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Abstract

The relationship between content production and consump-
tion on algorithm-driven platforms like YouTube plays a crit-
ical role in shaping ideological behaviors. While prior work
has largely focused on user behavior and algorithmic rec-
ommendations, the interplay between what is produced and
what gets consumed, and its role in ideological shifts re-
mains understudied. In this paper, we present a longitudi-
nal, mixed-methods analysis combining one year of YouTube
watch history with two waves of ideological surveys from
1,100 U.S. participants. We identify users who exhibited sig-
nificant shifts toward more extreme ideologies and compare
their content consumption and the production patterns of
YouTube channels they engaged with to ideologically sta-
ble users. Our findings show that users who became more
extreme consumed have different consumption habits from
those who do not. This gets amplified by the fact that channels
favored by users with extreme ideologies also have a higher
affinity to produce content with a higher anger, grievance and
other such markers. Lastly, using time series analysis, we ex-
amine whether content producers are the primary drivers of
consumption behavior or merely responding to user demand.

1 Introduction

Platform algorithms have reshaped the relationship be-
tween content creators and audiences. On modern plat-
forms, algorithms are not just responsible for curating con-
tent for their users. They are also responsible for oper-
ationalizing the incentives that govern what content gets
produced (Sandvig et al. 2014). Consequently, the mecha-
nisms through which information is produced and consumed
have undergone a drastic shift over the past decade. For ex-
ample, content creators now rely on favorable perceptions
from the platform’s recommendation and monetization al-
gorithms (Dunna et al. 2022) and thus tinker with their con-
tent to improve its reach, visibility, and engagement. In this
system where engagement is paramount, content consumers
have powers not seen in the traditional media ecosystem:
their direct engagement (or lack thereof) directly influences
the ability of a creator to reach other consumers. As a re-
sult, audience engagement becomes a feedback signal not
just for what the audience enjoy but also for what produc-
ers must create. This is an inversion the producer-consumer
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dynamics that are apparent in the supply-driven traditional
media ecosystems where producers created and controlled
their own narratives without fear of the algorithmic imag-
inary (Schulz 2023) and audiences selected from a small
number of consumption options.

Understanding the modern content producer-consumer
influence relationship is critical for effective platform
governance and understanding how extremist ideologies
propagate. In the context of polarizing or problematic con-
tent, prior empirical research has mostly focused on the be-
haviors of and relationships between algorithms and content
consumers. For example, they have identified the character-
istics of content that algorithms favor (Haroon et al. 2022;
Chandio, Dar, and Nithyanand 2024) and established that
users within these ecosystems exhibit tendencies towards
selective exposure (Habib et al. 2024). However, fully un-
derstanding the modern social media landscape requires us
to investigate a critical, yet empirically understudied, ques-
tion related to the relationship between content producers
and consumers: Do content producers drive extreme ideolo-
gies and narratives to their audiences, or does their need
to maximize engagement and algorithmic favor lead to them
reflecting the ideologies of their audiences? Answering this
question requires us to assess production, consumption, and
behavioral patterns that can clarify the nature and direction
of influence. This is challenging because we currently lack
high-fidelity longitudinal data that can discern whether the
spread of extreme rhetoric and ideologies occurs because of
the supply-side (creators leading the way) or demand-side
(creators reflecting what their audiences wish to consume).
However, without understanding who drives extreme ideolo-
gies we risk creating ineffective governance and intervention
strategies which ignore behavioral dynamics within the me-
dia ecosystem.

This empirical study is a step towards understanding
the producer-consumer influence relationship on social
media. Specifically, this paper examines whether the rise
of algorithm-driven platforms has inverted the traditional
producer-consumer relationship. To do so, we analyze data
gathered from a mixed-methods approach. This data from
1.1K participants within the US include a two-wave sur-
vey, each wave one year apart, of their attitudes towards
five hot-button sociopolitical issues (race, vaccines, immi-
gration, and abortion) and their YouTube watch histories



over that duration. We leverage this data to investigate three
research questions.

* RQI. What are the measurably different markers of con-
tent consumed by individuals who became more ideologi-
cally extreme compared to those who did not? (Section 3)
We use the survey to identify individuals who demon-
strated a significant shift towards more extreme opinions
on at least one issue and assess if and how their con-
tent consumption habits differ from those that did not.
We find that users who became more ideologically ex-
treme over the period of our study consumed content that
generally exhibited substantially higher levels of anger
and grievance.

* RQ2. What distinguishes content that is associated with
increasing extremism? (Section 4) Here, we shift our fo-
cus to analyzing the characteristics of the content pro-
duced by YouTube channels that were disproportion-
ately popular among each of our user groups (i.e., those
that did and did not experience a significant shift to-
wards more extreme ideologies). We analyze if and how
the markers varied within similar types of content (e.g.,
news) that had the largest affinity with each group. We
find that channels with high affinity to users who became
more extreme consistently produced content with sig-
nificantly higher levels of anger, power, negativity, and
grievance. The most pronounced difference was in anger
(+39.8%), suggesting that these users were embedded in
a distinct media ecosystem.

* RQ3. What is the direction of the influence relationship
between the content that is being produced and the con-
tent that is being consumed? (Section 5) Here, we model
the temporal dynamics between content supply (pro-
duced content) and demand (broader audience consump-
tion behaviors) to determine whether the ecosystem is
supply-driven (producers influencing users) or demand-
driven (users influencing producers). We find that con-
tent production remains the dominant force shaping con-
sumption behavior. Further, anger exhibits a bidirectional
relationship in the extreme group, indicating that con-
sumers are also influencing production choices.

2 Data and Methods

At a high-level, our goal is to understand whether extreme
ideological shifts among users can be explained by the con-
tent that they chose to consume or the content that was pro-
duced for them. To this end, we develop datasets and meth-
ods suitable for characterizing users as having undergone an
extreme ideological shift and for extracting features from
videos (that they consumed or were produced for them). In
this section, we describe the data and methods. We begin
by outlining our two-wave survey used to classify users as
having extreme or neutral ideological shifts (Section 2.1).
Next, we describe the characteristics of the consumption his-
tory behavioral data from users in our extreme and neutral
groups and detail our approach for extracting features from
YouTube videos (Section 2.2). We provide details about how
these features were used to answer each of our research
questions in their respective sections.
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2.1 Survey-based Categorization of Participants

Participant demographics and survey overview. We
fielded a two-wave survey of 1,100 US adults recruited via
YouGov’s Pulse panel (YouGov 2024). Participants were
screened for minimum engagement with current events (they
reported following the news at least “sometimes”). The de-
mographic characteristics (age, race, education, religious-
ness, and income) and political affinity of this population
reflected the demographics of the US voting population. The
first wave of the survey was fielded in August 2021 and the
second wave in August 2022. Each wave measured beliefs
and attitudes across five sensitive sociopolitical issues: race,
abortion, immigration, vaccines, and climate change.

Identifying participants with shifts towards extremism.
To quantify ideological extremity, we adapted a behavioral
radicalism scale based on prior work by Moskalenko and
McCauley (2008). For each issue, participants rated their
agreement (on a seven-point Likert scale) with four state-
ments expressing willingness to support violent or illegal ac-
tions aligned with their own views and beliefs. For example,
the abortion scale included the items: “I would support an
organization that fights for my beliefs about abortion even if
it sometimes breaks the law” and “I would continue to sup-
port an organization that fights for my beliefs about abor-
tion even if they sometimes resort to violence”. For each
wave and for each issue, these items were used to create
a composite (average) score associated with a participants
tendency towards extremism. Each participant in our survey
was randomly assigned two of the five issues and these as-
signed issues were consistent for both waves. To identify
whether a participant developed more extreme ideologies
about the issues they were assigned, we calculated the dif-
ference in their composite scores between the two waves for
each issue, and then selected the maximum change across
those issues for use in our analysis'. This ensures that par-
ticipants are classified based on the most substantial ideo-
logical shift they experienced, rather than averaging or di-
luting shifts across multiple issues (read Appendix A.2 for
issue-specific shifts in attitudes). On average, our partici-
pants demonstrated a marginal shift towards extremism be-
tween the two surveys. The mean (1) and standard deviation
(o) of this shift were 0.47 and 0.98, respectively. Figure 1
shows how these shifts were distributed. Participants whose
highest composite score difference was more than one stan-
dard deviation above the population mean (i.e., > p + o)
taken across all issues were classified as having undergone a
substantial ideological shift, and labeled as more extreme.
158 (14.4%) of our participants were assigned this label.
Those who had a shift that was within one standard devi-
ation of the population mean (i.e., within [y — o, p + o])
were classified as unchanged. 855 (77.8%) of our partici-
pants were assigned this label.

"While we observe shifts across multiple issues, our sample size
is not sufficient to statistically analyze content-issue alignment at
the per-issue level.
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Figure 1: Distribution of maximum shifts in ideological atti-
tudes and beliefs between the two waves.

2.2 YouTube Consumption and Feature
Extraction

YouTube video consumption data. In parallel with our
survey, we obtained one year of YouTube video consump-
tion history for all participants over the duration between
the two survey waves. This was obtained via YouGov’s pas-
sive tracking infrastructure. Participants could temporarily
disable tracking at will; since these events are not marked,
we conservatively excluded users who were found to have
watched fewer than 50 videos, after filtering for ads. In to-
tal, this left us with 52 participants with the more extreme
label and 286 participants with the unchanged label. These
users and their consumption histories serve the basis for the
analysis and results presented in the remainder of this paper.
We refer to the 52 more extreme participants as G.,; and the
286 unchanged participants as G, . In total, these partic-
ipants consumed 617K videos from 56.6K unique channels
with participants in G.,; consuming 75K videos (u: 1447
videos/participant) from 14.9K unique channels and those
in Gpe,, consuming 541K videos (u: 1894 videos/partici-
pant) from 46.9K unique channels. Although both groups
had a small number of users who exhibited disproportion-
ately high viewing volumes, we ensure in our analysis that
each user is weighted equally to ensure that these outliers do
not skew our findings. An examination of the categories of
these videos showed that three categories (People & Blogs,
News & Politics, and Entertainment) accounted for nearly
half of the total viewing for each group. We also observed
that both groups had different watch interests. For example,
Gezt participants were found to consume more content in
the Gaming, Science & Technology, and Vehicles categories,
while G, participants were found to consume more con-
tent in the Comedy, Music, and Movies categories.

Video feature extraction. To analyze content-level trends
that might be associated with extremism-related attitudes,
we extracted linguistic markers from the videos consumed
by participants. For each video analyzed in this project,
we used the YouTube API to download the title, channel,
and transcript. After standard pre-processing (lower-casing,
removing stop words, and lemmatization), we applied the
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extremism-related feature extractors adapted from Habib et
al. (2022), representing the the language of the video (title
+ transcript) as a 6-dimensional feature vector. These meth-
ods draw from behavioral threat assessment frameworks in
psychology and criminology (Meloy 2018; Elaine Pressman
and Flockton 2012; Lloyd 2019; Cole et al. 2010) to detect
language associated with ‘warning behaviors’ of extrem-
ism. These warning behaviors include grievance (the feel-
ing of injustice, unfair treatment, and frustration over suf-
fering), power (the need for having impact, control, and in-
fluence over others), anger, negative outlook or sentiment,
and in-/out-group identification?. Using their approaches for
measuring these traits, we created a feature vector (F; =
(fi1,...,xie)) for each video (v;). Here, each feature f;;
represents a measure of the prevalence of language within
the video ¢ that can be associated with the trait j.

2.3 Ethical Considerations

This study and its associated data collection procedures were
approved by our Institution Review Board. All participants
consented to the terms of this research. Consent and com-
pensation were managed by YouGov, our data collection
partner for this project. Participants were allowed to turn
off monitoring their online activities through the Pulse ex-
tension and app. We only received anonymized behavioral
and survey data from YouGov, with no identifiers that could
be used to link the data back to their creators. To miti-
gate the privacy risks of study participants, we do not plan
to make our data publicly available. Metadata of YouTube
videos gathered as part of this study were obtained using the
YouTube API while respecting their API rate limits.

3 Characterizing Consumption Behaviors

In this section, we focus on understanding whether individ-
uals who developed more extreme ideological views over
the course of the study consumed content with different lin-
guistic characteristics compared to individuals whose views
remained stable. Specifically, RQI. What are the measur-
ably different markers of content consumed by individuals
who became more ideologically extreme compared to those
who did not? This question is motivated by the need to em-
pirically evaluate whether these individuals (in G.,; ) were
immersed in informational environments that differed from
others (in G,,.,, ). We first describe the methods related to
this specific investigation (Section 3.1) and then describe our
findings (Section 3.2).

3.1 Methods

We approach this research question in two parts. First, we
compare aggregate consumption behaviors across the two
groups (Gney and Ge,t ). Second, we examine how each
group’s consumption behaviors changed over the course of
our study.

% Anger, fixation, in-group/out-group, and power are based on
LIWC dictionary (Pennebaker et al. 2015). Grievance is measured
using the Grievance Dictionary (van der Vegt et al. 2021). Sen-
timent is computed using the VADER sentiment analyzer (Hutto
and Gilbert 2014).



Comparing consumption behaviors. We performed three
comparisons of features in consumed content: (1) G,,¢,, With
Geqt over the entire year; (2) G,,¢, during each pair of se-
quential quarters (€.g., Gney Q1 VS. Grew Q2); and (3) Geut
during each pair of sequential quarters. The first comparison
allows us to understand aggregate differences between the
two groups over the period of the entire year, while the last
two comparisons shed light on how consumption behaviors
of each group evolved over time.

Creating and comparing distributions of extremism
markers. For each group Gy, within a comparison, we create
a boolean-valued matrix M such that M;; indicates whether
the user u; in the group consumed video v;. Then, to com-
pare consumption behavior between G,,.,, and G, , we use
a bootstrapped sampling method that ensures equal repre-
sentation of users regardless of their overall watch volume.
We do this to mitigate the influence of the heavy-volume
outliers described earlier. Specifically, for each group (G,ex,
and G, ), we repeat the following process 10K times: First,
we randomly select a row ¢ from M. This row is associated
with the watch history of the user ;. Next, we randomly se-
lect a j such that M;; = 1. This effectively selects one video
(v;) that was consumed by ;. Finally, we associate the fea-
ture vector F; with the group. At the end of this process,
each group is associated with a collection of 100K feature
vectors that reflect the content consumed by the users (and
time periods) that they represent, without over-representing
the consumption habits of our outliers. This collection gen-
erates an empirical distribution of warning behavior marker
values for each group. Put differently, they are the distri-
bution of the prevalence of an extremism-related linguistic
trait seen within the content that group members consumed.
Then, to compare the differences in the prevalence of a spe-
cific marker between G,,c,, and G.,; , we use a two-sample
t-test and report the difference in their means.

3.2 Results

To evaluate whether users who developed more extreme
views consumed distinct types of content compared to those
whose views remained stable, we analyzed both baseline dif-
ferences and temporal changes in linguistic markers across
the two groups. Our results are summarized in Table 1.
Group-level differences. At baseline, our G, participants
exhibited statistically significantly higher exposure to sev-
eral key markers than their G,., counterparts during the
year-long period of the study. Specifically, exposure to con-
tent exhibiting linguistic markers of ‘Anger’ and ‘Grievance’
were 6.8% and 13% higher, respectively, and their exposure
to out-group identification markers was 5.8% lower. These
statistically significant differences suggest that participants
whose views were becoming more extreme were inhibiting
more extreme content environments and that there is likely
a positive association between these consumption behav-
iors and the development of their ideologies. Other mark-
ers (power, sentiment, and in-group identification) only had
marginal differences (ranging from 0% to +1.8%) and thus
harder to meaningfully interpret.

Within-group differences. For both groups, examining
consumption trends and differences over time provided ad-
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Marker  Aucross

within within

Q2-QI Q3-Q2 Q4-Q3|Q2-Q1 Q3-Q2 Q4-Q3
Anger 68" 09" 205 -85 |-17.0° 59" -17.3"
Griev. 13.0° —4.1° 00 54" [-125° -17" -13.1°
Power 0.6 54" 127" -143"| -6.1" 20" 55
Neg. 1.8° 21" 13 02" | 45 04 02"
In-group 0.0 27" -148" -—2.8" |-253" 37" -11.3"
Out-group -5.8" —17.1° 133" 373" | -32° 222" 446

Table 1: Percentage differences in exposure to linguistic
markers. Aycross Shows the difference between G.p; and G,eq
users over the year (Gezt - Gnew ). Awithin Shows the marginal
percentage differences within G,,¢,, and G, groups from
one quarter to the next. Asterisks denote p < 0.05.

ditional insights into the behaviors of G.,; and G, par-
ticipants. We observed significant within-group shifts over
time in the prevalence of several content markers, with diver-
gent trajectories between the G,,¢,, and G.,+ groups. For the
anger and grievance markers, although G, ., had a far higher
baseline than G, , they also showed a declining trend in
exposure throughout the year. Specifically, comparing con-
sumption during Q4 with Q1, the prevalence of anger and
grievance dropped by 31% and 20%, respectively. In con-
trast, G, showed an increasing in these same markers over
time (anger rose by 11% and grievance by 1%), although
they remained consistently below the G.,; group through-
out the year. For the sentiment and out-group markers, both
groups saw increasing trends throughout the year, although
the increases were more drastic for G, . Both groups also
exhibited similar increases in the power markers with largely
parallel trends over time.

Takeaways. All together, our results show that users who
became more ideologically extreme over the period of our
study consumed content that generally exhibited substan-
tially higher levels of anger and grievance while all other
differences were marginal. Examining within-group trends,
it appears that the events occurring around Q3 of the study
period were associated with sharp increases in consumption
markers for participants in both groups with higher impact
on participants in Gy, -

4 Characterizing Production Trends

We now turn our attention to understanding content produc-
tion trends. Specifically, we ask: RQ2. What are the distin-
guishing markers of content produced by channels that had
high affinity with users who developed more extreme ideo-
logical views? This question is motivated by the need to de-
termine whether the differences observed in user consump-
tion (RQI) reflect broader differences in the content pro-
duced for those users. Put differently, we ask whether users
are actively selecting videos with specific markers or if con-
tent with these markers are being produced for and dispro-
portionately reaching different groups.
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Figure 2: This figure shows the temporal evolution of daily averaged anger scores for G.,; and G, over the year. The blue
lines divide the timeline into four distinct quartiles. Read Appendix A.3 in the Appendix for more detail on how the topic

summaries for each quartile were computed.

4.1 Methods

Similar to our analysis of consumption trends, we first com-
pare aggregate production trends for channels with high
affinity to each group with each other and then examine how
producers within each group evolved over the study period.
Measuring channel affinity. To understand production
trends that may be associated with increasing markers of
extremism, we first needed to identify channels that have a
high affinity with the G.,; group — i.e., channels that were
highly preferred by the viewers from extreme group. Ac-
cordingly, we defined a viewing intensity measure (), an
expected intensity measure (), and a channel affinity mea-
sure («v) for each group and for each channel with at least ten
unique viewers in our dataset. The viewing intensity reflects
the average number of views per group member. This rela-
tionship reflected in the equation below. We denote a single
channel by c and set of all channels by C.

# views received by ¢ from G

"~ # members in G who watched ¢

v(c, 9) ey

The expected intensity defines the expected number of
views per channel of the group, i.e.,

> ccc (# views received by c from G)

B(G) = ()

> _ccc (# members in G who watched c)
Then, the channel affinity measure reflects the ratio of the

observed viewing intensity from the expected viewing inten-

sity — i.e.,

(¢, 9)

(9 = g

3
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This channel affinity measure captures the degree to
which a given channel is skewed towards consumers from
G. When a(c,G) = 1, it indicates that the observed view-
ing behavior for channel ¢ among our G participants did not
differ from the expected behavior. When a(c, G) > 1, it in-
dicates that members of G had a higher number of views
per user than expected. Thus, higher values of o denote a
channel’s greater affinity towards the group G. We use «(c,
Gezt ) > 1.5 as the threshold for identifying channels with
high affinity towards the G.,: and a(c, Ge,+ ) < 1 for low
affinity channels. We refer to the set of channels that meet
these thresholds as Cp;gn and Cioy , respectively. In total,
Chign contained 34 unique channels and Cj,,, contained 203
unique channels.

Identifying production trends. For each channel in Cj;gp,
and Cj,,, , we used the YouTube API to obtain titles, de-
scriptions, and transcripts of all videos produced during the
study period. This yielded 142K and 334K videos produced
by channels in Cj;4p, and Cjo,, , respectively. Next, for each
group C, we created a list L such that L; contained the mean
of all the markers of videos produced by the channels of C
on the i*" day. Then, to compare production trends between
Chign and Cjo,, , we used a bootstrapped sampling approach
(10K repetitions) on the list L belonging to each C. This
bootstrapped sample of productions from Cpigp and Cioy
provides us with an empirical distribution of the prevalence
of warning behavior markers observed among content cre-
ated by channels with disproportionately high or low affin-
ity towards participants in G.,; . To compare the differences
in the prevalence of specific markers in content produced by
Chign and Cioyy , We use a two-sample t-test and report the



Marker Aacross A%m A\?v;?}i:gnh
Q2-Q1 Q3-Q2 Q4-Q3|Q2-Q1 Q3-Q2 Q4-Q3
Anger 30.8" 45 49.1° -182°| -7.6 709" -14.0"
Griev. 65 24 33 001| 06 31 -08
Power 13.7° 45 09 29 | 76 34 27
Neg. 755 377 01 10 | -14"° 41" -0.1
In-group 9.5 7.3 28 -354| -1.8 52 7.6
Out-group 22.0 -12.7 428 -36.7| 392 5.1 =214

Table 2: Percentage differences in production of content
with markers of extremism. A, .0 Shows the difference be-
tween Chign and Cyo,, channels over the year (Chign - Ciow
). Ayitmin Shows the marginal percentage differences within
Ciow and Cp;gp, groups from one quarter to the next. Aster-
isks denote p < 0.05.

differences in their means.

4.2 Results

Similar to our analysis of consumption behaviors, we ana-
lyzed both baseline differences and temporal changes in lin-
guistic markers for channels in Cp;iq4p, and Cioy . Our results
are summarized in Table 2.

Group-level differences. Overall, channels with high affin-
ity to G+ participants produced content with significantly
higher levels of multiple extremism-related markers com-
pared to channels with affinity towards G, participants.
The most pronounced statistically significant differences
were seen in anger (+39.8%), power (+13.7%), negative sen-
timent (+7.5%), and grievance (+6.5%). These findings sug-
gest that the media environment available to G.,; users were
not only shaped by user preferences but also by a unique
production ecosystem that emphasized emotionally charged
narratives more frequently than the ecosystem around Gy,
participants.

Within-group differences. Although the temporal dynam-
ics within groups are harder to interpret than the cross—
group differences, several trends in Table 2 are notable.
Most prominently, anger shows the largest increase for both
groups during Q3 (49.1% for Coy, and 70.9% for Chigp ),
followed by sharp declines in Q4 (-18.2% and -14.0%). We
find that most markers rise in the middle of the year and fall
back by the end. Anger, grievance, power, negative senti-
ment each show overall increase between Q4 and Q1, sug-
gesting an upward trajectory in radical markers that points
to a gradual intensification of radical tone within produc-
tion. This channel composition helps explain the rise and
drop, especially during Q3. Channels in Cp;q4, were pre-
dominantly news channels® (70%) from across the politi-
cal spectrum, including The Ben Shapiro Show, MSNBC,
FOX, and CNN. In contrast, C;,,, featured a relatively greater
number of entertainment channels, such as Fail Army and
The Kelly Clarkson Show, with fewer news channels (34%).
The language used in covering news events contributes to
these fluctuations, reflecting the more reactive and emotion-

3We are referring to YouTube’s News & Politics category.
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ally charged narratives commonly found in political con-
tent. Taken together, these within—group patterns suggest
that while both groups respond to common temporal shocks,
Chign channels are more reactive and more synchronized
in their surges, especially in Q3. This clustering of anger,
power, and grievance within Cp;g, underscores a more co-
ordinated and volatile production environment compared to
the diffuse and uneven changes within C;,,,, .

Takeaways. Although, Cj;4, produced content that con-
sistently exhibited higher levels of anger, power, negativity,
and grievance markers, both Cp;gp, and Cjo,, showed similar
increasing and decreasing trends throughout the year. The
fluctuations in production patterns are mirrored, and likely
intertwined with, the consumption patterns observed in Sec-
tion 3. Taken together, these results support a production-
side explanation for at least part of the differences in user
consumption behaviors and suggest that content with higher
rates of extremism-related markers were both consumed and
produced differently.

Contextualizing our findings. We observe that production
is episodic in nature with extreme highs and lows between
quartiles (especially for anger in Q3). Whereas consump-
tion is not as volatile. It shows a stable increase or decrease
(within 20%) for most markers. These findings gain addi-
tional significance when considered in relation to the so-
ciopolitical context of the study period (July 2021-August
2022). Figure 2 and Figure 3 shows the evolution of anger
scores (averaged weekly) across the year with summaries
of the top topics derived from both the consumption and
production trends. The early part of the study coincided
with the delta wave of Covid-19 (CDC 2024), vaccine man-
date controversies (Bardosh et al. 2022), multiple state-level
bans on abortion (Spitzer and Ellmann 2021; McCann and
Walker 2022), and the January 6th Capitol riot hearings
(Govlnfo 2022). In contrast, the second half of our study pe-
riod which saw a universal increase of power and negative
sentiment markers included coverage of the Russian inva-
sion of Ukraine (Walker 2023) and the accompanying sharp
increase in inflation and economic instability. A major dif-
ference in the production and consumption patterns was that
fundamentally, the production channels’ dominant themes
were political and highly charged, with minor entries of en-
tertainment—mostly satire. Whereas consumers, in addition
to watching the political topics, showed a much better spread
of entertainment. We saw topics such as music, cooking, re-
ligion etc. in all the quartiles resulting in less reactive peaks
(as shown by the normalized anger scores) when compared
to producers.

5 Production and Consumption Dynamics

In this section, we investigate whether trends in content con-
sumption influence trends in content production, or vice
versa. Specifically, we ask RQ3. What is the direction of
the influence relationship between the content that is be-
ing produced and the content that is being consumed? This
question is motivated by the need to assess whether produc-
ers shape public discourse by introducing new content, or
whether consumer demand drives the nature of content be-
ing created over time. We first describe the methods used for
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Figure 3: This figure shows the temporal evolution of daily averaged anger scores for Cpigs and Cjoy, over the year. The blue
lines divide the timeline into four distinct quartiles. Read Appendix A.3 in the Appendix for more detail on how the topic

summaries for each quartile were computed.

this analysis (Section 5.1) and then present our findings.

5.1 Methods

We analyze four daily-aggregated time series: radical pro-
duction (channels with a(c, Gexe) > 1.5, see Eq. (3)), rad-
ical consumption (users in Gey), neutral production (chan-
nels with (¢, Gpey) > 1.5), and neutral consumption (users
in Gyey). We aim to understand whether production behavior
is shaped by prior consumption patterns, or whether con-
tent consumption simply follows what is being produced.
To avoid artificially inflating the correlation between pro-
duction and consumption, we excluded from the production
time series any videos that were also present in the consump-
tion time series.

Predicting influence. @ To assess the influence be-
tween content production and consumption, we employed
Granger causality analysis (Seabold and Perktold 2010), a
regression-based method that evaluates whether past val-
ues of one time series (e.g., production) improve the pre-
diction of another (e.g., consumption), beyond what can be
predicted from its own history. Specifically, we compared
two linear regression models: a restricted model using only
lagged values of the dependent series (e.g., consumption),
and an unrestricted model that adds lagged values of the in-
dependent series (e.g., production). If the unrestricted model
significantly reduces prediction error, as measured by the
residual sum of squares, we compute an F-statistic to quan-
tify this improvement. A significant F-score indicates that
the additional predictors contribute meaningful information,
suggesting that the independent time series Granger-causes
the dependent one. This approach allows us to detect tempo-
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ral precedence in the relationship, identifying whether pro-
ducers are shaping consumer behavior or responding to it.
Measuring directionality. We assess the directionality of
influence between content consumption and content produc-
tion by conducting two separate Granger causality tests: one
testing whether past values of consumption can predict fu-
ture production trends (consumption — production), and the
other testing the reverse (production — consumption) for
both G,,¢er, and G, . If only one of these directions yields
a statistically significant result, it suggests a unidirectional
influence—i.e., one process (either consumption or produc-
tion) provides predictive information about the future trajec-
tory of the other, while not being influenced in return. Con-
versely, if both directions show statistically significant pre-
dictive relationships, this implies the presence of a feedback
loop between the two series.

5.2 Results

The results for granger causality analysis are shown in ta-
ble 3. We discuss these results to evaluate which group (pro-
ducers or consumers) is influencing the other more.

Production — Consumption. This analysis investigates
whether linguistic properties of produced content can help
predict the properties of the consumed content. In the
Gext group, we observe significant result for anger (lag=3,
F=3.2), power (lag=5, F=2.8), and out-group (lag=5, F=3.8).
The high predictive capability in the production trend is in-
dicative of an influence that producers have over consump-
tion patterns especially for the content where the aforemen-
tioned features are involved. It is also interesting to note that
in all the P— C of G, , anger has the shortest lag (3 days),



Extreme Neutral

Marker

P—C Lag C—P Lag|P—C Lag C—P Lag
Anger 320 3 338 3 | 132 4 081 4
Griev. 1.63 1 208 1 1.78 4 151 4
Power 277 5 092 5 | 162 3 074 3
Neg. 049 3 025 3 |09 5 258* 5
In-group 189 2 178 3 064 5 010 5
Out-group 3.79%* 5 1.02 4 | 008 5 322*% 5

Table 3: The P—C and C—P columns show the F statistic
for the SSR-based F-test in the Granger causality analysis,
with the lag corresponding to the specification that yielded
the lowest p-value among those reported. Asterisks denote
p < 0.05.

implying that the consumers react to it faster than other
markers. In comparison, the response to content highlight-
ing power dynamics or out-group cues is slightly delayed (5
days). Multiple markers show a significant P— C relation-
ship within G.,; group but not in G, . This suggests that
the types of production strategies that successfully drive au-
dience engagement differ between the two groups, where the
audience might be as responsive of the radical markers in the
Gt but not as much in the G,y -

Consumption — Production. This analysis tests whether
consumption patterns influence what gets produced, a no-
tion aligned with feedback loops where producers respond
to audience preferences or demand. The only significant re-
sult for C— P analysis in G, is for anger (lag=3, F=3.2).
This implies that when users consume more anger-laden
content, future production of such content increases, mak-
ing consumers the driving force of such content. Notably,
anger has the shortest lag across all comparisons in both
groups, suggesting a faster and possibly more reactive pro-
duction trend that closely tracks user interest. In contrast,
the longer lag for G,., implies either slower adaptation
by producers or weaker pressure from consumers to shape
content in response to consumption. For G, , negative
sentiment (lag=5, F=2.6) and out-group references (lag=5,
F=3.2) show significant C— P relationships. These results
suggest that when neutral audiences consume more neg-
atively valenced or out-group—focused content, producers
subsequently increase the supply of such material. The
longer lag lengths, however, imply a slower feedback cy-
cle relative to anger in G, , pointing to a more gradual and
possibly less intense process of adjustment. Interestingly,
anger is the only marker in G.,; where we observe a bidirec-
tional relation between production and consumption. In such
cases, producers appear to respond to the nature of user con-
sumption, and consumers, in turn, adapt to the newly pro-
duced content. This mutual influence indicates a dynamic
co-evolution, where production and consumption reinforce
each other over time, potentially accelerating the spread or
reinforcement of specific content types.

Takeaways. Our findings reveal that content production
remains the dominant force shaping consumption behavior
in G, , with stronger evidence for P— C effects. Specifi-
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cally, anger, power, and out-group show significant links in
the P— C direction, indicating that when producers empha-
size these markers, audiences subsequently consume more
of them. By contrast, in the C— P direction, G, display
more significant markers than G, , with negative sentiment
and out-group both exerting influence on production. This
suggests that in neutral ecosystems, consumer demand is a
primary driver of what gets produced, particularly for neg-
ative and boundary-defining content. Notably, anger is the
only marker exhibiting a bidirectional relationship in G, ,
consistent with a feedback loop in which angry content at-
tracts further consumption, which in turn fuels more produc-
tion. This reciprocal dynamic underscores anger’s central
role in sustaining radical content flows, while other mark-
ers tend to operate more unidirectionally depending on the
group context.

6 Discussion

Consumption and production asymmetries are associ-
ated with ideological drift. Across our research ques-
tions, we observed asymmetries in the consumption, pro-
duction, and reinforcement of content containing markers
of extremism. On the consumer side, we found that partic-
ipants who became more ideologically extreme were more
strongly immersed in content containing markers of anger
and grievance. At the same time, even ideologically sta-
ble participants experienced similar consumption trends, al-
beit with lower magnitudes, over the course of a year rife
with polarizing and sensitive sociopolitical issues at the fore-
front. These asymmetries also extended to the production
side. Here, channels with high affinity to our extreme group
produced content (besides the content that was already con-
sumed by our participants) with consistently higher levels
of anger, power, and grievance. This suggests that consump-
tion choices within our groups are not just because of user
preferences and selection biases, but also targeted produc-
tion where producers are shaping and reinforcing informa-
tion ecosystems.

Audience capture is asymmetric. Our Granger temporal
analysis shows that in most cases, changes in production
trends among high affinity creators precede changes in con-
sumption behaviors, suggesting that audiences are respond-
ing to already created information environments rather than
shaping them. However, for the anger marker, we find a bidi-
rectional influence between production and consumption in-
dicating a feedback loop between producers and consumers.
In the specific case of the anger marker, we find that users
appear to have a stronger influence on their creators than the
inverse. This dynamic aligns with audience capture where
production is shaped to meet audience demands. This dy-
namic is not observed with other markers or with the ideo-
logically stable users in a meaningfully significant way.
Markers of extremism in production and consumption
are strongly associated with real-world events. On exam-
ination of the timeseries and content associated with each
marker, we found increases to be strongly aligned with ma-
jor events that occurred during our study. Notably, peaks in
anger and grievance in consumption behaviors and produc-
tion patterns, for both groups of participants, occurred at the



height of the Russian invasion of Ukraine and increasing in-
flation in the US. These findings suggest that media ecosys-
tems are responsive to the political climate within which
they exist.

Limitations Like all research, our work is not without limi-
tations. First, despite consisting of over 1.1K users who were
demographically representative of the US voting population,
our study is subject to the standard limitations of panel sub-
ject participation: selective participation, attrition, and in-
consistent tracking. To mitigate the effects of these limita-
tions, we used strict filtering criteria and only included par-
ticipants with consistently high engagement (based on daily
activity recorded) throughout the study period in our data
analysis. However, it is still possible that our data are in-
complete — e.g., if users only enabled tracking on one of
their devices or turned off tracking during specific media
consumption. Second, our analysis does not take into ac-
count participants’ engagement with other platforms or me-
dia modalities outside of YouTube. As such, we cannot fully
account for the influence of cross-platform content exposure
(e.g., Facebook, TikTok, news sites), which may also shape
ideological attitudes. Further, our analysis was entirely re-
liant on text analysis and ignored the potential for visual
markers that may be present in videos. We utilize dictionary-
based linguistic markers to ensure methodological trans-
parency required for understanding the media ecosystem.
Although transformer-based approaches might yield higher
predictive accuracy, they do not offer the same interpretabil-
ity needed to identify specific linguistic patterns in media
discourse. Our timeseries Granger analysis can only offer
insights into temporal influence relationships and do not es-
tablish causality. However, to ensure that our inferred influ-
ence relationships were robust, we took specific measures
to prevent data pollution in our timeseries — e.g., we re-
moved all videos from associated with our Cp;gp and Cioq,
channels from users’ watch histories prior to measuring in-
fluence. Finally, our analyses focused exclusively on partic-
ipants who became more extreme over the study period. We
did not examine users who became less extreme, though do-
ing so would provide an important point of comparison and
help clarify whether the dynamics we identify are unique to
ideological escalation or reflect broader processes of attitu-
dinal change. Future work should explicitly investigate these
de-escalation trajectories.

7 Related Work

Our analysis engages with and builds upon two intersecting
research domains: online extremism and media effects. In
this section, we describe prior work in these domains and
place our findings in context.

Online extremism and radicalization. Research to illu-
minate the process of radicalization through social media
use has drawn significant attention over the past few years.
This prior work, from a number of disciplines, has pro-
vided an important foundation for understanding how ex-
treme ideologies emerge online by showing how social me-
dia increases exposure to extreme content, facilitate entry
into fringe communities, and normalize hatred and violence.
Much of the early research related to online radicalization
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focused on identifying radicals online in order to study
their behaviors (Cohen et al. 2014; Grover and Mark 2019).
Among the earliest to consider the role of platforms in rad-
icalization, Tufekci (Tufekci 2018) proposed the idea that
YouTube’s recommendation system promoted increasingly
extreme content to maximize user engagement. This idea
gained further traction following an investigation by Roose
(Roose 2019) which tracked one user’s drift into the alt-
right through YouTube content. These anecdata were con-
firmed by Ribeiro et al. (Ribeiro et al. 2020) who, through
a large-scale audit of the YouTube recommendation algo-
rithm, showed how users could find themselves on path-
ways to extremist content through algorithmic recommen-
dations. Others have expanded this narrative by consider-
ing community-level and cross-platform dynamics (Habib,
Srinivasan, and Nithyanand 2022; Habib et al. 2019; Cinelli
et al. 2021), and algorithmic amplification effects (Huszar
et al. 2022; Chitra and Musco 2020). Ledwich and Zait-
sev (2019) found that YouTube’s algorithm tended to fa-
vor mainstream media content over radical or fringe con-
tent, suggesting a decline in “rabbit hole” effects. Hossein-
mardi et al. (2024) go further to estimate the causal impact
of YouTube’s recommender system using a novel “coun-
terfactual bots” method, which mimic real-user behavior
to explore recommendations. Their work challenges ear-
lier claims of algorithmic radicalization, instead highlight-
ing user preference as the dominant force in shaping content
exposure post-2019. Similarly in another experiment, Hos-
seinmardi et al. (2021) used large-scale browsing data and
showed that most viewers of extreme content found such
videos via direct navigation or external links, rather than rec-
ommendations. Chen et al. (2023) build on these findings by
pairing behavioral data with survey responses and showing
that exposure to alternative and extremist content is concen-
trated among users with pre-existing high levels of gender or
racial resentment. They emphasize the role of subscriptions
and external referrers (as opposed to the algorithm) as the
dominant pathways to extreme content. Ribeiro et al. (2023)
introduce the concept of the “amplification paradox”, where
algorithmic audits suggest that recommender systems pro-
mote extreme content, but real-world data shows that users
rarely consume it unless it aligns with their preferences.
This challenges simplistic notions of algorithmic radicaliza-
tion by emphasizing the central role of user agency and de-
mand, aligning with a broader supply-and-demand view of
online extremism (2022). A complementary perspective is
offered by Lewis (2018) in The Alternative Influence Net-
work, which maps a web of ideological influencers who col-
laborate and cross-promote within the YouTube ecosystem,
normalizing radical viewpoints through parasocial relation-
ships and reactionary commentary. Our research extends
and differs from this literature in two important ways. First,
by considering the behavioral data of participants that do ex-
hibit increased tendencies towards more extreme ideologies,
our findings avoid the representational limitations of sock
puppets or online pseudonymous identities. Further, we ex-
amine extremism as a process that is influenced by the con-
sumption behaviors (demand) and production patterns (sup-
ply) that are incentivized by platforms. In doing so, we are



able to show that extremism is not just algorithmically deliv-
ered but shaped by an asymmetric information ecosystem.

Media effects. Media effects research has long examined
how content shapes public opinion, individual behaviors,
and ideologies. Early work on the subject argued that media
informs and structures what people think and how they think
about it (Scheufele and Tewksbury 2007; McCombs and
Reynolds 2002). This concept has been empirically demon-
strated in several more recent studies. By combining digital
histories with self-reports, Guess et al. (Guess, Nyhan, and
Reifler 2018) demonstrated a relationship between political
media consumption and belief systems. Bail et al. (Bail et al.
2018) extended this work through a controlled experiment
which showed that the dynamics between media diets and
ideology formation were not straightforward. They experi-
mentally evaluated the effects of media diet on political po-
larization and demonstrated that cross-partisan media diets
can lead to increased polarization. Other work has empha-
sized that cognitive biases, temporal effects, and emotional
valence of media all play an important role in the creation
of discourse and ideology (Kubin and Von Sikorski 2021;
Jenkins 2016). We contribute to this body of work by em-
pirically modeling content production and consumption as
a co-evolving process. Our Granger analysis shows that for
most markers of extremism, production precedes consump-
tion. However, in the case of ‘anger’, we find that the di-
rection is inverted particularly with users who later adopted
more extreme ideologies. This is aligned with the concept of
‘audience capture’ (Lewis 2020) where creators take a reac-
tionary approach by reflecting their audiences’ opinions and
ideologies. Thus, they are shaped by their audience rather
than shaping their audience — an inversion of the dynamics
of the traditional media ecosystem.

8 Conclusions

Our analysis highlights some of the relationship between
platform users, content creators, and characteristics of con-
tent. We found that the group of participants who demon-
strated more extreme changes in their ideologies were more
consistently consuming content with significantly higher
markers of anger and grievance. This is likely a consequence
of the mechanisms of platforms which reward creators for
audience attention and engagement. Creators responding to
these signals creates a feedback loop where content is cre-
ated to elicit engagement through emotional intensity and
their consumers’ responsiveness, which occurs due to their
cognitive and selection biases, to this communication strat-
egy is rewarded by the platform. Our work suggests that
current moderation approaches which focus on simply re-
moving ‘harmful content’ overlooks these dynamics due to
poorly formed incentive structures. Our work emphasizes
the importance for platforms and researchers to assess the
role of platform incentives, algorithmic feedback, system
design, and cognitive biases on the information environ-
ment.
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Did you discuss any potential misuse of your work?
No, currently we are unaware of any potential misuse,
but we will promptly inform authorities, if we come
across any.
Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes, our research used panel data of the
U.S population, which is why we are only releasing the
results to ensure participant anonymity.
(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes

(d)

(©)

(d

(€]

()

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? N/A
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(b) Have you provided justifications for all theoretical re-
sults? N/A

(c) Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? N/A

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? N/A

(e) Did you address potential biases or limitations in your
theoretical framework? N/A

(f) Have you related your theoretical results to the existing
literature in social science? N/A

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? N/A

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theoret-
ical results? N/A

(b) Did you include complete proofs of all theoretical re-
sults? N/A

4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? N/A

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? N/A

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
N/A

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? N/A

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? N/A

(f) Do you discuss what is “the cost* of misclassification
and fault (in)tolerance? N/A

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes, we cite the creators of the datasets and dic-
tionaries used.

(b) Did you mention the license of the assets? NA

(c) Did you include any new assets in the supplemental
material or as a URL? NA

(d) Did you discuss whether and how consent was ob-

tained from people whose data you’re using/curating?

Yes, we are using YouGov panel data. Consent was ob-

tained from all participants. They also had the option

to stop participating at all times without any penalty. It
is discussed in the paper.

Did you discuss whether the data you are using/cu-

rating contains personally identifiable information or

offensive content? Yes, we discuss the data anonymity

in Section 2.3

(e)
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(a) Channel retention vs. views and users.
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(b) Participant eligibility vs. video threshold.

Figure 4: Sensitivity analysis for data inclusion. Plot (a) illustrates the tradeoff between engagement filters and channel sample
size, while (b) shows the impact of video count thresholds on participant retention (selected threshold z = 50 marked in red).

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see FORCEL11 (2020))? NA

(g) If you are curating or releasing new datasets, did you

create a Datasheet for the Dataset (see Gebru et al.
(2021))? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? No, but we do mention
the scales used in our survey in the dataset section

Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? Yes, they were made aware of the potential
risks of participation, and had the option to stop par-
ticipation at all times.

Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? No. Compensation was managed en-
tirely through YouGov’s standard panelist reward sys-
tem, so the exact hourly wage and total amount spent
are not accessible to the authors.

Did you discuss how data is stored, shared, and dei-
dentified? No, because we received anonymized data
from YouGov. We stored the data in our firewall pro-
tected server, which is only accessible to the authors
of the paper.

(d)

()

(d)

A Appendix
A.1 Thresholds

Selecting participants. We began with 1,896 panel partic-
ipants, of which 1,100 completed both survey waves. From
these, 623 had at least watched one YouTube video over
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the one-year observation window. To ensure a meaningful
level of behavioral data per user, we varied the threshold for
minimum videos watched and plotted the number of partic-
ipants retained at each level (see 4b). As the curve shows,
there is no obvious inflection point or “elbow”—the trade-
off between sample size and data richness is continuous.
We ultimately selected a cutoff of 50 videos, which pre-
serves roughly 250 participants. This threshold corresponds
to about one video per week, which we consider a minimal
but reasonable signal of sustained platform use. The thresh-
old is slightly above the sample median of 47 videos.

Selecting channels. For the production-side analysis, our
goal was to include only those channels with sufficient
engagement to support meaningful comparisons between
groups. Specifically, we filtered out channels that had low
total views or were watched by very few unique users. Fig-
ure 4a shows how many channels meet various combina-
tions of minimum view and minimum user thresholds. The
top-right corner (in yellow) represents channels that were
widely and frequently viewed, while the bottom-left corre-
sponds to fringe or sparsely viewed channels. Based on a
sweep through this space and manual inspection of affin-
ity results, we selected a threshold of at least 10 unique
users and 50 total views per channel. This threshold excludes
channels whose inclusion would inflate group-level metrics
based on a single user’s binge consumption, while retaining
those with meaningful group-level signal.

A.2 Issue Specific Changes in Ideologies

Figure 5 shows that the ideological shift of the survey par-
ticipants broken down by issues. Abortion had the highest
mean shift (0.13) while Vaccination had the lowest (0.06).
However, an important trend that all the issues share is that
all of them observed a positive shift, even if the magnitude
is small. Further, we see that the distributions are tightly
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Figure 5: Issue specific shifts in attitude scores over the year.

centered around zero, consistent with prior findings that ex-
tremist attitudes are generally stable over year-long intervals
(Nivette et al. 2022; Ansolabehere, Rodden, and Snyder Jr
2008).

A.3 Topic Modeling

Setup. We analyzed production and consumption corpora
in four temporal quartiles (Q1-Q4). For each quartile and
corpus, we fitted BERTOPIC (Grootendorst 2022). To find
the optimal number of topics, we performed a grid search
over min_cluster_size € {50, 60, 70,80,90,100} (step size
10). This parameter enforces a minimum size for any dis-
covered cluster. We measured the topic quality based on two
metrics:

1. Topic Coherence (C'): We evaluate topic quality using
gensim’s CoherenceModel*. This metric measures the se-
mantic consistency of the top words in each topic by as-
sessing their pairwise co-occurrence (using Normalized
Pointwise Mutual Information) in the corpus. Higher co-
herence values indicate that the top words of a topic fre-
quently appear together in similar contexts, making the
topic more coherent, while lower values suggest incoher-
ent groupings.

2. Silhouette (.S): The silhouette score quantifies clustering
quality by comparing how close each data point is to oth-
ers in its assigned cluster relative to points in the nearest
neighboring cluster. For a document ¢, it is defined as:

b(i) — a(i)
max{a(i),b(i)}

where a(i) is the average distance to all points in the
same cluster, and b(7) is the lowest average distance to
points in another cluster. The score ranges from —1 to
+1, with higher values indicating that points are well
matched to their own cluster and clearly distinct from
others, while values near 0 or negative suggest overlap-
ping or misassigned clusters.

s(i) =

We select the min_cluster_size that maximizes the har-
monic mean of the two normalized metrics:

2
1 1

HM, =

Cr ' Sk

*https://radimrehurek.com/gensim/models/coherencemodel.
html

We associate the highest value of harmonic mean with
the optimal value of min_cluster_size per quartile for each
group. The themes in Fig. 2 are defined by keywords and the
titles associated with the top topics.



