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Motivation

Multiview representation learning for constructing coherent and contextualized
users' representations.

A joint embedding model incorporating users' social and textual information to
learn contextualized user representations for understanding their lifestyle choices.

Use the model to analyze users' activity type and motivation.

Tweets — (1) yoga, (11) keto diet.



Objective

Challenge: Construct contextualized user representation relevant for characterizing nuanced as well as activity and
lifestyle specific properties.

Advantages: General framework adapted to other corpora.
1.e., effectively predict user type on another lifestyle choice, e.g., ‘keto diet’.

Contribution:
* Annotated dataset related to ‘yoga’ and ‘keto diet’.

* Building a model for aggregating users’ tweets as well as metadata and contextualizing this textual content with social
information.

* Extensive empirical experiments and our model outperforms the baselines.

* Qualitative analysis aimed at describing the relationship between the output labels and several different indicators,
including the tweets, profile descriptions, and location information.



Downstream Tasks

We demonstrate our model on two downstream tasks:

1) Finding user type
1) Practitioner
2) Promotional
3) Other
2) Finding user motivation
1) Health
2) Spiritual
3) Other
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Model
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Dataset
Yoga data

* ~ 0.4 million yoga-related tweets from Twitter using Twitter streaming API (May to November of 2019) containing
specific keywords.

* 1298 users have at least 5 yoga-related tweet in their timelines.

* ~ 3 million of timeline tweets.

Keto data

* ~ 75Kk keto-related tweets from Twitter (May to November of 2019) containing specific keywords.
e 1300 users have at least 2 keto-related tweet in their timelines.
* ~ 3.2 million of timeline tweets.

Pre-processing:
* Convert to lower case.
* Remove URLs, smiley, emoji.
* Tokenize the text using BERT and RoBERTa’s wordpiece tokenizer.

Annotation:
* 1 annotator, with annotation instruction and examples provided.

* To calculate % agreement, 2 graduate students annotate a subset of tweets having inter-annotator agreement 64.7%
(substantial agreement).



Baseline Models

User type and motivation detection baseline — 12 baselines

1.

X NNk L

9.

10.
11.
12.

Description only;

Location only;

Tweets only;

Network only;

BERT finetuned with Description (Des_BF);

BERT fine-tuned with Location (Loc_BF);

BERT fine-tuned with Tweets (Twts_BF);

Joint embedding on description and location (Des + Loc);

Joint embedding on description and network (Des + Net);

Joint embedding on description, location, and tweets (Des + Loc + Twt);
Joint embedding on description, location, and network (Des + Loc + Net);
Word2Vec based joint embedding on description, location, tweets, and network.



Results

Our model outperforms the baselines. Model User type User motivation
Y()ga: Accuracy Macro-avg F1 Accuracy Macro-avg F1
* Accuracy (user type): 80.2% Description 0.694 0.611 0.707 0.523
e  Macro- F1 r r : . Location 0.639 0.520 0.694 0.517
. AaC 0-ave 50 e.(us.e t}_]%es) 370/5 7% Tweets 0.795 0.704 0.786 0.595
ccuracy (user motivation): 85.3% Network 0.726 0.561 0.798 0.59
* Macro-avg F1 score (user motivation): 70.8% Des BF 0.718 0.681 0.771 0.528
Loc_BF 0.679 0.606 0.695 0.476
. Twts_BF 0.760 0.669 0.805 0.551
Keto: Des + Loc 0.734 0.653 0.806 0.661
e Accuracy (user type): 71.9% Des + Net 0.808 0.702 0.823 0.653
. ) . Des + Loc + Twt 0.778 0.705 0.808 0.603
Macro-avg F1 score (user type): 67.6% Des + Loc + Net 0.774 0.725 0.806 0.663
Word2Vec based joint embedding 0.790 0.742 0.844 0.610
Our Model 0.802 0.757 0.853 0.708

Table 2: Performance comparisons on yoga data.
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Analysis
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Analysis

* Relationship between Tweets and Labels:
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Analysis

* Relationship between Descriptions and Labels:

director world L >\ : health/

teachfltne ClaSS“’
1}“0("9 vvvvvv 8
aCher%lfep m

Ove rwel ness g 8'2 m ]TLlrd lf(ollch:

children instructor

yoga-teacher

practxnoner
train e o tner 5311 1tual
medfdlltatlé ok iv‘e‘gr%iy-—v
min ulness YyOEa instructor 00 mm
CoaCh lovefoundermsplre ctudio ;(U.,.

E artist = erteerrk i prag}xce_::&

(a) yoga: practitioner

f oun d e Ir pracntmner

instructor

adwait

ganga( . mena ‘
sp1r1tua11ty ed CI: h er
de ravi wel NessS, sport
brlng a”d q‘ aj;
ST l joy teac n =
_artu,ndiang 'y 2 -
e ”“‘Vw15d0m= oo author.
. see en.. + > PQRH@%
lﬁltua Aot

o Mg i it b iy

(d) yoga: spiritual motivation

4—)‘_ :‘_ g
iG-S eove

even t.-usiissii,online. REay; o
munpiﬁiﬁﬁF“ %sﬁ%sefw? = i
I $ sport w? Sy QuAMAdesign
5 U market .4 s ~
a Cws .“H ) A.send la b t f f ewerbsxte
nr—l'{;")'g flead llve s
= =T he S S Lok
2 hea

| thecommuni

oga studit

Lty

(b) yoga: promotional

aut or

b
‘travel £ —
""" carnivore friend ( ea th

O--O: f[P(Dt-U

workartlst ebgtter

= Y= ,lmlfestyle Wi fecnange 1L t rition:

(e) keto: practitioner

7’--'(‘Jent;;‘ess::a5t fa n Q specialize
m,.___’>\,‘_;,‘:‘!.;‘. . entreprepeur
U god: | : ] I lover s

children teacher, hel
wellness YO8 mem:gt?)afhe S
& OVepeaal

=
=%
o
&

-

~

4 é 0??ercommun1ty )-E;
. heartart = g .......
ver St | ea }th
wor k BQok

workshop

CertL ypractlce 1 self

inspire

fl

coach.:

(c) yoga: health motivation

world

" _travel home

nline"

mzbest product rec1pe healthy

= @
Jucceny
Tat
el
'

natural

() keto: promotionaIB



Analysis

* Relationship between Location and Labels

o We observe more practitioners and promotional yoga users from the USA than the rest of the world.
o We find South-Asian users mostly retweet about yoga.

o We notice more ‘others’ users than practitioners in India.

o Most of the yoga users from India are motivated spiritually.

o For keto, we notice that our data 1s skewed towards the USA.



Error Analysis

Some prediction errors arise when description fields are absent or misleading.

User location has relatively low accuracy and macro-avg F1 score according to
ablation study.

As Longformer supports sequences of length up to 4096, some information from
tweets might be missing if the size of concatenated tweets > 4096.

Constructing @—mentioned network directly from retweets/mentions in tweets
instead of collecting the following network (expensive).



Conclusion and Future Work

* BERT based joint embedding model that explicitly learns contextualized user
representations by leveraging users’ social and textual information.

* Our model outperforms multiple baselines.

* Our model can effectively predict user type on another lifestyle choice, e.g., ‘keto
diet’.

* Our approach 1s a general framework that can be adapted to other corpora.

* In the future, we aim to investigate our work to a broader impact like community
detection based on different lifestyle decisions using minimal supervision.
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Slide: https://tunazislam.github.io/files/ICWSM?21 yoga_keto.pdf
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Tunazzina Islam
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