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Goal: Ideology Detection 1

The picture comes from http://www.marekrei.com/blog/

political-ideology-detection/.

http://www.marekrei.com/blog/political-ideology-detection/
http://www.marekrei.com/blog/political-ideology-detection/


Motivation: Data Source 2

https://www.congress.gov/congressional-record

https://www.congress.gov/congressional-record


Motivation: Twitter Data 3

Example: US Presidents on Twitter
API: https://developer.twitter.com/en

https://developer.twitter.com/en


Motivation: Ideology Detection on Twitter 4

Derica Rosa

Isabel

Democratic is the 
best party I believe.

Tweet

Retweet 
     (with comment)

I STRONGLY disagree. 
@Derica
I prefer Republican.

Follow

some_democratician

Follow
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Problem: Ideology Classification on Twitter



Data Collection 5

Politicians

Other Twitter Users



Datasets 6

PureP P50 P20∼50 P+all

# User 583 5,435 12,103 20,811
# Link 122,347 1,593,721 1,976,985 6,496,107
# Labeled User 581 759 961 1,206
# Featured User 579 5,149 11,725 19,418

# Follow-Link 59,073 529,448 158,746 915,438
# Reply-Link 1,451 96,757 121,133 530,598
# Retweet-Link 19,760 311,359 595,030 1,684,023
# Like-Link 14,381 302,571 562,496 1,794,111
# Mention-Link 27,682 353,586 539,580 1,571,937

Political-Centered Social Network Dataset



Preliminaries 7

Literature Review:

I GCN (Graph Convolutional Network)
http://web.cs.ucla.edu/~patricia.xiao/files/

Reading_Group_20181204.pdf

I MTL (Multi-Task Learning)
http://web.cs.ucla.edu/~patricia.xiao/files/

Reading_Group_20200121.pdf

http://web.cs.ucla.edu/~patricia.xiao/files/Reading_Group_20181204.pdf
http://web.cs.ucla.edu/~patricia.xiao/files/Reading_Group_20181204.pdf
http://web.cs.ucla.edu/~patricia.xiao/files/Reading_Group_20200121.pdf
http://web.cs.ucla.edu/~patricia.xiao/files/Reading_Group_20200121.pdf


Contribution 8

I Political-Centered Social Network Dataset
I Described in Appendix, released with code

I TIMME: learning embeddings on sparsely-labeled
heterogeneous graph
I MTL: handles the sparsity of labels
I Optionally handles incomplete input features
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Contribution 8
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Model 9
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Model: Encoder 10

In homogeneous GCN layers:

H(l+1) = σ
(
ÂH(l)W (l)

)
Â: the normalized adjacency matrix; H(l+1): layer-l output;
H(l): layer-l input; W (l): layer-l weight.

In our heterogeneous design:

H(l+1) = σ
(∑

r∈R̂

αrÂrH
(l)W (l)

r

)

αr: attention weight; |R̂| = 2R+ 1 includes R relations, R
reversed relations, 1 identical matrix I.



Model: TIMME Decoder 11
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Model: TIMME-hierarchical Decoder 12
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Model: TIMME-single Decoder 13

TIMME and TIMME-hierarchical:

L =

|R|∑
i=0

Li

loss is the sum of losses from all |R|+ 1 tasks.

I TIMME-hierarchical gives us clues on each relation’s
importance to ideology classification via λ.

TIMME-single:
L = Li

for a single task i, i ∈ {0, 1, 2, . . . |R|}.
I TIMME-single proves that multi-task version is better.



Evaluation Metrics 14

Evaluate on task level:

I Node-Classification Task:
I Accuracy
I F1-Score

I Link-Prediction Task:
I ROC-AUC (Receiver Operating Characteristic Area Under

Curve)
I PR-AUC (Precision-Recall Area Under Curve)

Case study:

I State-level

I County-level

I Account-level

Ablation study



Results Compared with Baselines 15



State-Level Ideology on Twitter 16
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County-Level Ideology on Twitter: Florida 17
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Entity-Level Ideology on Twitter: News Agencies 18

CNN (@CNN)
CBC News (@cbcnews)

Guardian News (@guardiannews)
New York Times (@nytimes)

Christian Science Monitor (@csmonitor)
The American Spectator (@amspectator)

Fox News Opinion (@FoxNewsOpinion)
National Review (@NRO)



Ablation study: Features 19

(a) Features’ Impact on Node-Classi�cation Task (b) Features’ Impact on “Follow” Link-Prediction Task

epoch epoch
RO

C-
AU

C 
sc

or
e

F1
- s

co
re



Ablation study: Relations’ Relations 20

50

TIMME-single on Pure-P (left), P50 (middle), P+all (right)
Figure 9 in paper; typo: not “F1”, it should be “ROC-AUC”.

retweet mention follow reply like
PureP
P50
P20~50
P+all

TIMME-hierarchical model’s λ values learned in the end.



Resources
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Resources 21

Code with data available on Github:

I https://github.com/PatriciaXiao/TIMME

Presentation etc. on my personal website:

I http://web.cs.ucla.edu/~patricia.xiao/timme.html

Special thanks to: Haoran Wang, Zhiwen Hu, Yupeng Gu

https://github.com/PatriciaXiao/TIMME
http://web.cs.ucla.edu/~patricia.xiao/timme.html
https://www.linkedin.com/in/haoran-wang-55416a120/
https://www.linkedin.com/in/zhiwen-hu-8931737b/
https://www.linkedin.com/in/yupeng-gu/
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