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Abstract. The problem of ideology detection is to study the latent (po-
litical) placement for people, which is traditionally studied on politicians
according to their voting behaviors. Recently, more and more studies be-
gin to address the ideology detection problem for ordinary users based
on their online behaviors that can be captured by social media, e.g.,
Twitter. As far as we are concerned, the vast majority of the existing
methods on ideology detection on social media have oversimplified the
problem as a binary classification problem (i.e., liberal vs. conservative).
Moreover, though social links can play a critical role in deciding one’s
ideology, most of the existing work ignores the heterogeneous types of
links in social media. In this paper we propose to detect numerical ide-
ology positions for Twitter users, according to their follow, mention, and
retweet links to a selected set of politicians. A unified probabilistic model
is proposed that can (1) integrate heterogeneous types of links together
in determining people’s ideology, and (2) automatically learn the qual-
ity of each type of links in deciding one’s ideology. Experiments have
demonstrated the advantages of our model in terms of both ranking and
political leaning classification accuracy.

1 Introduction

Ideology detection, i.e., ideal point estimation, dates back to early 1980s, where
political scientists first studied politicians’ political affiliation using their roll
call voting data [14]. Recently, more and more studies pay attention to ideology
detection for users on social media, which captures rich information for ordinary
citizens in addition to political figures. However, there are two major limitations
of the existing literature. First, most of these approaches oversimplify the ideol-
ogy detection problem as a binary classification problem (liberal/conservative),
while ignoring the fact that people’s ideology lies in a very broad spectrum. Sec-
ond, despite the successful utilization of link information in determining one’s
ideology, most of the works ignore the heterogeneous link types in social media,
which leads to significant information loss.

In this paper, we propose a unified probabilistic model to detect numerical
ideology positions for Twitter users, according to their follow, mention, and



retweet links. Although defined on Twitter network, our approach is very general
to other social networks. Our approach is able to combine multiple types of links
in determining people’s ideology with different weights for each link type. In
addition, the strength of each link type can be automatically learned according
to the network. Experiments shows that (1) using multiple types of links is better
than using any single type of links alone to determine one’s ideology, and (2) the
detected ideology for Twitter users aligns with our intuition quite well.

2 Approach

In this section, we introduce our solution to the proposed problem. We start from
ideology model under a single link type, then introduce how to extend the model
when multiple types of links exist, and finally introduce the learning algorithm.

2.1 Ideology Estimation Model via Single Link Type

As in traditional ideal point models, each user has an intrinsic position in a
K-dimensional space p; € R which represents his/her ideology. For a politics-
related network, ideology can help explain the reason for link generation, which
is a reflection of people’s online behaviors. Take follow link as an example: the
proximity of two users’ positions in the latent ideology space indicates a high
probability that they have many politician friends (followees) in common, and
vice versa. Inspired by [2], we analogize the action of following others to one’s
voting behavior, and define the probability that user u; follows user v; as p(i —
j) =o(pi-q;+b;) := 0;j, where o(x) = 1-&-% is the sigmoid function. g; can be
interpreted as the image or impression vector of user v; when viewed by others,
and b; can be regarded as a bias term for v; which denotes her popularity. The
dot product between two feature vectors can be regarded as a similarity measure
in the vector space. Treating each link as generated by a Bernoulli distribution
with parameter o;;, we are able to write down the log-likelihood of observing a
network G as
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where I} is the indicator function. We denote the set of existing links as S} and
sampled set of non-existing links as S_ in the remaining of this paper.

2.2 Ideology Estimation Model via Multiple Link Types

We now address the challenge of utilizing multiple types of links for ideology
detection. In a heterogeneous network, nodes can be connected via different
types of relations. On Twitter, people can follow, mention or retweet others. It
naturally forms three different types of links, and different link types certainly
have different interpretations. According to our previous assumption, the intrin-
sic ideology p; will be consistent across all link types. However we posit that
the images of users will change when observed by different types of behaviors.
For example, u; can easily decide to follow v; but hesitates to retweet from v;.



Therefore, g; and b; will be changed to relation-specific parameters q§r) and

b;r). In consideration of the heterogeneity in different types of links, we also add
a relation weight w, which represents the relative importance of the links in the
corresponding relation type r. Besides, we will use the average log likelihood of
each link in each type of relation in order to balance the scale of different link
types. An ls regularization term is added on parameters to avoid overfitting.

Denoting P = {p;},Q = {q](r)} and B = {by)}, we define our objective as
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where 0,.;; = o(p; - qJ(T) + bg-r)) for short, N, is the total number of links in
relation 7, and g > 0 is a parameter that controls the effect of reéularization
terms. The constraint we put on w, is w, >0, r=1,--- ,Rand [[,_; w, = 1.

3 Experiments

3.1 Data Preparation

We first collect the list of all the members of the 113" U.S. congress (2013-2015).
Then we use Twitter’s API to collect their followees and followers. We collect
at most 5,000 followers and followees for every congressman. On one hand, in
order to select politics-related users, we set a threshold where we keep users
who follow at least ¢t congressmen or are followed by at least ¢ congressmen. We
choose t = 20 in consideration of efficiency. On the other hand, we also include
around 10,000 random users who follow 3~5 politicians as more peripheral (less
politics-related) Twitter users. Our approach will be evaluated on this Twitter
subnetwork with these users as vertices. Finally we collect their most recent
tweets® up to Jan. 2016. Social networks for different relations (follow, mention
and retweet) are built from the friend lists and extracted from one’s tweets. In
total, 46,477 users are involved in the dataset and the number of edges for follow,
mention and retweet networks is 1.8M, 2.4M and 718K, respectively.

3.2 Performance Evaluation

Baseline Methods We compare our Multiple Link Types Ideal Point Estima-
tion Model (ML-IPM) with the following baseline methods:

— AVER: the simplest baseline where the ideology of a user is the average score
of her outgoing neighbors. Each Republican is assigned an ideology score of
1, and each Democrat is assigned a score of -1.

— B-IPM (Bayesian Ideal Point Estimation Model) [1]. Although the author
does not mention their generalization to relations other than follow, we adopt
the model for other types of links for comparison.

3 Due to API limits, only the most recent 3,200 tweets for each user are available.



— SL-IPM: our Single Link Type Ideal Point Estimation Model where only
one type of link is present in the social network, as introduced previously.

— ML-IPM-fized: a special case of our model ML-IPM where the weights for
different types of links are fixed. In this case the weights for different link
types are uniformly distributed, namely w; = we = -+ = wgr = 1.

Evaluation Measures In our experiments, we will evaluate the ranking and
classification accuracy to demonstrate the effectiveness of our model.

Ranking. In order to evaluate the effect of continuous ideology, we design
the ranking evaluation based on 100 manually labeled users, with integer labels
from 1 (most liberal/left) to 5 (most conservative/right). The manual labels
are obtained by reading their profile information and tweet content, which is
never used in the training stage. Here we evaluate the pairwise accuracy between
Twitter users, where a pair of users is considered correct if the order of their
1-dimensional ideologies aligns with the order of manual labels. The accuracy
is defined as the fraction of correct pairwise arrangements between these users.
We use five different sets of random initialization for the model parameters, and
report the mean and standard deviation on a total of 3,857 pairs of users in
Table 1, where the relation in the bracket represents the type of link used in the
corresponding method.

Classification. In the classification task, we classify users as liberal or con-
servative based on the ideology we have inferred from the dataset. To obtain the
ground truth of some users in our dataset, we collect congress people’s party af-
filiation as well as the political leaning for 100 popular newspaper accounts*, and
we also take advantage of the labeled users in our previous task. These multi-
dimensional ideal points are used to train a logistic regression classifier. The
classification performance is measured by the Area Under ROC Curve (AUC),
and is averaged over 10 different runs by different samples of training data.
The mean AUC and standard deviation are reported in Table 1. We select the
ideology dimension to be K =5 in our method.

3.3 Case Studies

We visualize the latent ideology position of Twitter users. We collect all users
in our dataset who claim themselves to live in one of the 50 states in the U.S.
(or Washington, D.C.), and calculate the average ideology for each area. Then
we are able to map the average score to a color between red and blue. As a
result, 9,362 users are identified and 29 states are labeled as red (conservative),
as shown in Fig. 1. We can see that the colors of most areas agree with recent
election results: states along the west coast and new England area are mostly
liberal; while most conservative states lie in the midwest and south region.

4 Related Work
4.1 Ideology Detection in Roll Call Voting Data

Ideal point models attempt to estimate the position of each lawmaker in the
latent political space. Legislative voting is one of the sources for quantitative

* Source: http://www.mondotimes . com/newspapers/usa/usatop100.html



Table 1. Experimental Results (test data)
| Method [Ranking Accuracy (%)|Classification AUC (%)]

AVER (follow) 42.7 52.3
AVER (mention) 44.6 55.8
AVER (retweet) 47.4 58.7
B-IPM (follow) 44.3 £10.2 86.8 £ 2.1
B-IPM (mention) 43.3£18.3 55.8+6.4
B-IPM (retweet) 50.1 +12.7 56.1 +6.6
SLIPM (Jollow) 626 1.1 9%3+15

SL-IPM (mention) 62.3 + 2.7 95.1+1.8
SL-IPM (retweet) 63.7 £ 0.5 95.8 £0.5
ML-IPM-fixed 65.5+ 0.8 93.0£ 3.5
ML-IPM 66.3 + 0.7 98.6 + 1.3

Liberal Conservative
— -

Fig. 1. Average ideology for Twitter users in each state. Darker red means more con-
servative, while darker blue means more liberal.

estimation of lawmakers’ ideal points. Poole and Rosenthal [14] were among the
first few researchers in political science domain to provide a thorough and rigor-
ous approach for ideology estimation, which has been generalized by numerous
other political science scholars [15,8, 16,11, 10, 2]. Researchers study the public
voting record of lawmakers and model the probability of each vote, which is usu-
ally described as the interaction of the lawmaker’s ideal point and the position
of the bill. Along this line of research, computer science researchers extend the
ideal point model to a variety of aspects, including applying natural language
processing and topic modeling techniques on bills [3,4,7,9,13].

4.2 Ideology Detection in Social Networks

Apart from voting records, recently many approaches have been using informa-
tion from social networks to analyze user’s political leaning. Typically, inference
of a user’s ideal point is made by exploring her neighbors and her relationship
with labeled users (e.g. politicians). Therefore, a simple yet intuitive approach
would be calculating the ratio of Democrats and Republicans that a user be-



friends with [5]. Wong et al. [17,18] assume liberal people tend to tweet more
about liberal events and the same for conservative users. Barbera [1] proposes
a probabilistic model to describe the likelihood of the social network, where the
probability of a link is defined as a function of ideal points of both users.

5 Conclusion

In this paper we present a novel approach for ideology detection on Twitter us-
ing heterogeneous types of links. Instead of predicting binary party affiliations
of users, we focus on a more comprehensive task of detecting continuous ideal
points for Twitter users. In addition, we improve over traditional ideology es-
timation models by integrating information from heterogeneous link types in
social networks. Specifically, our model is able to automatically update the im-
portance scores of various relations on Twitter. The experimental results on a
subnetwork of Twitter show our advantage over the baseline methods.
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