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ABSTRACT An increasing number of social network mental disorders (SNMDs), such as
Cyber-Relationship Addiction, Information Overload, and Net Compulsion, have been recently
noted. Symptoms of these mental disorders are usually observed passively today, resulting in
delayed clinical intervention. In this paper, we argue that mining online social behavior provides
an opportunity to actively identify SNMDs at an early stage. It is challenging to detect SNMDs
because the mental factors considered in standard diagnostic criteria (questionnaire) cannot be
observed from online social activity logs. Our approach, new and innovative to the practice of
SNMD detection, does not rely on self-revealing of those mental factors via questionnaires.
Instead, we propose a machine learning framework, namely, Social Network Mental Disorder
Detection (SNMDD), that exploits features extracted from social network data to accurately
identify potential cases of SNMDs. We also exploit multi-source learning in SNMDD and
propose a new SNMDbased Tensor Model (STM) to improve the performance. Our framework
is evaluated via a user study with 3126 online social network users. We conduct a feature
analysis, and also apply SNMDD on large-scale datasets and analyze the characteristics of the
three SNMD types. The results show that SNMDD is promising for identifying online social
network users with potential SNMDs.
Keywords Online social network, mental disorder detection, feature extraction, tensor
factorization
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friends are also CR users, which is greater

where score is the average CR score in that

than the percentage of other SNMD types.

community,

On the other hand, the 8th bar from the left

proportion of CR users in the community. It

in Fig. 3(a) indicates that in FB L, about

is similar for each IO/NC point. As Figs.
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3(c) and 3(d) show, for each SNMD type,
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similar friend types. This is because CR and
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(e.g., relationships and information) from
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number of NC users, especially in FB L (i.e.,
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Fig.

[41] is performed on FB L and IG L to

examining these communities, we find that

derive the relationships between different

those communities (with large ratios of NC

types of SNMD users in their communities.

users) are usually very small (usually with

Figs. 3(c) and 3(d) analyze the community

the size around 5) because NC users are

structures of SNMD users with different

less-active. On the other hand, in IG L,

SNMD scores, where each point represents

when SNMD scores are larger, the ratios of

the

community.

IO users in communities are also larger. This

Specifically, each community in the dataset

is because IO users can view, like, or follow

is represented by three different types of

others in Instagram more easily (not

points, i.e., CR, NC, and IO. For example,

necessary to be friends first). Fig. 3(e)
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compares the ratios of different types of
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3(c)).
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SNMD users identified in FB L and IG L.

detection.

There are more CR users in IG L probably

collaborative

because CR users seek social supports

scientists and mental healthcare researchers

online to compensate the loneliness in real

to address emerging issues in SNMDs. As

life. We argue that the Instagram platform

for the next step, we plan to study the

makes it easy to freely create social

features extracted from multimedia contents

relationships with strangers. In contrast, it is

by techniques on NLP and computer vision.

not

social

We also plan to further explore new issues

relationships on Facebook since the friend

from the perspective of a social network

requests need to be approved. Finally, Fig.

service

3(f) compares the average number of hops

Instagram, to improve the well-beings of

from each SNMD user to the nearest user

OSN users without compromising user

with the same type of SNMDs. The leftmost

engagement.

bar shows that the average hop distance
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