservative
predispositions, and income. Indeed, the predictive model
containing FC features in the study and all survey-based
responses provided the strongest predictive capabilities of any

modél considered, giving an AUC boost of roughly 10% over a
standard benchmark model using parental conservatism. From
cach task, we characterized what brain regions were most
strongly associated with political ideology. These results were
validated with cross-validation using the largest ever sample of
subjects in a neuropolitics study.

‘While our analysis suggests that the empathy, reward, and
retrieval tasks are the most strongly predictive of political
attitude of the tasks we considered, we found that functional
connectivity features from all of the tasks including resting
state were correlated to political ideology (see Figure 1),
suggesting that functional signatures of political ideology
persist across tasks and resting state. Features from the reward
task were the only to be statistically significantly associated
to extreme political views. Although more work is needed
to validate the relationship of reward decision-making with
extreme political behavior, this finding is partly supported
by (53) who found that the BOLD response of a Risky-Gains
reward-based task was highly predictive of political orientation
(AUC = 0.829), and is consistent with recent findings by (66)
who found that reward sensitivity is implicated in ideological
processes.

The empathy (emotional faces) task was the only task we
found to be significantly correlated to moderate ideology. This
may suggest that political thought may be closely tied to
emotion and emotional response. This hypothesis is further
supported by (2), who examined the relationships between
the BOLD response from an that the emotional stimulus from
images from a single disgusting image in an affect task and
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Fig. 4. Associations of brain regions with political ideology for the most three predictive tasks in the study, Highlighted regions were the most influential

in predicting political ideology and had an importance score that was statistically higher than the average importance for the given task. Nodes are

labeled by the following acronyms: IOG - inferior occipital gyrus; CUN - cuneus; ACG - anterior ¢ingulate; AMYG - amygdala; SOG - superior occipital

gyrus; ORB - orbital gyrus; IFGoperc - inferior part of the opercular frontal gyrus; ITG - inferior\temporal gyrus; PCL - Paracentral lobule. A full list

of regions in the AAL atlas are provided in supplemental material Table S2.

from multiple images with political ideology and found strong
predictive performance (AUC = 0.845 and 0.981, respectively).

To date, political neuroscience has largely relied on thé
prediction of ideology using the full time series, including
responses and stimuli, of task-oriented BOLD responses+There
are two major differences that sets our current study apart.
The first is that the current study is based on functional
connectivity - that is, we analyze how the relationships between
regions of the brain over each task predict political ideology.
This is in contrast to analyzing the temporal trends in BOLD
response of each regions as done in these past works. The
second point is that we are concerned’with functional signatures
where task-related features dealing withsreactions to task-
based stimuli are regressed out|before constructing functional
connectivity matrices. Our study i§ the largest and most
comprehensive study of functienal connectivity for political
behavior to date and Cempléments previous task-based fMRI
studies in political science‘by’ focusing on the identifications of
functional connectivity signatures of political attitudes.

The most closely related study to our own was the recent
work of (36), mho investigated the relationship between
functional ecennegctivity of individuals undergoing anxious
situagions ‘with political attitudes in South Korea. (36)
examines, psychological resilience and self-regulation as they
pertainito “red” or “blue” brains, finding that conservatives
tend to be more resilient and have better self-control, which
helps them manage the fact that they are more sensitive to
threat and anxiety. By contrast, we found that the connectivity

of the xight AMYG, HIP, IFGoperc, and ACG were most
closely tied to political conservatism and that these findings
wer€e consistent across several tasks without political stimuli.
Although more investigation is needed to characterize the ties
of these brain regions and their connectivity with political
ideology, it is interesting to note that these regions have
been previously identified as important regions of interest in
describing political behavior when activated by an emotional
or political stimuli (2; 42).

The subjects in our data were scanned while performing a
series of eight tasks, as well as in the resting state. None of
these tasks were designed to elicit partisan responses and the
resting state scan is particularly interesting because it allows
us to test if brain connectivity can predict an individual’s
political orientation without any stimulus at all. Examining
these distinct scans helps provide a general overview for the
predictive ability of the tasks that distinctively capture brain
regions related to political ideology. Our study was limited to
nine fMRI tasks, but there are many other task-based settings
that we did not consider that may provide additional insights
into the neural signatures of political behavior. We look forward
to that line of research.

Functional connectivity models the temporal coincidence of
spatially distant neurophysiological events (22); however, FC
does not imply any causal relationship between brain regions
that exhibit these distant events. Indeed, correlated cross-
regional activity may be mediated by additional structures or
through other cortical-subcortical loops. As a result, strong
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FC may be observed in absence of any structural connections,
or may even be driven by external sources or due to effects
of the experimental setup. We sought to minimize the effect
of experiment in our analyses by regressing out task-associated
BOLD activations from the time series for each task performed.
We found that pairwise associations between the ideological
scores of each pair of tasks were weak or moderate (see Figure
1), and that a majority of the variability in the 9 tasks could be
explained by approximately five dimensions (Figure 2). Taken
together, these results suggest that the predictive ability of each
of the tasks was distinct and potentially complementary to one
another. Our results offer exciting insights into understanding
how the intrinsic activation of brain regions reflect differences
in ideology; however, future research should investigate possible
mediators to these functional relationships including physical
white matter connections in the brain.

Our study is limited by the skew in political partisanship
of the population. The number of conservative to liberal
participants in the study was unbalanced (49 to 125), and the
number of extreme conservatives considered in this study is
small (n = 4). Our analysis, therefore, is limited in power
by what can be said about differences in extreme political
ideology. We dealt with this imbalance in an unbiased manner
through cross validation, but we advocate for further study
of the differences in political extremes in future research.
The age of the participants was limited to adults (18 - 40).
Therefore, our results may not hold in children and older adults
(40+). Further investigation in these two groups is needed.
Finally, our results are observational in the sense that the
design of the experiments in the Wellbeing study were not
political stimuli nor were participants randomized according to
political ideology. Although the direction of causality remains
unclear — do people’s brains reflect the political orientation they
choose or do they choose their political orientation because of
their functional brain structure — the evidence here motivates
further scrutiny and followup analyses into the biological and
neurological roots of political behavior.
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