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Abstract

Political polarization is a significant issue in American politics, influencing public discourse, policy,
and consumer behavior. In this paper, we introduce the Polarization Measurement using Counterfactual
Image Generation (PMCIG) algorithm, which combines the economic structure of the problem with gen-
erative models to create comparable counterfactual images and measure polarization in visual content.
We first demonstrate that the key advantage of our algorithm over traditional reduced-form approaches
lies in its ability to overcome potential confounding and misestimation of polarization caused by informa-
tion loss from feature extraction. We then apply PMCIG to a decade-long dataset featuring 30 prominent
politicians across 20 major news outlets and identify significant polarization in visual content, with no-
table differences across outlets and politicians. Outlets like Daily Mail, Fox News, and Newsmax exhibit
the strongest visual slant favoring Republican politicians, while The Washington Post, USA Today, and
The New York Times are among the strongest outlets favoring Democrats. At the politician level, figures
like Donald Trump and Barack Obama receive the most polarized coverage, whereas Joe Manchin and
Susan Collins are among the least polarizing. The measures are validated by demonstrating their con-
sistency with external slant metrics derived from non-image-based sources. We conclude by discussing
managerial implications.
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1 Introduction

Political polarization has emerged as a central issue in American politics over the past few decades. Three

out of ten Americans now consider polarization one of the most significant challenges facing the country

(Skelley and Fuong, 2022). When asked to describe the current political climate, the term “divisive” was the

most frequent response, and terms like “polarized” and “partisan” were among the most common responses

by Americans (Doherty et al., 2023). In this environment, the media plays a pivotal role: the selection,

framing, and presentation of content by news outlets can shape and even deepen partisan divides. Therefore,

it is crucial to have precise and systematic measures to study polarization.

Several studies have focused on the textual/verbal content in news articles as a rich source of information

to propose measures for media bias and polarization and examine the demand-driven motives for news

outlets to create content that matches the partisan preferences of their readers (Gentzkow and Shapiro, 2006,

2010). Research in this domain suggests that the choice of words and framing of issues can reveal accurate

information about the political ideology of the speaker or writer (Gentzkow et al., 2019). For example,

hearing whether someone says “estate tax” or “death tax” can meaningfully help an observer infer the

speaker’s political ideology.

The existence of ideological slanting in the choice of words and framing poses important questions

about the non-verbal aspect of news content. The non-verbal content conveys meaning through channels

other than language, such as facial expression and body language. In news articles, the non-verbal content is

often communicated through visual content such as images. Editors often pay great attention to the choice

of visual content, as visuals are more memorable, processed more rapidly, and elicit stronger emotional

responses than text (Sullivan and Masters, 1988; Townsend and Kahn, 2014; Blanchard et al., 2023).1 Visu-

als not only shape engagement but also play a key role in spreading misinformation (Matatov et al., 2022)

and influencing voter perceptions of competence and trustworthiness in politics (Hoegg and Lewis, 2011).

Moreover, younger generations of consumers are showing a growing preference for news content that relies

less on verbal elements and more on visuals. Nevertheless, only a few studies have focused on the visual

content to study polarization (Peng, 2018; Boxell, 2021; Ash et al., 2021; Caprini, 2023), and no prior work

has utilized the richness and dimensionality of visual information.

In this paper, we bridge this gap and develop a framework to measure polarization and slant in visual

content. Figure 1 shows a small sample of images used by CNN and Fox News to portray the 2024 presiden-

tial nominees, Donald Trump and Kamala Harris. Visually, we can see a more positive portrayal of Donald

Trump (Kamala Harris) by Fox News (CNN). Our goal in this paper is to propose a method to systematically

quantify this form of visual slanting. In particular, we seek to answer the following questions:

1. How can we quantify political polarization in visual content, particularly in the images used in news

articles?

2. What is the extent of visual slant and polarization in mainstream media outlets?

3. How does the polarization in visual content vary across politicians and news outlets?

1A large body of work in visual marketing and eye-tracking data demonstrates the value of visual information (Wedel and
Pieters, 2007; Chandon et al., 2009).
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Figure 1: Examples of 2024 presidential candidates’ portrayal by CNN and Fox News.

We start with a formal definition of a metric or parameter of interest that captures polarization in visual

content. We turn to the very structure of the problem: the editor’s choice of visual content. An ideologically

slanted choice of image intuitively means that a news outlet prefers a more positive (negative) portrayal of

a politician from the same (opposite) ideological side, compared to a neutral news outlet. We construct a

flexible utility framework that models the editor’s choice of images between options that differ only in the

feature of interest. Using a utility framework allows us to compare the utility derived from two images

that are on all aspects except the focal feature (e.g., smile)2 on which the visual polarization is measured.

This comparison enables us to build a polarization measure centered around the focal feature of interest. For

instance, consider two images of Donald Trump that differ only in whether he is smiling. For each outlet, we

can define the difference in the utility from using the image with and without a smile. Intuitively, the greater

the variability in this utility difference across outlets, the higher the level of political polarization in visual

content. To capture this notion of variability for a given pair of news outlets, we define the difference in this

utility difference as the visual polarization measure between any pair of outlets. When one news outlet in

the pair is a neutral outlet, the visual polarization measure reflects how slanted the image choice is by the

other outlet, allowing us to characterize a visual slant measure. Together, we develop a utility framework

that allows us characterize both visual slant and visual polarization.

There are two challenges that we need to address to apply our framework and answer the research

questions above satisfactorily. Our first challenge stems from the richness and high dimensionality of the

visual content. The common approach in the literature is to use an off-the-shelf machine learning model

that extracts a certain feature (e.g., smile in an image) from the image (Peng, 2018; Boxell, 2021). However,

this feature extraction approach relies solely on the selected feature and disregards other information in the

image, which can introduce both omitted variable bias and extraction bias in the analysis (Wei and Malik,

2We focus on smiles to measure visual polarization, given consistent evidence that they convey a more positive portrayal of
politicians (Sülflow and Maurer, 2019). However, the framework readily generalizes to other emotions and visual features.
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2022). We address this challenge by employing a generative approach that creates counterfactual versions of

the same image with and without the feature of interest. This method enables us to retain all the information

in the image and minimizes the degree to which other factors can confound our polarization measure.

The second challenge lies in identifying our polarization parameter from the observed data, which is

defined based on the utility functions of news outlets. This challenge arises because these utility functions

are not directly identified from the data as we only observe the image selected by each outlet, but not the

full choice set available to them. To address this issue, we leverage the variation in image choices across

outlets for similar events (e.g., a specific press hearing), under the assumption that the choice set is nearly

identical for all outlets covering the same event. For instance, for a similar event, both Fox News and

CNN likely have access to almost identical sets of images sourced from common providers such as Getty

Images or Associated Press, which allows us to assess whether one outlet derives greater utility from a

positive portrayal of a politician compared to the other. We then theoretically link the identification of the

polarization parameter to a news outlet prediction problem and develop a multi-modal deep learning model

for this task. The model is designed to capture both the clustering structure in similar events and the subtle

facial features that may reflect outlets’ ideological preferences (if any). Finally, the estimates derived from

this prediction task allow us to measure polarization at any desired level of granularity.

Together, we build a unified framework that combines the economic structure of the problem with gener-

ative models to generate comparable counterfactual images and measure polarization in visual content. Our

framework offers three key advantages compared to traditional regression-based approaches. First, because

it does not incur information loss from feature extraction, it avoids potential confounding issues that can

lead to the misestimation of polarization. Second, it provides granular measures of polarization and slant,

enabling us to quantify the heterogeneity in visual polarization across politicians and news outlets. Third,

and more broadly, our generative strategy extends beyond the study of polarization and can be applied to

other contexts involving visual data.

We apply our framework to a comprehensive dataset comprising over 60,000 images of 30 prominent

politicians from both the Republican and Democratic parties across 20 major news outlets over a 10-year

span from 2011 to 2021. First, we employ a multi-modal deep learning model to predict the outlet of

an image based on its visual information, the textual content of the article, and contextual data about the

politician, year, and other relevant factors. We then employ Generative Adversarial Networks (GANs) to

create sets of counterfactual images for all politicians with and without a smile. Using the model estimated

in the initial step, we measure how the predicted probability of the image belonging to a particular outlet

changes between these counterfactual images. Finally, we connect these differences to our visual slant

measure and quantify the extent of polarization at both the aggregate and individual levels.

Our results suggest that both Democratic- and Republican-leaning outlets ideologically slant their visual

content. Using Reuters as the base neutral news outlet, we find that compared to a neutral image of a Repub-

lican politician, a smiling image increases utility for a Republican-leaning news outlet and decreases utility

for a Democratic-leaning outlet. Conversely, for Democratic politicians, a smiling image generates lower

utility for Republican-leaning outlets and higher utility for Democratic-leaning outlets compared to the neu-

tral image. These results suggest that news outlets exhibit a positive visual slant when covering politicians
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who share their ideological leanings and a negative visual slant when covering those with opposing views.

We perform formal statistical tests and show that the distributions of visual slant are significantly different,

highlighting the divide in their portrayal of politicians from either side.

We examine the heterogeneity of visual slant across news outlets, documenting substantial variation

in how politicians are portrayed. For Democratic politicians, USA Today, The New York Times, and The

Washington Post exhibit strong positive slant, whereas Daily Mail and Fox News show the strongest negative

slant. For Republican politicians, the pattern reverses, with Daily Mail and Newsmax displaying the highest

positive slant, and The Washington Post and CNN the strongest negative. To capture overall outlet-specific

bias, we introduce the Conservative Visual Slant (CVS) measure, which reflects the extent to which an

outlet’s visual content favors Republicans while disadvantaging Democrats. Based on this measure, Daily

Mail, Fox News, and Newsmax rank highest, while The Washington Post, USA Today, and The New York

Times rank lowest. Outlets such as Wall Street Journal, BBC News, and CBS News remain relatively neutral,

showing no systematic partisan bias in their visual coverage.

We also document significant variation in the degree of polarization across individual politicians. To

capture this, we introduce a metric called Overall Visual Polarization (OVP), which quantifies the standard

deviation of a politician’s visual slant measures across media outlets. A higher OVP indicates greater dis-

persion in how different outlets visually present a politician, suggesting a more polarizing figure. On the

Republican side, Donald Trump emerges as the most polarizing figure. That is, the variability in the extent

of ideological slanting is remarkably large, with the Republican-leaning outlets receiving higher utility from

using a positive and smiley portrayal of him compared to Democratic-leaning outlets. On the Democratic

side, we find Barack Obama, Bernie Sanders, and Kamala Harris to be among the most polarizing figures

who are portrayed very differently in Democratic-leaning and Republican-leaning outlets. Joe Manchin and

Susan Collins rank among the least polarizing politicians, reflecting their reputations as moderates within

their respective parties. We also observe low polarization levels for Liz Cheney, whose fallout with Donald

Trump resulted in increased favorability among liberal outlets and decreased favorability among conserva-

tive outlets, contributing to reduced visual polarization.

Lastly, we conduct a series of tests to validate the measures derived from our algorithm. First, we

compare our Conservative Visual Slant (CVS) measure with existing measures of media slant from the prior

literature (Flaxman et al., 2016; Faris et al., 2017) using a series of correlation tests. Second, we compare the

performance of our CVS measure against the visual slant metric proposed by Boxell (2021) and demonstrate

that our measure is more effective at capturing variations in external media slant indicators. Finally, we

validate our Overall Visual Polarization (OVP) measure by showing a strong correlation between OVP scores

and the ideological alignment of a politician’s constituency. Together, these validation tests underscore our

algorithm’s ability to capture media polarization using images used by news outlets.

In summary, our paper makes several contributions to the literature and offers implications for managers.

Methodologically, we propose a framework that combines economic theory with generative models to pro-

vide robust measures of media bias and polarization in visual content. A key innovation of our framework

is the use of Generative Adversarial Networks (GANs) in a way consistent with experimentation to generate

counterfactual images based on a feature of interest, addressing the bias due to information loss present in
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social science studies that utilize image data. As such, our framework is general and applicable to all settings

where researchers seek to quantify polarization on a given feature across a given set of images and outlets.

Notably, we highlight the importance of our framework by demonstrating that regression- or counting-based

approaches cannot adequately capture variation in visual slant. Substantively, our findings reveal the pres-

ence of ideological slant in the visual content used by media outlets. In particular, we document substantial

heterogeneity in visual slant across outlets and visual polarization across politicians. Finally, our work car-

ries practical implications for media firms, political strategists, and campaigners. Media firms can leverage

our framework to fine-tune visual strategies by evaluating demand-side effects, while political strategists

can use it to inform advertising and paid media strategies to better manage the visual narrative disseminated

by campaigns.

2 Related Literature

Our paper relates to the study of political polarization in news media, a phenomenon well documented us-

ing text data. Groseclose and Milyo (2005) quantifies media bias by examining the frequency with which

different media outlets cite various think tanks, uncovering a persistent liberal bias. Similarly, Gentzkow

and Shapiro (2010) investigate the factors driving media slant, highlighting the significant roles of consumer

preferences and political affiliations by analyzing the alignment of newspaper language with political par-

ties. Jensen et al. (2012) study the polarization of political discourse by analyzing records of Congressional

speech and the Google Ngrams corpus, discovering a notable increase in discourse polarization since the

late 1990s. Furthermore, Gentzkow et al. (2019) focus on the linguistic divide in Congressional speeches,

showing how Democrats and Republicans increasingly use distinct vocabularies. While these studies pre-

dominantly focus on textual data, our work focuses on polarization in visual content by examining how

images in news articles contribute to this phenomenon.

More recently, research in this area has expanded from textual to visual content due to advances in

computer vision techniques. Peng (2018) use a two-stage approach with Azure Microsoft to extract facial

expressions from 13,000 images of the 2016 election in the first stage and then analyze them through a

regression model in the second stage, revealing bias toward politicians aligned with a news outlet’s stance.

Boxell (2021) expand this by analyzing 70,000 images across more politicians and outlets. Caprini (2023)

further extend this by generating and analyzing textual descriptions of images alongside news articles us-

ing Azure, applying Gentzkow et al. (2019) to show how the alignment of visual and textual bias amplifies

polarization. Our study advances the research on image polarization in three significant ways. First, we en-

hance the traditional two-stage approach by addressing its inherent biases and issues with omitted variables,

introducing a more robust methodology called Polarization Measurement Using Counterfactual Image Gen-

eration (PMCIG) that uses the rich information in the image content to measure the polarization in visual

content. Second, our method delivers results that are both precise and available at a lower level of granular-

ity, enabling us to quantify polarization at both the news outlet and politician levels. Third, we leverage a

dataset spanning from 2011 to 2021, which allows us to capture long-term trends in political coverage that

earlier studies may have missed.

From a methodological perspective, our work aligns with the growing trend in social science research

that leverages computer vision techniques to analyze unstructured image data. One stream of work uses
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image data to generate descriptive insights on consumers and �rms using novel measurement techniques

and discover human-interpretable characteristics (Dew et al., 2022;?; ?). Another stream of work employs

a two-stage approach and tries to connect image features to economic/marketing outcomes of interest by

�rst extracting features from images to create structured data and then applying statistical analysis to these

features (Davenport, 2017). For example, unstructured data such as video and audio streams have been

analyzed to extract features like facial expressions, which are then linked to user engagement (Lu et al.,

2021). In the online labor market, pro�le pictures have been studied to identify attributes such as perceived

race or attire and assess their effect on job offer likelihood, revealing visual biases in hiring (Troncoso and

Luo, 2022). Similarly, research on social media posts about e-cigarettes has extracted demographic cues

to study tax policy compliance, showing how different groups respond to legislative changes (Anand and

Kadiyali, 2024). We theoretically and empirically demonstrate that this approach has limitations, including

potential information loss, endogeneity issues, and oversimpli�cation due to parametric assumptions.

A growing body of research has begun to address this issue and proposes potential solutions. Wei

and Malik (2022) identify biases in econometric models using machine-learned variables from unstructured

data and propose solutions to improve accuracy. Xu et al. (2024) employ a double ML framework that

integrates representation learning with causal inference to address biases inherent in traditional embedding-

then-inference frameworks. Additionally, Luo and Toubia (2024) employ GANs for Controllable Stimuli

Generation (CSG), enabling precise manipulation of image attributes to isolate causal effects. Similarly,

Li et al. (2024) advances AI-driven product design by integrating consumer preferences from internal data

and external user-generated content into a generative framework, addressing the limitations of traditional

GAN-based approaches. Our method contributes to this literature by proposing a framework that combines

GAN-based image manipulation with non-parametric deep learning models to quantify polarization in an

image feature, holding all other features constant.

3 Setting and Data

3.1 Data Collection Strategy

We collect data on 30 politicians and 20 news outlets over a span of ten years, from 2011 to 2021. The

set of politicians consists of those who ran for important public of�ces and/or held important national roles

during the ten-year span of 2011–2021 and were commonly searched on Google (based on their popularity

on Google searches using Google Trends data). The news outlets used in our study consist of the list of

popular outlets that have been used in earlier studies on media polarization; see Flaxman et al. (2016) for

details. We refer readers to Web Appendix §A.1 for a full list of politicians and outlets.

We use the SerpAPI application for data collection (SerpAPI, 2023). SerpAPI facilitates ef�cient large-

scale image scraping by leveraging Google's image search to extract relevant images and metadata. The

process involves generating search queries based on speci�c criteria, such as targeted news outlets and date

ranges, to extract images, article links, titles, and dates.3 This approach provides a structured, ef�cient, and

reliable interface for large-scale data collection, automating the process while ensuring compliance with

3For each politician-outlet combination, we use a two-year rolling window that advances by one year at a time, resulting in 10
queries spanning a total of 10 years.
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