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Figure 1: Lionel Bonaventure/Agence France-Presse — Getty Images.

ABSTRACT
Political polarization has increased dramatically in the United States
throughout the last decade [1]. Similarly, social media applications
have seen an increase in the percentage of their user base who turn
to the platform as a regular source of news [4]. Naturally, as social
media platforms grow, the algorithms that inform what suggested
content users see evolve and become more efficient at detecting the
type of content we are likely to interact with. In this paper, we aim
to study how engagement algorithms may play a role in political
polarization through the creation of echo chambers. Specifically,
we will focus on the speed and percentage that TikTok curates
one’s feed to contain political content based on user interest. We
will analyze these differences for three user cases: a liberal user, a
conservative user, and an independent user. We hope to measure
∗Both authors contributed equally to this research.
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how political affiliation impacts the rate at which echo chambers
form and to classify which side of the political spectrum – if any –
TikTok falls on. Our findings are consistent with user demographics
data that TikTok is a “liberal app” and we observed a stronger echo
chamber effect for a conservative user case.
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1 INTRODUCTION
The digital age is here to stay, and it’s no surprise that many news
outlets, politicians, and journalists have begun to adapt by pub-
lishing their content on social media platforms; the largest being
TikTok. Is the consumption of political content on social media a
tool to help unite us and create community, or is it only a driving
factor in the increasing gap between political parties?

In this paper, we will look at whether TikTok creates the perfect
environment for echo chambers to form through their engagement
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algorithm that powers the “for you page” (FYP). We define an echo
chamber in the context of a social media platform to be an envi-
ronment where pre-existing beliefs are confirmed, amplified, and
reinforced inside a closed system. Our goal is to highlight the ten-
dency for engagement algorithms to create an individualized echo
chamber by promoting myopic content. We hope to get a peek
inside TikTok’s engagement algorithm and how it might curate the
FYP for a “conservative” bot account, a “liberal” bot account, and
an “independent” bot account differently.

We plan to accomplish this by analyzing the percentage of politi-
cal content present in three bot accounts’ feeds after a certain level
of engagement. Specifically, each bot will interact with posts tagged
under a political topic (ex. immigration, vaccination, economics,
etc) in the following ways:

• The conservative bot will only engage with Tiktoks that
contain one or more hashtags from our “Conservative Tags
List”

• The liberal bot will only engage with Tiktoks posts that
contain one or more hashtags from our “Liberal Tags List”

• The independent bot will only engage with Tiktoks posts
that contain one or more hashtags from our “Independent
Tags List”

We expect to find radically different content on the feeds of each
bot at the end of our experiment. Since the percentage of users
who identify as regular news consumers on TikTok who are also
democrats is 63% compared to only 32% republican [11], we expect
that the liberal bot will form echo chambers faster than the con-
servative bot due to a higher level of content availability. However,
studies on echo chamber formation on other forms of social media
have shown that there exists an insular network dynamic between
right-wing media which is more subject to propaganda feedback
loops than left-wing media [8]. Therefore, it is possible that the
conservative bot’s feed will be more subject to echo chambers by
design.

2 RESEARCH QUESTIONS
By the end of our study, we hope to be able to gain insight into the
following two research questions:

RQ1: Where does TikTok fall on the political spectrum?

RQ2: How does political affiliation impact the speed and intensity
of echo chamber formation?

[RQ1] explores the general political leaning of content on Tik-
Tok. Our goal with this question is to determine whether or not
TikTok has more left leaning or right leaning content. If the major-
ity of political content on TikTok is liberal, then that indicates that
TikTok is a left leaning platform simply because it has more liberal
content than independent or conservative. Conversely, if TikTok
has equal amounts of conservative and liberal political content,
then the platform falls in the middle of the political spectrum. This
classification is informed solely through the types of content on
the platform and is subject to change as the creator demographics
of TikTok changes.

Knowing the type of content that is more prevalent on TikTok
is important because it will allow us to better engage with Tik-
Tok as a legitimate news source. As we will discuss further in the

Background and Literature review section, a growing portion of
Americans are regularly utilizing social media platforms over tradi-
tional media to consume news. By being aware of the makeup of
political content, users who turn to TikTok as a news source would
be able to browse the platform with a critical lens - much like how
readers of CNN, FOX, and other mainstream news sources would
be generally aware of the media’s political leaning.

[RQ2] looks at how user’s implied political affiliation through
engagement behavior affects how political echo chambers form on
TikTok. A 2021 study that looked at social media’s connection to
political polarization showed that certain political affiliations had
stronger tendencies to form echo chambers on Twitter based on
conscious behaviors by the users such as following creators with
similar ideologies. [6] Inspired by this study on Twitter, we want
to explore whether the TikTok engagement algorithm could form
echo chambers algorithmically based on subconscious behaviors
on the users part (such as watching a video multiple times over).

3 BACKGROUND AND LITERATURE REVIEW
The literature below gives some background on previous research
pertaining to the connection between social media platforms and
their tendency to form echo chambers. Due to the recent popu-
larity of TikTok and the lack of an official API for data collection,
there are not many publications that specifically focus on this app.
Because of this, we will use past studies focused on other social
media platforms to support the connection between political echo
chambers and political polarization. This section also contains high-
level information on TikTok as a social media platform and a brief
overview of TikTok’s engagement algorithm.

3.1 Tiktok: A Social Media Platform
Since its international launch in 2017, TikTok has seen explosive
growth in its user base. [5] Information from a leaked pitch deck
from 2018 obtained by Digiday shows just how much Tiktok has
grown since then. (Figure 2). Data gathered by Sensor Tower shows
that in Q1 of 2022, Tiktok was the most downloaded app worldwide
with more than 3.5 billion downloads.[10] In Q4 of 2021, the com-
pany had 1.2 billion monthly active users and they are expected to
reach 1.5 billion by the end of 2022, according to company data. [5]
This is a sharp increase from the 3.7 million active users in 2018.[3]

Figure 2: TikTok Internal Pitch Deck, 2018 [3]

2022-05-16 15:38. Page 2 of 1–8.
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What are the implications of this? While we have emphasized
just how large TikTok has become in the past few years, the kind
of content shared on the platform is instrumental in the influence
it has. As a short video-sharing platform, TikTok’s content is both
easily consumable and shareable. This makes it an ideal platform
for news propagation. In fact, a 2021 survey by the Pew Research
Center found that 29% of TikTok users regularly get their news
from the platform - a 32% increase from the previous year (Figure
3).

Figure 3: % of each social media platform’s users who regu-
larly get news there [11]

3.2 Social Media and Echo Chambers’ Effect on
Polarization

While the existence of echo chambers on social media has been
contested in the past, recent research shows that social media plat-
forms with a focus on social networks and news feeds encourage

echo chambers to form [2]. While TikTok does not have a “news
feed” and instead has a “for you page” (FYP), almost a third of its
massive user base regularly gets their news from the platform –
as discussed in the previous section. These two findings lead us to
believe that TikTok may also provide the perfect breeding ground
for echo chambers despite not explicitly having a news feed.

Additionally, a 2021 study on social media polarization found
strong evidence of political echo chambers on Twitter [6]. When
analyzing cross-party engagement, Jiang found that far-right and
far-left users had almost no retweets between parties. Across the
political spectrum, users both creating and sharing political content
interacted within echo chambers. The isolation of these networks
reinforces one’s ideologies through confirmation bias which in turn
only drives polarization – thus a vicious feedback loop is created.

Figure 4: The distribution of left-leaning (bottom 20% of the
polarity scores), center (middle 20%), and right-leaning (top
20%) retweeters (y-axis) for users across the polarity score
deciles (x-axis). The retweeted users are either verified or not
verified. [6]

3.3 TikTok’s Engagement Algorithm
In December 2021, the New York Times broke down the informa-
tion within the leaked document, “TikTok Algo 101”, from TikTok’s
engineering team in Beijing. According to the document, the com-
pany’s “ultimate goal” was to increase the amount of daily active
users.

In pursuit of this, the app logs user browsing behavior in two
key aspects: “retention” and “time spent”. These two main met-
rics, in addition to others such as “likes” and “comments”, are fed
into a predictive machine learning algorithm to recommend rele-
vant videos that users are more likely to interact with. The highly
simplified equation below sums up the general calculations that
rank suggested videos using these metrics. Videos recommended to
users are videos with the highest scores according to the following
equation:

𝑃𝑙𝑖𝑘𝑒𝑋𝑉𝑙𝑖𝑘𝑒 + 𝑃𝑐𝑜𝑚𝑚𝑒𝑛𝑡𝑋𝑉𝑐𝑜𝑚𝑚𝑒𝑛𝑡

+𝐸𝑝𝑙𝑎𝑦𝑡𝑖𝑚𝑒𝑋𝑉𝑝𝑙𝑎𝑦𝑡𝑖𝑚𝑒 + 𝑃𝑝𝑙𝑎𝑦𝑋𝑉𝑝𝑙𝑎𝑦
(1)

Essentially, the more a user interacts with a post the higher
it’s scored. The score is a sum of weighted constants (P and V)

2022-05-16 15:38. Page 3 of 1–8.



Un
pu
bli
she
d w

ork
ing

dra
ft.

No
t fo
r d
istr
ibu
tio
n.

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

Conference acronym ’XX, June 03–05, 2018, Woodstock, NY Lund and Zhong.

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

multiplied by each level of engagement (liking, commenting, and
playtime).

There is more than just qualitative data that motivates the algo-
rithm. The document also mentions that “some authors might have
some cultural references in their videos and users can only bet-
ter understand those references by watching more of the author’s
videos.” Thus, there is a higher weight associated with watching
multiple videos from one creator, than watching the same number
of videos from separate creators. Another consideration is videos
designed to game the algorithm by encouraging users to like, com-
ment, and share, otherwise known as “like bait”. The document
details how TikTok makes an effort to identify and suppress these
videos, but the New York Times article does not expand on them.
The New York Times article also replicated a chart (Figure 5) present
in this document that indicated that “creator monetization” was a
company goal. This shows that the TikTok FYP algorithm may also
suggest videos if they will be lucrative for creators.

Figure 5: A chart illustrating the goals of TikTok’s algorithm
was part of the report. (Note: This image was reproduced by
The New York Times from original documents.) Credit: The
New York Times [9]

The emphasis on watch time, likes, comments, and other en-
gagement metrics indicates that the algorithm is designed to retain
users for as long as possible and to entice them to return to the app
often. This kind of behavior easily leads to falling down a rabbit
hole, obsessive behavior, and entering an echo chamber. In fact, a
Wall Street Journal report showed just that. [7]

"...TikTok relies heavily on how much time you spend
watching each video to steer you toward more videos
that will keep you scrolling, and that process can
sometimes lead young viewers down dangerous rab-
bit holes, in particular toward content that promotes
suicide or self-harm”

It’s reasonable to conclude that the same could apply to other
topics that elicit strong emotions such as politics and dangerous
conspiracies associated with it.

4 METHODOLOGY
In order to analyze if a user’s FYP becomes inundated with political
content, we need to see how the percentage of political content
on a user’s FYP evolves over time. To do this we want to collect
time series data for three different types of users that reflect the
political makeup of the United States. One that models a “liberal”
type, one that models a “conservative” type, and one that models
an “independent” type. These users will be differentiated by the
type of TikToks they engage with. The criteria for whether or not
these users engage with a TikTok depends on the hashtags used in
the post caption. We separate political hashtags into “conservative”,
“liberal” or “independent” categories to investigate whether polit-
ical affiliation lends itself to the formation of echo chambers. We
identified these 74 hashtags of each political category by manually
checking which popular hashtags political TikTok creators use in
their TikToks. (Figure 6)

Each of the three bots will engage with their prescribed hashtag
group (found in Figure 6) by watching the flagged TikTok for 180
seconds. This is enough time for a standard length TikTok to play
all the way through. They will ignore all other TikToks without
the hashtags by immediately skipping the video. We were not able
to automate a function to like or comment on videos, therefore
we define engaging as simply watching the flagged post for an
extended period of time (180 seconds). According to Equation 1,
this should still contribute to a higher score for the watched post
and in turn impact the recommended content.

The first of these bots will represent a “liberal” user. This bot
will interact only with TikToks with the hashtags listed under
Liberal Tags (Figure 6) and ignore all other TikToks. The second
bot represents a “conservative” user, interacting only with TikToks
where a Conservative Tag is present (Figure 6). The third and final
bot represents an “independent” user. The independent bot will
only engage with videos that include Independent Tags (Figure 6).
This bot will interact with both posts from all political parties.

We will employ each bot until the account has engaged with 40
relevant political posts. This data will be stored in stages 1 through
4 where each stage contains all the videos on the bot’s FYP until 10
videos are engaged with. We will analyze the percent of political
content in each stage by calculating:

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑜 𝑓 𝑝𝑜𝑙𝑖𝑡𝑖𝑐𝑎𝑙𝑐𝑜𝑛𝑡𝑒𝑛𝑡 =
𝑒𝑛𝑔𝑎𝑔𝑒𝑑𝑣𝑖𝑑𝑒𝑜𝑠

𝑛𝑢𝑚𝑏𝑒𝑟𝑜 𝑓 𝑡𝑜𝑡𝑎𝑙𝑣𝑖𝑑𝑒𝑜𝑠
(2)

By comparing the percent change between stages we hope to
answer the question of how political affiliation might increase the
speed and intensity of echo chamber formation.

Personal browsing behavior from the researchers have suggested
that liberal echo chambers will form faster based on an assumption
that there is more liberal content on TikTok. To understand if this
assumption is true, we plan to analyze the 40 political video captions
from the independent bot’s FYP (text and hashtags) using a Naive
Bayes classifier. Using the captions from the 40 liberal engaged
posts and the 40 conservative engaged posts as training data, we
will compare the number of different political posts identified by
the classifier.
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Figure 6: Three hashtag categories

2022-05-16 15:38. Page 5 of 1–8.



Un
pu
bli
she
d w

ork
ing

dra
ft.

No
t fo
r d
istr
ibu
tio
n.

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

638

Conference acronym ’XX, June 03–05, 2018, Woodstock, NY Lund and Zhong.

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

5 RESULTS
5.1 Bot Engagement Data
For our liberal bot we saw a comparatively high initial concentra-
tion of flagged videos as it engaged with 0.83% of videos watched in
stage 1. This increased to 1% by stage 2, or a 20% change between
these stages. In other words, the liberal bot scrolled through 1000
videos and engaged with 10 videos in stage 2 while it had to scroll
through around 1200 videos to engage with 10 videos in stage 1.
However, this trend does not continue for stage 3 and stage 4. From
stage 2 to stage 3, there was actually a 45% decrease in concen-
tration. In other words, the liberal bot had to scroll through more
videos in order to find 10 videos to engage with. The decline in
concentration continues from stage 3 to stage 4 where there was a
14.5% decrease. This means that, again, the liberal bot had to scroll
through even more videos in order to find 10 relevant videos with
the proper hashtags to engage with.

The conservative bot showed a consistent, albeit small, increase
in percentage from stage 1 to stage 4.

The independent bot saw a general increase in percent of en-
gaged videos from stage 1 to stage 4. There was a small decrease
of 2% from stage 2 to stage 3, however, from stage 3 to stage 4
this decrease was reversed and we see the highest ratio of engaged
videos to watched videos of all stages.

Overall, there was a general increase in the ratio of engaged
videos to watched videos from stage 1 to stage 4. Only the liberal
bot deviated from this trend as the ratio in stage 4 was lower than
the ratio in stage 1. The conservative bot saw the smallest percent
changes, but also saw the most consistent percent increases from
stage to stage.

Another relevant finding was the number of posts each bot
swiped through in total. In order to complete all 4 stages, the con-
servative bot had to look through almost three times as much
content as the liberal and independent user cases.

The heat map below shows the concentrations of each stage
visually with the yellower colors indicating higher concentrations
of engage-able videos for each bot.

Figure 7: heatmap of percent of engaged TikToks in each
stage

Stage 1 Stage 2 Stage 3 Stage 4
Liberal
Independent
Conservative

0.83% 1% 0.55% 0.48%
0.43% 0.96% 0.94% 1%
0.18% 0.25% 0.26% 0.29%

Table 1: Numerical representation of Figure 7.

5.2 Classification of Independent Bot Data
Using the captions (text and hashtags) from the posts the liberal
and conservative bots engaged with, we trained a Naive Bayes
classifier to help us analyze if our independent bot was left-leaning,
right-leaning, or truly centric.

Out of the 40 videos the independent bot engaged with, 22 were
classified as liberal and 18 conservative. Even though there are
more liberal users on TikTok (and therefore assumingly more liberal
content), this close to equal ratiomay be explained by the propensity
for conservative media to create strong echo chambers [8].

Our Naive Bayes classifier was able to correctly identify liberal
captions with a recall value of 0.88 and conservative captions with
a recall value of 0.95 (Figure 8). The F-Score for our classifier was
0.91.

Figure 8: confusion matrix

6 CONCLUSION
Our results lead us to two main conclusions:

(1) There is more liberal content on TikTok.
(2) Conservative users on TikTok experience a stronger echo

chamber effect than left-leaning or independent users.

Both of these findings support our initial hypotheses and are
consistent with past research on social media.

Conclusion 1 is supported by the total number of swipes needed
before engaging with 40 posts. Since the liberal bot engaged with
almost 3 times less content than the conservative bot in order to find
all 40 relevant posts, we can conclude that there is a larger quantity
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of liberal posts on the platform and therefore can classify TikTok
as a left-leaning app. This is further reinforced by data collected by
the Pew Research Center wherein 63% of TikTok users who use the
platform for news consumption identify as democrat [11].

Conclusion 2 is supported by both the consistent positive percent
changes between stages and the close to equal ratio of liberal and
conservative content present in the independent data.

Unlike the liberal or independent bot, the conservative bot showed
a consistent decrease in the number of posts in each stage (figure
3). This implies a stronger echo chamber effect for the conservative
user since the algorithm adjusted the suggested content to fit the
user’s interests at a rate that was not consistent for the other bots.

The equal ratio of left and right engagement present in the in-
dependent bot data further implies that there is a tendency by
design of the engagement algorithm to form echo chambers for
right-leaning users. Since we established that there is more lib-
eral content on TikTok as per conclusion 1, one would expect a
substantially higher percentage of liberal engagement from the
independent user, but this was not the case. We’re led to believe
that the reason conservative content was fed to the independent
user at a higher rate than expected is because the echo chamber
effect is stronger for conservative users. Perhaps the algorithm
is accounting for the fact conservative users engage with other
right-wing media at a higher frequency than liberals [6].

These findings bring into question the role that social media
plays in enforcing political polarization. Who is responsible for
political polarization caused by echo chamber formation? Should
engagement algorithms be adjusted to introduce purposeful inter-
actions between otherwise isolated networks?

We can see that the TikTok’s company goals of increasing user
retention has led the engagement algorithm to perform in this way.
We believe that restructuring company priorities to consider the
moral responsibility of avoiding echo chambers will sufficiently
address the concerns of the role that TikTok plays in the United
State’s political battlefield.

7 LIMITATIONS
We note several limitations of our study. For one, the hashtags
that were used to flag videos for each bot were manually chosen.
As is the case with manual selection, our personal biases were
present when deciding whether something was an independent tag
or whether a tag belonged to either the liberal or conservative cate-
gories. Although we tried to mitigate the effects of this, we cannot
be aware of all political contexts a certain hashtag would be used in.
For example, niche hashtags such as #1312 indicated a liberal video
to us because we closely followed Black Lives Matter protests and
know that "1312" is a somewhat underground representation of the
popular hashtag #ACAB that protested police brutality. Because we
cannot have a deep understanding of all political topics on TikTok,
there are definitely other niche conservative or liberal hashtags
that we are not privy to.

Another limitation regarding hashtags is the inability to iden-
tify if a video is liberal or conservative purely based on hashtags.
We note that many hashtags have different meanings in different
contexts. In our list of conservative hashtags, we added #snowflake
because we were confident that by the time we collected data, there

would be no more content about actual snow in the United States.
However, there is still a chance that a similar coincidence could
occur with another hashtag such as #mask. In a political context,
this hashtag would be used in a video discussing the pandemic and
the government response. However, this hashtag could also be used
by an artist creating a masquerade mask or even the 1985 movie
titled "Mask".

In a similar thread, hashtags are often used for visibility. If a
left leaning creator is discussing police brutality and they wanted
conservative users to see the video, they may use conservative
hashtags so that their video would show up on a conservative
user’s FYP. Although this hypothetical video would be a liberal
video, the hashtags would indicate to our bot that its a conservative
video.

The final note we have about the limitations of using hashtags is
that there are a lot of other user interactions that would indicate to
an algorithm a user’s political stance. For example, if a user interacts
with cottagecore content, a subculture focused on a simpler lifestyle
that is often queer-coded or outright lgbtq+, then they are more
likely to be a liberal user. The algorithm would pick this up and
suggest liberal political videos in response to a user interacting
with cottagecore videos. However, we are unable to know all these
subliminal links between genres of videos which limits our bot to
solely interact with strictly political videos.

Additionally, we only looked at 4 stages in total which means
that we only engaged with 40 TikToks for each bot. A typical user
would engage with many more before the personalization of the
FYP becomes obvious. If we were able to run the experiment for
longer, we would be able to get more robust data that would allow
us to see if the trends we saw in our results continued.

Finally, due to limitations on TikTok’s end we were only able to
engage with TikToks by watching them for 3 minutes. A typical
user would like, comment, share, and follow to indicate interest in
the engagement algorithm.

8 FUTUREWORK
There are 3 primary improvements we would like to implement for
future iterations of our experiment. As mentioned in our limitations
section, we noticed that hashtags are not a perfect indicator of
whether a video is political or not. The numerous contexts a single
word could show up in makes it difficult to pinpoint the real content
of the video without watching the video itself. We would like to
develop a more accurate way to determine if a video was political
and or relevant or not. This could be achieved simply by training a
classifier with a data set of conservative and liberal social media
posts.

Secondly, we would like to run our experiment for longer than 4
stages. By engaging for a longer period of time we would be able
to more accurately simulate an average TikTok user and improve
the accuracy of our findings. It would be interesting to see how
simulated long term usage inform the engagement algorithm on
what content each bot would be likely to engage with. Would the
trends we see in our results persist through more stages, or would
there be a change?

Finally, we would engage with relevant posts in more than one
way. For this paper, we were only able to watch the TikToks for
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an extended period of time due to limitations TikTok put in place
against bot interactions. However with more time and resources,
we would like to have our bot accounts engage in other manners
such as liking and commenting on relevant videos. Further, if we
had more than one classifier or an ability to assign a weighted
relevance score to each TikTok we could like, comment, watch or
preform a combination of the three in accordance with that score.
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