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Abstract—Depression is one of the leading factors in global
disability and a top driver for suicides. Studies have shown that
depression has an effect on language usage. In recent years,
especially during the COVID pandemic, social media platforms
have become the de facto platform for many individuals to
self-disclose or discuss mental health issues like depression.
This trend presents a unique opportunity for researchers and
healthcare professionals to detect potential mental illnesses for
early intervention or treatment by taking advantage of the recent
advances in machine learning approaches. Existing depression
detection methods on social media, however, suffer from two
major limitations. First, these solutions heavily rely on the
amount, quality, and type of user-posted content. Second, the
overlooked social circle impact should be leveraged to enhance
the prediction capabilities. In this paper, we propose a depression
detection framework, MentalNet, based on heterogeneous graph
convolution by capturing users’ interactions (replies, mentions,
and quote-tweets) with their friends on social media and dif-
ferentiating the intimacy of users’ social circles (e.g., family,
friends, or acquaintances). Specifically, we formulate the problem
of depression detection on social media as a graph classification
problem by representing users’ social circles in the format of
heterogeneous graphs. MentalNet embraces three modules, (1)
extraction of ego-network node features, (2) construction of
user interaction graphs, and (3) depression detection based on
heterogeneous graph classification. The extensive experiments
on Twitter data demonstrate that MentalNet consistently and
significantly outperforms the state-of-the-art methods in terms of
all the effectiveness metrics. Compared to the baseline methods,
MentalNet is able to effectively predict early depression in Twitter
users with up to 24% improvement on F1 score.

Index Terms—Representation Learning, Heterogeneous Graph,
Depression Detection.

I. INTRODUCTION

Depression is one of the leading factors in global disability
and a top reason for suicides. It has been observed that
people are increasingly relying on social media platforms
such as Twitter to share emotions and personal messages. The
content originated by those users and the language used in
their posts unveil not only their daily lives but also insightful
mental states. In the past, researchers have applied traditional
machine learning models to predict depression using social
media [1]–[5] with a reasonable accuracy. More recent works
have focused on deep learning approaches by utilizing the
natural language processing methods [6]–[9]. Though various

approaches exist for depression detection in social media, the
current solutions suffer from the following limitations. First,
the techniques heavily rely on the amount, quality, and type of
user-posted content as training data. Second, the overlooked
social circle impact ought to be leveraged to enhance pre-
diction capabilities. We advocate for the exploitation of the
relationship (interactions) between users on social media to
support accurate and early detection of depression.

Our motivation and contributions. It has been revealed that
user interactions on social media provide useful insights on
the emotional states of users [10]. In addition, social media
not only contributes to depression states, but may be the sole
cause of the states [11]. A correlation between depressed
users and their ego network has been thoroughly investigated;
a user is 93% more likely to be depressed if one of her
immediate friends is depressed [12]. Such relational data about
users’ ego networks, of course, are non-trivial to capture and
analyze. Motivated by the above observations, we propose
MentalNet for early detection of depression by capturing the
relational data in users’ ego-networks using heterogeneous
graph convolution. MentalNet builds on three common types
of users’ interactions with their friends on social media,
namely, replies, mentions, and quote-tweets. To the best of
our knowledge, our work pilots the first concept among its
peers to formulate the problem of depression detection on
social media as a graph classification problem by representing
users’ social circles as heterogeneous graphs. We summarize
our contributions as follows:

• We formulate the problem of depression detection to a
heterogeneous graph classification problem and propose
a novel solution, MentalNet, anchored on heterogeneous
graph convolution by capturing users’ various interactions
with their friends on social media and differentiating the
intimacy of users’ social circles.

• We create a new depression repository PsycheNet-G by
injecting user’ various interactions on social media into
PsycheNet [13], the first social contagion-based depres-
sion repository.

• To capture the linguistic features exhibited in users’ social
posts, we design an LSTM autoregressive sequence-to-



sequence autoencoder to extract the latent features in
written posts as users’ features in their ego-networks.

• To distinguish between the types of interactions which
form the relationships between users and their friends,
we construct a graph with heterogeneous edges that
represent various types of user interactions on social
media, namely, replies, mentions, and quote-tweets. Aim-
ing to denoise the learning process with multiple graph
convolution operations, we encode the adjacency matrix
of users’ each interaction in the format of a doubly
stochastic matrix.

• To effectively compare the heterogeneous user interaction
graphs involving different numbers of friends, we employ
sort pooling [14] to assign friends with similar structural
roles in their respective graphs similar positions for
subsequent graph convolution operations.

• The extensive experiments using real-world Twitter data
verify that MentalNet has a leading edge over the state-of-
the-art methods in terms of all the effectiveness measures.
Compared to the baseline methods, MentalNet is able to
effectively predict early depression in Twitter users with
up to 24% improvement on F1 score. The TensorFlow
implementation of MentalNet is publicly available1.

The rest of the paper is organized as follows. In Section 2,
we describe PsycheNet-G, the new depression data repository.
In Section 3, we elaborate on the MentalNet design. In Section
4, we empirically compare MentalNet with the state-of-the-
art methods. We review the related work in Section 5 and
conclude the paper in Section 6.

II. AUGMENTATION OF PSYCHENET DATASET

PsycheNet-G. In this study, we extended the PsycheNet [13]
dataset by injecting the information about bidirectional replies,
mentions, and quotes-tweets between each user and any of her
friends. We used Twitter Search API to re-fetch the raw tweets
for each user and her friends. All the depression self-diagnostic
tweets, as well as their corresponding Twitter timelines, in
PsycheNet were further examined by a domain expert for their
genuineness to verify the depressed users as ground truth.
After that, we excluded those self-diagnostic tweets identified
as fake. Table I shows some sample self-diagnostic tweets
identified as genuine and fake, respectively. In addition, for
every tweet of each user, we examine whether the tweet was
in reply to a friend of the user, and whether that friend had any
tweets in reply from the user. We summed all of their reply
counts to acquire the number of bidirectional replies between
each user and her friends. Also, we searched all tweets of
each user for mentions of any of her friends, and all friends’
tweets for mentions of that user. If both a user and her friend
had mentioned each other, we aggregated their mentions as a
bidirectional mention count. Lastly, we handled quote-tweets,
which are retweets with an added comment and allowed us to
capture a more direct communication between users and their

1https://github.com/anonymous

friends. Similarly, we counted the bidirectional quote-tweets
between each user and her friends. We named our augmented
PsycheNet dataset as PsycheNet-G. Table II reports the basic
statistics of PsycheNet-G.

III. PROPOSED METHOD

A. The MentalNet Architecture

MentalNet casts the problem of depression detection on
social media into a graph classification problem on heteroge-
neous graphs. Figure 1 depicts the architecture of MentalNet,
which embraces three modules: (1) extraction of ego-network
node features, (2) construction of user interaction graphs, and
(3) depression detection based on heterogeneous graph clas-
sification. First, to capture the linguistic characteristics from
user tweets, we train an LSTM autoregressive sequence-to-
sequence autoencoder to extract the latent features in written
posts as users’ node features in their ego-networks. Second,
we create for each user an ego-network based on each specific
type of user interactions (replies, mentions, and quote-tweets),
followed by merging the three resulting ego-networks together
to build a heterogeneous graph, where each edge (u, v) is
represented as a 3-dimensional vector encoded as the numbers
of bidirectional replies, mentions, or quote-tweets between u
and v. Third, we feed such heterogeneous ego-network graph
to a deep graph convolution network with sort pooling [14] to
furnish heterogeneous graph classification.

B. Node Feature Extraction

To capture the linguistic characteristics of users and their
friends, we applied an LSTM autoregressive sequence-to-
sequence autoencoder [15] to extract the latent features from
their posts as their embeddings. In our autoencoder, both
encoder and decoder were bidirectional-LSTM networks. Such
autoencoder was trained to minimize the reconstruction loss
(categorical crossentropy) with the softmax as the final layer
and the Adam optimizer to reconstruct the input tweet se-
quence. The embedding averaged over all the tweets written by
each particular user/friend obtained using the encoder-decoder
model was then treated as the node features in each user’s
respective ego-network graph.

C. User Heterogeneous Graph Construction

Ego-network creation with multiple edge types. For each
user u, we create her/his ego-network graph for each specific
interaction type where each edge attribute value is set as the
number of interactions in that type between u and a friend.
The embeddings obtained from the LSTM autoencoder (as
discussed in the previous subsection) are adopted as the node
features. We then merge these three ego-network graphs for
each user into a heterogeneous graph with each edge being
a 3-dimensional vector representing the strengths of different
interaction types (replies, mentions, or quote-tweets). Given a
user’s information, we only keep those friends she/he interacts
with. In other words, if a friend is missing all the three
interaction types with the associated user, that friend is pruned.



TABLE I: Samples of unedited depression self-diagnostic tweets in PsycheNet-G

Genuine Umm yes! I have been diagnosed with depression in October and this pandemic ain’t helping!
I’ve been diagnosed with depression, and i dont take meds.
I’ve been diagnosed with depression for five years and dealt with it for about ten.

Fake I’ve been diagnosed with depression by TikTok
Interesting.. you just described me I’ve been diagnosed with depression but perhaps it’s not!
Playing bit life and I’ve been diagnosed with depression at age 3 f*** that

TABLE II: Basic statistics of PsycheNet-G dataset

Users Friends per user Replies per user Mentions per user Quote-Tweets per friend

Sum Min Max Mean Sum Min Max Mean Sum Min Max Mean Sum Min Max Mean Sum

Depressed group 242 1 518 63 15, 321 1 19, 414 1, 379 333, 799 1 17, 885 891 215, 722 1 461 35 8, 470

Control group 349 1 448 89 31, 103 1 132, 907 3, 119 1, 088, 470 1 63, 532 1, 804 629, 437 1 22, 328 283 98, 700

Node Feature Extraction Heterogeneous Graph Construction Depression Detection
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Fig. 1: The architecture of MentalNet, where a heterogeneous ego-network graph is constructed by merging three types of
user-friend interactions (replies, mentions, quote-tweets). MentalNet consists of (1) node feature extraction using an LSTM
autoregressive sequence-to-sequence autoencoder, (2) construction of heterogeneous user interaction graphs, and (3) depression
detection based on heterogeneous graph classification.

Doubly stochastic normalization for heterogeneous graph
stabilization. Since the graph convolution is repeated multiple
times on constructed heterogeneous graphs in MentalNet, in
order to stabilize the subsequent consecutive graph convo-
lutions, we apply doubly stochastic normalization [16] to
the constructed heterogeneous graphs before feeding them to
the graph convolutional networks. Traditionally, an adjacency
matrix used in graph convolution operation [17] is a positive-
valued matrix where each element has one-dimensional edge
feature, which models the correlation between each node pair
in a graph. In our design, given a graph with N nodes, we
denote X as an N × F tensor representation of the node
features of the graph and Xij be the value of the jth feature of

the ith node. Also, let E be an N×N×K tensor representation
of edge features in the graph, Eij be the K-dimensional edge
feature vector connecting the ith and the jth nodes, and Eijk

be the kth dimension of the edge feature Eij∗. We convert
each matrix E∗∗k, k = 1, 2, ...,K as a doubly stochastic matrix
E′

∗∗k as follows:

Êijk =
Eijk∑N
p=1 Eipk

E′
ijk =

N∑
p=1

ÊipkÊjpk∑N
u=1 Êupk

(1)

It is observed that normalized matrix E′
∗∗k is both left



stochastic and right stochastic (i.e., E′
∗∗k is a doubly stochastic

matrix). A doubly stochastic matrix is a square matrix of non-
negative real numbers, each of whose rows and columns sums
to 1. Thus, E′

∗∗k meets the following properties:

E′
ijk ≥ 0

N∑
i=1

E′
ijk =

N∑
j=1

E′
ijk = 1.

(2)

In MentalNet, we operate E′
∗∗k, k = 1, 2, ...,K as the

adjacency matrix in each graph convolution operation instead
of using the edge feature matrix E∗∗k based on the symmetric
normalization [14], [17], [18]. Consequently, the resulting
Markov chain with such doubly stochastic transition matrix
helps to denoise the subsequent convolution learning process
by ensuring a uniform stationary distribution [16].

D. Graph Convolution and Sort Pooling

Recently a few works have been proposed to perform graph
classification using graph convolution [14], [17], [18]. Here we
articulate the graph convolution and sort pooling operations in
MentalNet.
Graph convolution for substructure feature extraction. Let
G be an undirected graph of n ∈ N nodes and an adjacency
matrix A ∈ Zn×n. An augmented adjacency matrix of G is de-
fined as Ã = A+ In. For row-wise normalization, a diagonal
degree matrix of D is defined as D̃i,i =

∑
j Ãi,j . A matrix of

learnable parameters is defined as W ∈ Rc×c′ , c′ ∈ N, where
c′ is the number of output feature channels. Suppose that the
node feature matrix is X ∈ Rn×c, c ∈ N and a non-linear
activation function is denoted by f . The graph convolution
operation can be defined as follows:

Z = f
(
D̃−1ÃXW

)
, (3)

where graph convolution aggregates information about the
local substructure by smoothing information about nodes in
the local neighborhood. To extract the multi-scale substructure
features, in MentalNet, multiple graph convolution layers are
stacked, as follows:

Z(t+1) = f
(
D̃−1ÃZ(t)W(t)

)
, (4)

where Z(0) = X and W(t) ∈ Rct×ct+1 .
To extract different substructure features for graph classi-

fication, MentalNet consecutively employs Weisfeiler-Lehman
subtree kernel [19] during the graph convolution process. Also,
in MentalNet, the outputs from consecutive graph convolution
layers, Z(t), t = 1, ..., h, are horizontally concatenated in the
form of a tensor Z(1:h), where h is the number of the graph
convolutional layers, before sort pooling.
Sort pooling for effective graph comparison. To ensure that
the 1-dimensional convolutional filters are applied to different
ego-network graphs consistently, MentalNet orchestrates sort
pooling [14] to sort all nodes in a graph based on their
embeddings obtained from the graph convolution process. In

the sort pooling layer, the node embeddings are sorted and
pooled so that the nodes with similar structural roles are
assigned similar positions in their respective graphs before
they are fed to 1-dimensional convolution layers for graph
comparison. Specifically, the sort pooling takes as input tensor
Z(1:h), where each row is a node’s feature descriptor and
each column is a feature channel. The input tensor is sorted
row-wise according to the last channel of Z(h) in descending
order. The layer’s output is a k ×

∑h
1 ct tensor, where k is

a user-defined parameter. Also, the sort pool layer extends
(by using zero-padding) or truncates the output tensors in the
first dimension from n to k to make graphs with different
sizes (numbers of nodes) to share the same size (k nodes) for
effective graph comparison [14].

IV. EXPERIMENTAL VALIDATION

In this section, we empirically show the superiority of
MentalNet over the state of the art. To ensure that there was
no data leakage, we partitioned all users in the depression and
control groups, respectively, into training and test sets with a
split of 70% and 30% and removed any friend who is a friend
of a user in the training set and also a friend of a user in
the test set. All the experiments were conducted with Python
v3.7, TensorFlow v2.6.0, and StellarGraph v1.2.1 on Google
Colab (with Tesla P100 GPU and 25 GB RAM). The default
architecture of MentalNet consists of four graph convolutional
layers, a sort pooling layer, two 1-dimensional convolutional
layers, two max pooling layers, a fully-connected layer, and
an output layer with a binary classification head.

A. Baseline Methods for Comparison

We implemented the following baseline methods for perfor-
mance comparison:

• CNNWithMax [7]. This method extracts word embed-
dings from users’ concatenated tweets, which are then
fed to an one-dimensional CNN architecture.

• CNNWithMax+. This is an extended version of CN-
NWithMax, incorporating the tweets from users’ friends.

• CNNFastText [20]. This methods extracts the word em-
beddings from users’ concatenated tweets, which are then
fed to a two-dimensional CNN architecture.

• CNNFastText+. This is an extended version of CNN-
FastText, incorporating the tweets from users’ friends.

• LSTMFastText [21]. This methods extracts the word
embeddings from users’ concatenated tweets, which are
then fed to three stacked Long Short Term Memory
(LSTM) layers.

• LSTMFastText+. This is an extended version of LSTM-
FastText, incorporating the tweets from users’ friends.

• MentalSpot [13]. The method employs contrastive learn-
ing and implements dynamic mean shift pruning to
identify the most homogeneous friends. The tweets from
each user and her most homogeneous friends are used
for depression detection. We retrieved the top-5 most
homogeneous friends for each user.



TABLE III: Performance comparison by varying the number of friends per user (50 tweets per friend).

5 Friends 9 Friends All Friends

Healthy (0) Depressed (1) Healthy (0) Depressed (1) Healthy (0) Depressed (1)

P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

CNNWithMax 0.78 0.79 0.78 0.75 0.72 0.73 0.78 0.79 0.78 0.75 0.72 0.73 0.78 0.79 0.78 0.75 0.72 0.73
CNNWithMax+ 0.79 0.75 0.77 0.75 0.71 0.73 0.77 0.65 0.70 0.70 0.64 0.67 0.75 0.76 0.75 0.71 0.70 0.70
CNNFastText 0.78 0.74 0.76 0.76 0.68 0.72 0.78 0.74 0.76 0.76 0.68 0.72 0.78 0.74 0.76 0.76 0.68 0.72
CNNFastText+ 0.75 0.71 0.73 0.71 0.67 0.69 0.71 0.71 0.71 0.70 0.68 0.69 0.79 0.69 0.74 0.72 0.70 0.71
LSTMFastText 0.76 0.74 0.75 0.73 0.69 0.71 0.76 0.74 0.75 0.73 0.69 0.71 0.76 0.74 0.75 0.73 0.69 0.71
LSTMFastText+ 0.77 0.74 0.75 0.73 0.69 0.71 0.76 0.67 0.71 0.68 0.65 0.66 0.73 0.70 0.71 0.67 0.58 0.62
MentalSpot 0.80 0.79 0.80 0.77 0.75 0.76 0.82 0.80 0.81 0.78 0.74 0.76 0.75 0.71 0.73 0.71 0.65 0.66
MentalNet 0.81 0.80 0.80 0.74 0.70 0.72 0.86 0.80 0.83 0.81 0.77 0.79 0.89 0.88 0.89 0.87 0.84 0.86

TABLE IV: Performance comparison by varying the number of tweets per user/friend (all friends considered per user).

5 Tweets 50 Tweets 100 Tweets

Healthy (0) Depressed (1) Healthy (0) Depressed (1) Healthy (0) Depressed (1)

P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

CNNWithMax 0.75 0.64 0.69 0.72 0.62 0.67 0.78 0.79 0.78 0.75 0.72 0.73 0.77 0.75 0.76 0.74 0.71 0.72
CNNWithMax+ 0.75 0.62 0.68 0.72 0.63 0.67 0.75 0.76 0.75 0.71 0.70 0.70 0.73 0.75 0.74 0.70 0.68 0.69
CNNFastText 0.68 0.64 0.66 0.66 0.65 0.65 0.78 0.74 0.76 0.76 0.68 0.72 0.78 0.73 0.75 0.74 0.67 0.72
CNNFastText+ 0.70 0.65 0.67 0.63 0.64 0.63 0.79 0.69 0.74 0.72 0.70 0.71 0.73 0.69 0.71 0.73 0.68 0.70
LSTMFastText 0.72 0.68 0.70 0.70 0.66 0.68 0.76 0.74 0.75 0.73 0.69 0.71 0.77 0.70 0.73 0.73 0.68 0.70
LSTMFastText+ 0.69 0.68 0.68 0.67 0.56 0.61 0.73 0.70 0.71 0.67 0.58 0.62 0.70 0.66 0.68 0.67 0.56 0.61
MentalSpot 0.71 0.65 0.68 0.65 0.62 0.64 0.75 0.71 0.73 0.71 0.65 0.66 0.71 0.68 0.69 0.68 0.60 0.64
MentalNet 0.79 0.80 0.79 0.76 0.75 0.75 0.89 0.88 0.89 0.87 0.84 0.86 0.78 0.78 0.78 0.75 0.74 0.74

B. Performance Comparison

Impact of the number of friends per user. Table III compares
the performance of MentalNet with the baseline methods in
terms of precision, recall, and F1 scores by varying the number
of friends per user (we fixed the number of tweets per friend
to 50). As shown in Table III, MentalNet outperformed all
the baseline methods in most cases. When the number of
friends was 5, MentalNet showed similar performance with
MentalSpot since the same group of friends were taken into ac-
count for each user. For the depressed group, the performance
scores were 0.74, 0.70, and 0.72, respectively, for MentalNet
and 0.77, 0.75, and 0.76, respectively, for MentalSpot. When
n was increased to 9, MentalNet consistently outperformed
the baseline methods with precision, recall, and F1 scores of
0.86, 0.80, and 0.83, respectively, for the healthy group, and
0.81, 0.77, and 0.79 for the depressed group. When we utilized
all friends for each user, MentalNet yielded precision, recall,
and F1 scores of 0.89, 0.88, 0.89, respectively, for the healthy
group, and 0.87, 0.84, and 0.86, respectively, for the depressed
group, which was a significant improvement over all baseline
methods. This can be explained by the fact that MentalNet
utilizes graph neural networks to capture users’ interactions
with their friends on social media and therefore is able to
differentiate the intimacy of users’ different social circles. On
the other hand, simply increasing the number of friends for
all baseline methods will sometimes deteriorate the prediction
results since not every friend equally contributes to a user’s
mental status.

Impact of the number of tweets per user/friend. Table IV
compares the performance of MentalNet with the baseline
methods in terms of precision, recall, and F1 scores by varying
the number of tweets per friend (we used all the friends for
each user). As shown in Table IV, MentalNet consistently
outperformed all the baseline methods in all cases. When m
was set to 5, MentalNet yielded precision, recall, and F1 scores
of 0.79, 0.80, and 0.79, respectively, for the healthy group, and
0.76, 0.75, and 0.75, respectively, for the depressed group.
With m set to 50, MentalNet significantly outperformed the
baseline methods with the precision, recall, and F1 score of
0.89, 0.88, and 0.89, respectively, for the healthy group, and
0.87, 0.84, and 0.86, respectively, for the depressed group.
The best performance of MentalNet was achieved for both
the healthy group and depressed group when the number of
tweets was set to 50. The reason could be that using 50 most
recent tweets of all friends until the self-diagnosis point is
a more accurate estimate for a user’s mental status due to
the dynamic nature of depression over time, since a tweet
published a long time ago might not indicate the user’s current
depression status.

V. RELATED WORK

Since traditional machine learning approaches [1]–[5] for
depression detection using social media data heavily rely
on feature engineering, a handful of deep learning-based
approaches to detecting depression have been proposed. Yates
et al. advocated for a convolutional network model to detect
and identify depressed users based on textual information [6].



In [7], the CBOW and skip-gram models were used to capture
users’ linguistic features, which were then fed into different
convolutional and BiLSTM network architectures. Gui et al.
piloted a multi-agent model to predict depression in users
by analyzing both text and relevant images, where a GRU
network facilitates feature extraction from text and VGG-Net
was applied to extract visual features from images [8]. In [9],
a convolutional network was used to extract linguistic features
from users’ tweets while a GRU-based network was employed
to deal with the temporal and semantic modalities. In [22], a
multi-modal approach was proposed to leverage text, image,
and behaviour features to originate an aggregated depression
score for each post on Instagram, where a convolutional
network was created for images, a recurrent neural network
was applied for text, and a random forest model was utilized
as the behavior classifier. Lin et al. [23] designed a multi-
modal approach by using BERT to extract text features and
convolutional networks to extract visual features from images.
Unfortunately, all the aforementioned methods suffer from
two major limitations. First, these solutions heavily depend
on the amount, quality, and type of user posted content,
which requires a significant amount of user generated content
(tweets). Second, the existing techniques ignore interactions
between users on social media, which ought to be leveraged
to enhance the prediction capabilities to support accurate and
early detection of depression. Pirayesh et al. [13] proposed
MentalSpot, which is primed to identify the homogeneous
friends and to explore social posts from homogeneous friends
to detect depression. However, MentalSpot fails to capture
users’ various interactions with their friends on social media,
thereby being unable to differentiate the intimacy of users’
multiple social circles.

VI. CONCLUSION

In this study, we propose a novel depression detection
framework, MentalNet, anchored on heterogeneous graph con-
volution by capturing users’ interactions on social media
and differentiating the intimacy of users’ social circles. We
formulate the problem of depression detection as a graph
classification problem by representing each user as her het-
erogeneous graph with different interaction types with her
friends. Extensive experiments on the Twitter data demonstrate
that MentalNet significantly outperforms the state-of-the-art
methods in terms of all the effectiveness metrics.
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