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Figure 4: Relative (%) differences in F1 scores when
TimeLM-19 is trained in a temporal and in a random
setting for the single-label setting. Negative values in-
dicate that when using the temporal split the model’s
performance decreases.

of the data (i.e., both training and test sets with
tweets from 2019 to 2021). To make the results
comparable, we created training and test sizes of
the same size as the original temporal split.'?

Table 5 displays the F1 scores, while using a
multi-label setting for each class in both the tempo-
ral and random splits. Every model tested performs
better when trained using information from both
time periods, i.e using random split. Taking into ac-
count that in both splits the distribution of classes is
similar (Figure 2), we can assume that the temporal
differences in the data provide useful information.
It is worth noting that the "specialized" Twitter
models display a more robust performance regard-
ing the training data used. In particular, there are
8, 9 and 4 topics where BERTweet, TimeLM-19,
and TimeLLM-21 respectively perform better while
using the temporal split in contrast to 3 and 1 of
RoBERTa base and large respectively (models that
have a similar architecture).

We continue our analysis by investigating in
more detail TimeLLM-19’s results, which is the best
performing model according to the evaluation (Sec-
tion 4). Figure 4 displays the TimeLM-19 per-
formance differences between the temporal and
random splits on the single-label setting. In gen-
eral, results are overall better in the random split,
with an overall relative decrease of 4.3% in Macro-

3While the distribution of labels may naturally be altered,
this change is minimal, as we can recall from Figures 2 and 3.

Figure 5: Confusion matrix of the TimeLLM-19 results
for the single-label setting. The values displayed are
normalized by row.

F1 for the temporal split. The largest decrease
in performance is observed for the arts & culture
topic in both settings, which can be attributed to a
fast evolving vocabulary. In contrast, business &
entrepreneurs does not see any decreased in perfor-
mance in both settings, and results are even slightly
better on the temporal split.'#

5.2 Error analysis

To better understand the nature of errors made by
language models, Figure 5 shows a confusion ma-
trix for the best-performing TimeLLM-19 model in
the single-label setting. The model seems to strug-
gle with tweets assigned to the arts & culture topic
with 68% of them being misclassified as daily life.
These errors include entries such as “Happy Day
of the Dead 2020! #GoogleDoodle” or “Gifts of
love are the ingredients of a #MerryChristmas Give
your loved ones a physical/virtual crypto gift card
within the {{USERNAME}} app”. While these
tweets revolve around religious/cultural holidays,
one might also associate them to daily life events,
which also shows the challenging nature of this
dataset. Another topic that is frequent misclas-
sified is science & technology, with 41% of the
tweets being assigned to the wrong topic. When
looking at the errors we identify tweets such as
“Bill Gates-Funded Company Releases Genetically
Modified Mosquitoes in US”, classified as business
& entrepreneurs, and “Monday’s Google Doodle

“In the Appendix we provide a detailed analysis by quarter,
in order to better understand the temporal aspect. The results
confirm how the performance of arts & culture decreases over
time, while for the rest of the topics the trend is unclear.



Class Random SVM BERT RB RB-large BERTweet | TimeLM-19 | TimeLM-21

temp | rand | temp | rand | temp | rand | temp | rand | temp | rand | temp | rand | temp | rand | temp | rand

arts & culture 8.6 8.3 36 | 277 | 17.8 | 359 | 209 | 41.2 | 28.0 | 44.0 | 9.8 | 28.2 | 21.3 | 39.1 | 354 | 44.8
business & entrepreneurs | 8.7 7.4 18.0 | 28.7 | 533 | 492 | 56.7 | 57.1 | 509 | 56.5 | 59.7 | 545 | 58.6 | 553 | 56.3 | 54.0
celebrity & pop culture 22.8 | 229 | 223 | 41.7 | 344 | 543 | 472 | 52.7 | 50.5 | 59.6 | 43.7 | 549 | 48.6 | 47.8 | 464 | 57.6
diaries & daily life 182 | 21.2 | 258 | 344 | 452 | 440 | 462 | 50.3 | 435 | 49.3 | 44.6 | 499 | 445 | 51.2 | 447 | 49.8
family 35 63 | 339 | 464 | 47.2 | 483 | 50.6 | 56.8 | 52.8 | 63.4 | 46.1 | 49.1 | 464 | 55.2 | 53.1 | 56.2
fashion & style 4.8 4.1 384 | 57.6 | 52.8 | 748 | 664 | 741 | 664 | 774 | 56.0 | 688 | 66.4 | 752 | 67.2 | 75.2
film tv & video 22.8 | 22.0 | 473 | 58.6 | 62.8 | 682 | 644 | 714 | 647 | 71.3 | 66.8 | 69.2 | 66.1 | 72.2 | 65.4 | 70.6
fitness & health 6.6 93 | 357 | 36.0 | 53.6 | 52.2 | 524 | 53.2 | 624 | 654 | 48.2 | 387 | 55.7 | 42.2 | 58.6 | 52.6
food & dining 35 4.6 | 250 | 41.7 | 70.1 | 682 | 751 | 753 | 79.3 | 682 | 745 | 65.7 | 754 | 70.7 | 804 | 71.6
gaming 6.9 7.5 | 31.8 | 45.0 | 574 | 61.2 | 584 | 61.4 | 63.83 | 69.1 | 66.1 | 67.6 | 64.6 | 69.2 | 648 | 71.2
learning & educational 4.2 4.5 13.0 | 13.9 | 382 | 432 | 49.5 | 487 | 49.8 | 458 | 429 | 362 | 49.3 | 47.1 | 489 | 47.0
music 247 | 255 | 76.1 | 81.8 | 83.6 | 86.0 | 86.0 | 87.1 | 87.4 | 88.1 | 869 | 87.2 | 88.1 | 87.8 | 869 | 88.2
news & social concern 393 | 399 | 698 | 769 | 83.8 | 83.8 | 839 | 84.6 | 855 | 859 | 835 | 84.3 | 844 | 86.2 | 84.5 | 85.0
other hobbies 10.5 | 9.6 42 | 15.0 | 27.0 | 23.6 | 250 | 284 | 31.7 | 354 | 23.1 | 21.5 | 27.7 | 30.3 | 31.1 | 26.2
relationships 6.4 7.3 13.7 | 363 | 30.8 | 35.2 | 37.6 | 51.8 | 39.3 | 56.8 | 36.8 | 51.2 | 353 | 51.6 | 445 | 54.0
samples avg 138 | 143 | 57.0 | 63.7 | 70.3 | 72.0 | 73.1 | 742 | 744 | 76.4 | 73.8 | 73.2 | 743 | 75.2 | 74.7 | 75.2
science & technology 8.3 9.3 174 | 358 | 459 | 50.3 | 54.2 | 56.4 | 52.1 | 594 | 469 | 53.2 | 50.5 | 56.0 | 50.2 | 52.1
sports 36.6 | 348 | 822 | 89.1 | 93.1 | 932 | 948 | 942 | 946 | 954 | 954 | 944 | 95.6 | 94.8 | 952 | 948
travel & adventure 22 35 | 17.7 | 98 | 21.7 | 206 | 41.5 | 47.7 | 463 | 599 | 385 | 0.0 | 57.1 | 56.0 | 522 | 54.7
youth & student life 1.7 2.9 29 | 124 | 333 | 44.6 | 492 | 524 | 21.0 | 46.0 | 31.6 | 35.2 | 504 | 43.6 | 50.8 | 51.0
macro avg 126 | 13.2 | 30.5 | 41.5 | 50.1 | 54.6 | 55.8 | 60.3 | 563 | 63.0 | 52.7 | 53.1 | 572 | 59.6 | 58.8 | 60.9

Table 5: Macro average F1 scores for the multi-label setting when using temporal (temp) and random (rand) split.

Highlighted with bold is the best score for each model.

Celebrates Jupiter And Saturn On The Winter Sol-
stice via Forbes”, classified as daily life. In other
cases, further investigation would be required to
understand the source of the mistakes, e.g., “A year
ago we looked at PE10s across the world on URL
The latest Weekly Macro Themes takes a look at
how the Euro Area stacks up now.” was classified
as sports instead business & entrepreneurs. The na-
ture of these types of error, as well as the relatively
low performance of models compares to other topic
classification datasets, suggest that there is ample
room for improvement.

When considering the multi-label setting, there
are topics with high percentage of errors such as
celebrity & pop culture and diaries & daily life.
There are entries like “Anyone else notice {O Shea
Jack Nichol son} hasn’t tweeted about the Lakers
making the conference finals? Weird. You good
man?” where the model correctly classifies it as
sports but fails to classify it as celebrity & pop
culture, being probably unaware of the celebrity
status of the person being mentioned. The diaries
& daily life topic seems to be particular confusing
for the model and fails to identify it in tweets such
as “Lost all my bets on the Kentucky Derby today
but scored a tee time at { {USERNAME}} Black
course next weekend I’d say I came out a winner.”,
and “Faceing difficulty while login to internet bank-
ing for the 1st time using Id and password provided
in the welcome kit didn t expected this from such
a good bank {Canara Bank}”, even though they
are correctly assigned the sports and business &

entrepreneurs topics, respectively.

6 Conclusions & Future Work

In this paper we presented TweetTopic, the first
large-scale dataset for tweet topic classification.
Given the prominence of social media in recent
times, this dataset can help build supervised mod-
els for clustering and organising the online con-
tent. The curated set of topics contains a diverse
and broad set of categories that cover most topics
present in social platform data. This dataset can
further motivate research on the evolution of these
initial topics on social platforms, i.e., the exten-
sion of the existing categorization to new topics or
subtopics that will emerge and fade over time due
to user engagement. Moreover, TweetTopic has
been shown to be relatively resilient to temporal
changes, and it offers easily interpretable results.
Based on these contributions, we believe that this
dataset will be useful for a significant number of
researchers and practitioners working on social me-
dia, including Computational Social Science and
Data Mining experts, given the relevance of the
topic for extracting information and understanding
online behavior.

Finally, while this first iteration of TweetTopic
focuses on English, our aim is to apply the same
methodology to other languages, for which our
guidelines and process to construct the dataset de-
scribed in Section 3 can serve as the main basis.
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A Tweet filtering

Figure 6 illustrates the weekly trend filtering
pipeline utilized. Figure 7 displays the weekly
distribution of the top 15 trending topics used to
query the raw tweets.

B Annotation Interface

Figure 9 presents our annotation interface. Figure
8 displays the instructions provided to annotators
along with a small description of each topic.

Filtered
Tweets

Clean Tweets
per week

>[ X1, X2, X5, .w., X }

X1, X2, X3, ..., Xa J

- Trending Topics

Figure 6: Weekly trend filtering to remove tweets that
are irrelevant to the popular topics in each week.
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Figure 7: Ratio (%) of tweets in each of top 15 trending
keywords for every week.
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Instructions

Choose the appropriate topics expressed by the text. Do not work on this HIT if you have already done it before. You can work on the HIT only once, and if we find more than one job from single
worker, we have to reject it. There are 3 sentences (randomly located) in our HIT that are designed to qualify the annotations whether they give correct topic annotations or not. We can only accept
jobs without any errors in those test sentences, and have to reject the job if it has any mistakes in those sentences.

1. Arts & Culture: Content that focuses on the creation and appreciation of various art forms, which evinces some degree of talent, training, or professionalism.
2. Diaries & Daily Life: Slice of life, everyday content that illustrates personal opinions, feelings, occasions, and lifestyles.
3. Beauty: Content focusing on beautification, products, treatments, and editing in order to improve aesthetics.
4. Business & Entrepreneurs: Content that relates to money, the economy, and wealth creation broadly. Including job tips, career advice, and day in the life.
5. Celebrity & Pop Culture: Stars and celebrities, their lives, funny moments, relationships, and fan communities.
6. Fashion & Style: Content about fashion, the industry, outfits, looks, shows, street style, collections, and designers. Both amateur and professional.
7. Film, TV & Video: Traditional media and entertainment, including film and tv, as well as content about Netflix and other streaming shows.
8. Comedy: Content intended to make the viewer laugh, either by capturing a funny moment, relaying a story, or contriving a situation.
9. Gaming: Games both real and virutal, the competition, culture, and gameplay itself.
10. Pets & Animals: All pets and animals content not contemplated by a child category, including alternative pets (fish, reptiles, birds).
11. Relationships: Relationship dynamics, jokes, relatable moments, and the like between friend groups and romantic partners.
12. Science & Technology: Content cutting-edge technology, natural phenomena, as well as knowledge and theories about the future and the universe.
13. Family: Family dynamics, in-jokes, and everyday moments.
14. Music: Music performance, discussion, experiences and the like.
15. Travel & Adventure: Vacations, travel tips, lodgins, means of conveyence, and the experience of travel.
16. Home Improvement & Design: Videos about designing and creating homes and buildings. Home improvement and design as an artistic and/or constructive process.
17. Food & Dining: Cooking, restaurants, food visuals, reviews, secret spots, food deals, technique, and ASMR. Anything related to food and food culture.
18. Youth & Student Life: Moments and memes of life at school and in the classroom, including teachers, events, and the like.
19. Learning & Educational: Instructive, informative, educational content that teaches a fact, skill, or topic.
20. Fitness & Health: Healthy living and the components thereof, including nutrition, exercise, progress, and wellness.
21. Sports: All depictions of sports whether enumerated below or not.
22. News & Social Concern: Awareness, activism, dialogue, and discussion of social and societal issues and injustices, contents that focus on coverage of newsworthy events, political and
otherwise.
23. Other Hobbies: Pastimes, recreation, and subcultures around hobbies and personal interests.

Please check all the relevant topics to the text, when the topic is mixed.
Make sure that you check at minimum one topic in each text.

If you are unclear or have general feedback for us, feel free to use the comments box.

Figure 8: The instructions shown to the annotators during the annotation phase.
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H anos cuwre poral differences we inspect the performance of
i ly Life

E Buingss & Entrepreneurs TimeLLM-19 in each quarter (i.e., three months) of
Celebrity & Pop Culture . . .

[ Fastions sute the temporal’s split test-set. Figure 10 displays the

Eég‘rmﬂ?ﬁ | F1 scores of each class (single-label setting) for
ets nimals . . .

O ratonsips each quarter of the time period tested. While most
clence echnology . .

[ Famiy topics do not seem to be greatly affected by time,

E Home Improvement & Design we can indeed observe a performance drop in arts
Food & Dining . . .

0] Youth & Student Lifs & culture, which is the topic more affected by the

[ Learning & Educational i . X i

[ Giness & Healh temporal variable. Figure 11 illustrates the relative
N & Social C . . . .

H G s " differences in F1 scores for each class in the multi-

label setting, when TimeLLM-19 is trained using
the temporal split and when trained on the random
split.

Figure 9: Tweet classification annotation interface. An-
notators are allowed to select multiple topics.

Confusion matrices. Figure 12 displays the con-
fusion matrices for TimeLM-19 when trained in
the multi-label setting using the temporal split.

C Evaluation Results

Hyperparameters. Language models are trained
using a batch size of 8 for 20 epochs, while uti- T ———
lizing an Adam optimizer (Loshchilov and Hutter, - e——
2017) with learning rate 2e~ 5 and a weight decay 80

of 0.01. Furthermore, an early stop callback termi-

nates the training process after 3 epochs without < 60

performance improvement. Finally, for the single- &

label experiments cross entropy loss along with a 40

softmax activation function were used, while for : gmgff

the multi-label setting binary cross entropy loss and 20 2 e

a sigmoid activation for each of the 19 topics are insai - o %
used. 2021

Analysis by quarter. In order to get a better Fi’gure 10: F1 pel.'formance of TimeLLM-19 through time
understanding of the evolution of the corpus and ~ (Single-label setting).
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fitness & health

youth & student life
food & dining

business & entrepreneurs
learning & educational
travel & adventure
celebrity & pop culture
sports

music

news & social concern
gaming

film tv & video

other hobbies

science & technology
fashion & style

diaries & daily life
family

relationships

arts & culture

Overall

Figure 11: Relative (%) differences in F1 scores when
TimeLM-19 is trained in a temporal and in a random

—40

ollllllllll.

-20
% difference in F1

20

setting for the multi-label setting. Negative values in-

dicate that when using the temporal split the model’s

performance decreases.
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Figure 12: Confusion-matrix of TimeLM-19 (multi-label setting).
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