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ABSTRACT
While depression is rated as the most important leading factor to
global disability, early detection of depression is a non-trivial task.
Existing depression detection mechanisms harvesting social media
data suffer from two major limitations. First, existing solutions rely
heavily on the amount, quality, and variety of content types (textual,
visual, etc.) posted by users to make accurate inferences, therefore
suffering from the cold-start problem when coping with users with
limited training data (e.g., most existing works exclude users with
fewer than 25 tweets). Second, existing approaches ignore the social
impact or indication from users’ social circles that can be lever-
aged to enhance the inference results. In this paper, we present
MentalSpot, a social-contagion based depression early-screening
framework using meta-learning. Specifically, we first construct a
social-contagion driven data repository PsycheNet, filling the void
of social-circle based depression datasets. We design a triplet net-
work to extract users’ embeddings based on the similarities of the
linguistic features extracted fromwritten texts. Afterwards, for each
target user, we employ dynamic mean shift pruning to select her
top-𝑘 homogeneous friends in the metric space, the texts written
by whom will then be leveraged to train a friend based depression
detection model. Extensive experiments show that MentalSpot out-
performs the state of the art in terms of all effectiveness metrics,
especially for users with very few tweets. Specifically, by using only
five tweets per user, MentalSpot successfully yields an F1 score that
would otherwise be achieved by the state-of-the-art methods requir-
ing at least twenty tweets. Our approach represents a step forward
to address the cold-start problem that deep learning techniques
struggle with for their applications in psychiatric diagnosis. The
principal beneficiaries of this study are healthcare professionals in
medical institutions to determine timely and targeted interventions
in a clinical setting. This study also supports non-profit groups
in reaching out to people with mental health issues, helping in a
global health task that cannot be fully covered by clinicians.
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1 INTRODUCTION
Clinical depression, also known as Major Depressive Disorder
(MDD), is a significant medical condition marked by persistent
feelings of emptiness, sadness, and loneliness. Depression affects
not only individuals but also the society and economy. According
to the World Health Organization, depression is one of the leading
causes of disability worldwide affecting more than 300 million peo-
ple globally. Also, it is estimated that the lost productivity associated
with depression and anxiety disorders costs the global economy
more than 1 trillion dollars each year [17]. Even though depression
can be treated, it often goes untreated because of existing stigma,
shame, and financial barriers. Undiagnosed and untreated depres-
sion is often associated with an increased risk of substance abuse,
self-harm, and suicide, which is the second leading cause of death
among individuals between the ages of 10 and 34 [8].
Clinical Limitations of Existing Approaches. Traditional clas-
sification models such as Support Vector Machine, 𝑘-Nearest Neigh-
bor, Logistic Regression, and Random Forest were explored for
depression detection [4, 6, 15, 19, 20]. Over the last decade, deep
learning techniques have gained popularity in depression detec-
tion [11, 14, 33, 35] because of their well-proven ability to extract
underlying features on large and heterogeneous data. Behavioral
and linguistic features such as Linguistic Inquiry and Word Count
(LIWC), posting time [5], personality, gender, and age [19], topic
modeling [22], online engagement and emotion [6], have also been
investigated. However, existing depression detection mechanisms
harvesting social media suffer from two major limitations. First,
existing solutions rely heavily on the amount, quality, and variety
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Table 1: Statistics of PsycheNet

Users Tweets per user Friends per user Tweets per friend Self-diagnostic tweets

Sum Min Max Sum Min Max Sum Min Max Sum Start End

Depressed group 372 35 2, 828 357, 662 25 2, 978 78, 112 25 50 3, 831, 547 01/03/2019 07/29/2020
Control group 445 27 3, 186 648, 534 30 879 110, 060 25 50 5, 449, 353 − −

of content types (textual, visual, etc.) posted by users to make ac-
curate inferences, therefore suffering from the cold-start problem
when coping with users with limited social footprints (e.g., most
existing works exclude users with fewer than 25 tweets). Second,
existing approaches ignore the social impact or indication from
users’ social circles that can be otherwise utilized to enhance the
inference results.
Our Insights on Social Contagion. Besides providing a commu-
nication platform, social media enables emotional contagion be-
tween users. Recent studies reveal that internet users with stigma-
tized illnesses such as depression are more likely to use social media
for interpersonal communication than people with other chronic
illnesses. A study on Facebook revealed that positive and negative
emotions can be propagated by online interactions between users,
often without their knowledge or awareness [7]. There have been
discussions on the link between social media use and increased de-
pression, emptiness, and anxiety in individuals. It was reported that
an increase in social media usage can be associated with depressive
symptoms such as low self-esteem as users engage in social compar-
ison, envy, and jealousy [1, 29]. Even though the cause of depression
is complex, social environments and interpersonal relationships are
leading factors that contribute to the development of depression
in individuals. Emotion contagion inside social circles has been
observed by the medical community [3, 9, 12]. In fact, according
to [23], individuals are 93% more likely to be depressed if they are
directly connected to a friend who is dealing with depression.
Our Contributions. Motivated by the aforementioned observa-
tions, in this paper, we present MentalSpot, a social-contagion based
depression early-screening framework using meta-learning.We sys-
tematically study an interesting, yet challenging problem: how can
we take full advantage of users’ social circles (also known as social
contagion) to detect the indication of depression as early as possible,
i.e., by using as few tweets as possible? This problem is non-trivial
due to the following challenges. (1) How can we effectively capture
the indication of depression from the linguistic features extracted
from limited written texts? (2) How can we distinguish all friends
among users’ social circles in a way that we can pick out the most
predictive friends (i.e., friends who are homogeneous with each
target user) to enhance the inference results?

The early detection of depression plays a vital role in supporting
healthcare professionals for determining timely and targeted inter-
ventions in a clinical setting. Since the inability of existing solutions
to support early detection is a serious limitation in practice, our
study represents an important step forward for machine learning
application in psychiatric diagnosis. To the best of our knowledge,
our work is the first of its kind to address the cold-start problem of
existing depression detection solutions by using social contagion as

an indicator of an individual’s psychological state. We summarize
our contributions as follows:

• We present MentalSpot, a social-contagion based framework
in support of depression early-screening on social media
based on meta-learning, where the implied knowledge of
depression at the individuals’ level is transferred between
friends to combat the data scarcity problem.

• We construct the first social-contagion based data repository,
PsycheNet for depression detection, filling the void of social-
circle driven depression datasets. Our PsycheNet dataset
contains the timelines of Twitter users in depressed and
control groups as well as the timelines of the users with
whom they are maintaining a bidirectional friendship.

• To effectively capture the indication of depression from the
linguistic features implied in limited written texts, we design
a triplet network to extract users’ linguistic embeddings.

• To distinguish friends who are homogeneous with each tar-
get user from her social circles, we employ the dynamicmean
shift pruning to identify her top-𝑘 homogeneous friends.

• We further train a friend based depression detection model
by leveraging the written texts from each target user’s top-𝑘
homogeneous friends according to the embedding distribu-
tion learned from the triplet network in the metric space.

• Extensive experiments show that MentalSpot outperforms
the state of the art in terms of all effectiveness metrics, espe-
cially for users with very few tweets. Specifically, by using
only five tweets per user, MentalSpot successfully yields an
F1 score that would otherwise be achieved by the state-of-
the-art methods requiring at least twenty tweets.

The remainder of this paper is organized as follows. Section 2
introduces the social-contagion based data repository PsycheNet.
Section 3 details the MentalSpot architecture. Comparative experi-
mental evaluations are conducted in Section 4. Section 5 provides
the parameter sensitivity analysis. Section 6 presents embedding
visualization while Section 7 examines a case study. Finally, related
works are reviewed in Section 8 and Section 9 concludes the paper.

2 SOCIAL-CONTAGION DRIVEN DATA
REPOSITORY: PSYCHENET

Due to the lack of datasets that investigate depressed users from
their social groups, we construct the first social-contagion driven
data repository, PsycheNet.1 Our PsycheNet dataset contains the
complete timelines of Twitter users in the depressed and control
groups, respectively, as well as the timelines of the users with whom
they are maintaining a bidirectional friendship. Table 1 reports the
1The de-identified dataset may be available upon request and restrictions apply to its
use.
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Table 2: Samples of sincere and insincere self-diagnostic tweets

Self-diagnostic tweets

Sincere/Genuine I’ve been diagnosed with depression for five years and dealt with it for about ten. Sit down
Umm yes! I have been diagnosed with depression in October and this pandemic ain’t helping!
Ain’t nothing wrong with it I been diagnosed with depression
I’ve been diagnosed with depression, and i dont take meds.

Insincere/Fake 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 fuck that
I have been diagnosed with depression and depression and depression
I’ve been diagnosed with depression by TikTok

statistics of PsycheNet. Note that since we are motivated to combat
the data scarcity problem for the early detection of depression, in
order to investigate the performance of MentalSpot in learning
from and classifying cold-start users, for any user we only used her
𝑚 (which defaults to 10) most recent tweets from her self-diagnostic
tweet (for the depressed user) or from her last tweet (for the control
user) for model training and test in all our experiments.
User TimelineCollection andGroundTruthVerification.We
used Twitter Search API to construct PsycheNet. To identify the
depressed group, we searched for users who publicly shared their
diagnoses by tweeting texts such as “... I have been diagnosed with
depression ...”. After identifying such individuals, we manually exam-
ined and verified the diagnostic tweets for their genuineness before
adding them to the dataset. Table 2 shows some sample diagnostic
tweets we identified as genuine or fake. For example, we considered
as genuine the tweet “I’ve been diagnosed with depression for five
years and dealt with it for about ten.”. On the other hand, the tweet
“I’ve been diagnosed with depression by TikTok.” was treated as fake
and skipped. For the control group, we randomly selected users
who tweeted from the United States and whose tweets did not men-
tion any diagnosis for depression. In addition, the verified Twitter
users (accounts with checkmark badges) were skipped since they
often have a large number of followers and a relatively low number
of followees. We collected up to 3,200 English tweets (excluding
retweets) starting from the dates of their self-diagnostic tweets (for
the depressed users) or from their last tweets (for the control users)
to when their accounts were created. Also, we employed Botometer
Pro API [32] to detect users whose activity resembles social bot
activity. We removed all the users who scored more than 0.5 on
both the Raw and Complete Automation Probability (CAP) metrics.
Collection of Tweets From Social Circles. For each user, we
define her “friends” as all Twitter accounts that she follows and
also follow her. For each friend of any user in the depressed group,
we collected up to 50 English tweets tracing backwards from the
date of the self-diagnostic tweet of the depressed user that friend
is associated with. On the other hand, for each friend of any user
in the control group, we collected up to 50 English tweets tracing
backwards from the date of the last tweet of the user that friend
is associated with. Also, we excluded any tweets from any friends
with a posting date that fell before the account creation date of the
user they are associated with.

Tweet Cleaning for Harsh Detection. To not favor the classifi-
cation of depressed individuals, for any user in the depressed group,
we removed any of her tweets that contained the words ‘depression’
or ‘depressed’. On the other hand, we removed from the control
group all those users whose tweets contained the words ‘depression’
or ‘depressed’. Furthermore, since the use of first-person singular
pronouns is more associated with users with depression than non-
depressed individuals [4, 25], we removed all pronouns to minimize
the use of domain-specific knowledge towards detecting depression
in this work.

3 PROPOSED METHOD
MentalSpot Architecture. Figure 1(a) depicts the architecture of
MentalSpot, which includes three modules: (1) user/friend embed-
ding extraction, (2) homogeneous friend selection, and (3) depres-
sion detection. To effectively capture the indication of depression
from the linguistic features implied in limited written texts, we
train an embedding model as part of a triplet network to extract
embedding representation for users and their friends. To distin-
guish friends who are homogeneous with each target user from her
social circles, we use dynamic mean shift pruning to identify her
homogeneous friends. Then we retrieve her top-𝑘 homogeneous
friends who are closest to her in the embedding space based on
pairwise cosine distance. Subsequently, a friend based depression
detection model is trained by leveraging the texts written by each
target user’s top-𝑘 homogeneous friends identified in the metric
space.
User/Friend Embedding Extraction. The embedding model is
learned as part of a triplet network [24, 30], an improvement of
Siamese network [2], to obtain embedding representations of each
user based on a triplet loss over the linguistic features implied in
users’ social posts. Figure 1(c) illustrates the architecture of the
triplet network in MentalSpot. We divide all users into two cate-
gories: control group and depressed group. Each triplet is repre-
sented as (𝑥𝑎 (𝑎𝑛𝑐ℎ𝑜𝑟 ), 𝑥𝑝 (𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒), 𝑥𝑛 (𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒)), where anchor
and positive samples are the aggregated tweets from two users in
the same group, while the negative sample is the aggregated tweets
from a user in the other group. During training, all the triplet el-
ements are fed to the embedding model which is a convolutional
neural network we will introduce soon. The triplet network reduces
the triplet loss, defined as follows:
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Figure 1: (a) The overall architecture of MentalSpot, where the implied knowledge of depression at the individuals’ level is
transferred between friends to combat the data scarcity problem; (b) Embedding extraction model; (c) Embedding extraction
model pretrained as part of triplet network at the individuals’ level.

𝐿𝑜𝑠𝑠 =

𝑁∑
𝑡=1

𝑚𝑎𝑥 (𝑆 (
−→
𝑥𝑎𝑡 ,

−→
𝑥𝑛𝑡 ) − 𝑆 (

−→
𝑥𝑎𝑡 ,

−→
𝑥
𝑝
𝑡 ) +𝑚, 0) (1)

where −→𝑥 is the embedding vector of 𝑥 , 𝑆 is the cosine similarity,𝑚
represents the constant margin, and 𝑁 is the cardinality of the set of
all triplets. This triplet loss is used to maximize the cosine similarity
between the embeddings of each anchor and its positive sample
while minimizing the cosine similarity between the embeddings of
the anchor and its negative sample. To avoid the selection bias that
is associated with hard samples and ensure a fast convergence, we
only use semi-hard triplets for training, which are the triplets that
meet the following condition:

𝑆 (
−→
𝑥𝑎,

−→
𝑥𝑝 ) > 𝑆 (

−→
𝑥𝑎,

−→
𝑥𝑛) > 𝑆 (

−→
𝑥𝑎,

−→
𝑥𝑝 ) −𝑚 (2)

We treat the embeddings generated by our embedding model as
the depression representations of the users/friends, which capture
the similarities of their linguistic features in terms of the psycho-
logical states. As illustrated in Figure 1(b), we adopt the following
architecture and hyper-parameters in the embedding model. We
use GloVe word embedding model [13, 18] for initialization. We
train a word tokenizer with 100,000 of the most frequent words in
our training corpus as the vocabulary set. Subsequently, each input
vector, consisting of all concatenated tweets of a user, is tokenized
and trimmed to the length of 16,000 (the 90th percentile of input
lengths in our training set), which is followed by zero padding. The
first layer of our embedding model is an embedding layer with
input and output dimensions of 100,000 and 200, respectively. The
second layer is a dropout layer with a dropout rate of 0.20. The
third layer is a one-dimensional CNN with 200 filters and a kernel
size of 3 and stride of 1, followed by a dropout layer with 0.10 as the
dropout rate. We adopt a one-dimensional CNN layer rather than

RNN layers [16] since the one-dimensional CNN design yielded
the best performance for depression detection in prior work [14].
Next, we apply a global max-pooling layer. Finally, a dense layer
with a size of 200 neurons is added to generate the user/friend
embeddings.
Homogeneous Friend Selection. For any user/friend, we feed
her aggregated tweets as input to the trained embedding model
to obtain her embedding. User embeddings are typically high-
dimensional and are sparse in the metric space. Therefore, given
any target user, we perform the dynamic mean shift pruning in the
embedding space to identify her homogeneous friends from her
social circles. Using traditional clustering algorithms (i.e., 𝑘-means)
has two inherent drawbacks: the number of clusters must be known
a prior, and the discovered clusters are limited to be spherical or
elliptical. On the contrary, as a nonparametric clustering technique,
mean shift clustering can overcome these two limitations by iter-
atively performing kernel density estimation, i.e., estimating the
modes (centers of the densest regions) of the multivariate distribu-
tion in the feature space. The set of points that converge to the same
mode constitutes a cluster. As a result, the number of clusters can
be obtained automatically by locating the modes. The original mean
shift uses a fixed bandwidth for all the data points. In MentalSpot,
we propose to use the dynamic mean shift where each user has
a different bandwidth based on her friend distribution in the metric
space.

Given 𝑛 data points 𝑥𝑖 , 𝑖 = 1, ..., 𝑛, where 𝑥𝑖 ∈ 𝑅𝑑 , the kernel
density estimate can be obtained using

𝑓𝐾 (𝑥) =
1
𝑛𝑏𝑑

𝑛∑
𝑖=1

𝐾

(
𝑑 (𝑥, 𝑥𝑖 )

𝑏

)
(3)
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where 𝐾 (𝑥) is a symmetric kernel, 𝑑 (𝑥, 𝑥𝑖 ) is the distance function
between 𝑥 and 𝑥𝑖 in the metric space (cosine distance for overcom-
ing the curse of dimensionality), and 𝑏 is the bandwidth value. The
profile of the kernel 𝑘 (𝑥) satisfies 𝐾 (𝑥) = 𝑐𝑘,𝑑𝑘 (∥𝑥 ∥2), where 𝑐𝑘,𝑑
is a normalization constant that ensures the kernel integrates to
1. The density modes can be obtained by setting the gradient of
the density estimator ∇𝑓𝐾 (𝑥) to 0. By taking the gradient of the
density estimator, we have:

∇𝑓𝐾 (𝑥) =
2𝑐𝑘,𝑑
𝑛𝑏𝑑+2

[
𝑛∑
𝑖=1

𝑔

((
𝑑 (𝑥, 𝑥𝑖 )

𝑏

)2)]
×


∑𝑛
𝑖=1 𝑥𝑖𝑔

((
𝑑 (𝑥,𝑥𝑖 )
𝑏

)2)
∑𝑛
𝑖=1 𝑔

((
𝑑 (𝑥,𝑥𝑖 )
𝑏

)2) − 𝑥


(4)

where 𝑔(𝑥) = −𝑘′ (𝑥) if the gradient of the kernel profile exists. The
mean shift vector can then be written as

𝑚𝑏 (𝑥) =

∑𝑛
𝑖=1 𝑥𝑖𝑔

((
𝑑 (𝑥,𝑥𝑖 )
𝑏

)2)
∑𝑛
𝑖=1 𝑔

((
𝑑 (𝑥,𝑥𝑖 )
𝑏

)2) − 𝑥 (5)

Note that we compute bandwidth value 𝑏 for each user based on
her friend distribution. In our experiments, we empirically set the
bandwidth 𝑏 for each user to the averaged cosine distance from that
user to her first and second closest friends in the embedding space.
Given any target user, we employ the proposed dynamic mean shift
on all her friends to discover those friends who reside in the same
cluster as the target user. We regard those friends who reside in the
same cluster as each target user as her homogeneous friends. It
is worth noting that we also implemented other clustering meth-
ods for comparison purpose, including 𝑘-means, 𝑘-medoids, and
agglomerative clustering, but none of them outperformed the pro-
posed dynamic mean shift method. Subsequently, we retrieve each
target user’s top-𝑘 closest homogeneous friends. The top-𝑘 closest
homogeneous friends of user 𝑢 is the set of 𝑢’s friends who are
closest to 𝑢 in the embedding space and also in the same cluster
as 𝑢. Algorithm 1 describes how MentalSpot discovers the top-𝑘
homogeneous friends for each user.
Depression Detection. After identifying the top-𝑘 homogeneous
friends for each target user, we gather the tweets from those friends
and concatenate them with the tweets of each target user they are
associated with. Here our goal is to incorporate the tweet corre-
spondence between friends to transfer the implied knowledge of
depression captured by the triplet network at the individuals’ level
to combat the data scarcity problem [10, 27]. Similar to [14], we treat
each user’s timeline as a document. After tokenizing the concate-
nated tweets, we create a unique input vector for each target user in
the depressed and control groups by using GloVe word embedding.
The depression detection model follows the same architecture and
hyper-parameters as used in the embedding model except that it
has a binary classification head, as shown in Figure 1(a).

Algorithm 1: Top-𝑘 Homogeneous Friend Discovery
Input: User set U, user tweet set T , friend set U ′, friend

tweet set T ′, 𝑘
Output: Top-𝑘 homogeneous friends for each user 𝑢 in U

1 for Each user 𝑢 in U do
2 Retrieve the embedding −→𝑢 of 𝑢 by feeding 𝑢’s tweets in

T to the pre-trained triplet embedding model.
3 for Each friend 𝑓 of 𝑢 in T ′ do
4 Retrieve the embedding

−→
𝑓 of 𝑓 by feeding 𝑓 ’s tweets

in T ′ to the pre-trained triplet embedding model.
5 Compute the bandwidth value for 𝑢.
6 Apply the dynamic mean shift to −→𝑢 and all friends of 𝑢

in U ′.
7 for Each friend 𝑓 of 𝑢 assigned in the same cluster as 𝑢 do
8 similarity = CosineSimilarity(−→𝑢 , −→𝑓 )
9 Sort all friends of 𝑢 assigned in the same cluster as 𝑢 by

the similarity score.
10 Retrieve the 𝑘 friends of 𝑢 with the highest similarity

scores.

4 EXPERIMENTAL VALIDATION
In this section, we empirically show the superiority of MentalSpot
over the state of the art. To ensure that there was no data leakage
during model training and test, we first partitioned all Twitter users
in PsycheNet into training and test sets with a split of 80% and
20%. Second, we removed any overlap between the friends of those
users in the training set and the friends of those users in the test
set. Table 3 reports the experimental parameters along with their
default values used in this section.

Table 3: Experimental parameters. The asterisk (*) denotes
the default parameter value

Parameter Symbol Values

Number of tweets per user 𝑚 5 10∗ 15 20
Number of top friends per user 𝑘 1 3 5∗ 7
Number of tweets per top friend 𝑛 5 10∗ 15 20

4.1 Methods of Comparison
We implemented the following methods for comparison.

• TF-IDF+SVM [21]. This method employs TF-IDF to extract
features from a user’s tweets. The features are then passed
to SVM with a linear kernel for classification.

• CNNWithMax [14]. This method passes each user’s con-
catenated tweets to an embedding layer, followed by a one-
dimensional CNN architecture.

• CNN+fastText [28]. This method feeds the user’s concate-
nated tweets to a two-dimensional CNN architecture for
detecting depression, based on fastText embedding.

• LSTM+fastText [31]. This method passes a user’s concate-
nated tweets to three stacked Long Short Term Memory
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(LSTM) layers to preserve sequential information for detect-
ing depression, based on fastText embedding.

• MentalSpot. This is the complete version of our proposed
MentalSpot method based on social contagion.

• MentalSpot-Rand.This is a degraded version ofMentalSpot
with friends randomly selected from users’ social circles.

4.2 Performance Comparison
We investigated the performance of all the models for detecting
depression in users by conducting five-fold cross-validation and
reported F1 score, recall, precision as the effectiveness metrics for
evaluation.
Impact on F1 Score: Figure 2 shows the impact of the number,
𝑚, of tweets we use per user on the model performance in terms
of F1 score. Specifically, Figure 2(a) depicts the F1 scores for the
depressed group while Figure 2(b) illustrates the F1 scores for the
control group. As shown in Figure 2(a), MentalSpot significantly
and consistently outperformed the other models in classifying users
into the depressed group, especially when user tweets were lim-
ited. For instance, when𝑚 was 5, MentalSpot, MentalSpot-Rand,
CNN+fastText, CNNWithMax, LSTM+fastText, and TF-IDF+SVM
yielded F1 scores of 0.76, 0.68, 0.66, 0.68, 0.69, 0.63, respectively.
When𝑚 was 20, MentalSpot, MentalSpot-Rand, CNN+fastText, CN-
NWithMax, LSTM+fastText, and TF-IDF+SVM returned F1 scores of
0.85, 0.75, 0.77, 0.80, 0.73, 0.74, respectively. With respect to the con-
trol group, as shown in Figure 2(b), MentalSpot also outperformed
all the other models. For instance, when𝑚 was set at 10, MentalSpot,
MentalSpot-Rand, CNN+fastText, CNNWithMax, LSTM+fastText,
and TF-IDF+SVM returned F1 scores of 0.84, 0.80, 0.79, 0.79, 0.76,
0.79, respectively. The superiority of MentalSpot can be explained
by its taking advantage of the social footprints left by their friends.
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Figure 2: Performance comparison of F1 score

Impact on Recall: Figure 3 displays the impact of the number,𝑚,
of tweets we use per user on the model performance in terms of
recall score. Specifically, Figure 3(a) depicts the recall score com-
parison for the depressed group while Figure 3(b) illustrates the
recall score comparison for the control group. As shown in Fig-
ure 3(a), MentalSpot significantly outperformed all other models.
For example, when𝑚 was set at 5, MentalSpot, MentalSpot-Rand,
CNN+fastText, CNNWithMax, LSTM+fastText, and TF-IDF+SVM
yielded recall scores of 0.73, 0.64, 0.60, 0.62, 0.68, 0.56, respectively.
On the other hand, as shown in Figure 3(b), MentalSpot outper-
formed all other models for the control group when 𝑚 was less
than 20.
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Figure 3: Performance comparison of recall

Impact on Precision: Figure 4 shows the impact of the number,𝑚,
of tweets we use per user on the model performance in terms of pre-
cision score. Specifically, Figure 4(a) depicts the precision scores for
the depressed group while Figure 4(b) displays the precision scores
for the control group. As shown in Figure 4(a), MentalSpot consis-
tently outperformed all other models for the depressed group. For
example, with𝑚 at 5, MentalSpot, MentalSpot-Rand, CNN+fastText,
CNNWithMax, LSTM+fastText, and TF-IDF+SVM yielded precision
scores of 0.79, 0.73, 0.78, 0.74, 0.72, 0.71, respectively. As shown in
Figure 4(b), MentalSpot also consistently outperformed all the other
models for the control group. For example, with𝑚 at 10, MentalSpot,
MentalSpot-Rand, CNN+fastText, CNNWithMax, LSTM+fastText,
and TF-IDF+SVM achieved precision scores of 0.82, 0.78, 0.80, 0.79,
0.75, 0.74, respectively.
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Figure 4: Performance comparison of precision

5 PARAMETER SENSITIVITY ANALYSIS
5.1 Impact of the Number of Top Friends Per

User
We investigated the performance of MentalSpot by varying the
number, 𝑘 , of the top friends we use per user. We set the number,𝑚,
of tweets per user and the number, 𝑛, of tweets per each friend to
their default values of 10. We conducted five-fold cross-validation
and reported F1 score as the effectiveness metric for evaluation.
Figure 5 shows the impact of 𝑘 on the performance of MentalSpot
and MentalSpot-Rand in terms of F1 score. Specifically, Figure 5(a)
depicts the F1 scores for the depressed group while Figure 5(b) illus-
trates the F1 scores for the control group. As shown in Figure 5(a),
when 𝑘 was set at 1, 3, 5, and 7, MentalSpot yielded F1 scores of
0.79, 0.77, 0.80, 0.79 while MentalSpot-Rand yielded F1 scores of
0.75, 0.72, 0.75, 0.76. As shown in Figure 5(b), as the value of 𝑘
increased from 1 to 7, MentalSpot returned F1 scores of 0.80, 0.81,
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0.84, 0.82 while MentalSpot-Rand returned F1 scores of 0.78, 0.75,
0.80, 0.81. We can observe that increasing the number of friends
per each user from 1 to 5 led to better performance in MentalSpot.
However, when 𝑘 was set at 7, the performance of MentalSpot
did not improve even though the training records were increased.
This verifies the need of selecting homogeneous friends since the
top-5 friends retrieved in MentalSpot were the most homogeneous
friends and therefore, simply increasing the number of friends will
not necessarily improve the performance, let alone using all friends.
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Figure 5: Impact of 𝑘 on F1 score of MentalSpot

5.2 Impact of the Number of Tweets Per Top
Friend

We also investigated the performance of MentalSpot by varying the
number, 𝑛, of tweets we use per top friend. We set the number,𝑚,
of tweets per user and the number, 𝑘 , of the top friends per user to
their default values of 10 and 5. Figure 6 shows the impact of 𝑛 on
the model performance in terms of F1 score. Specifically, Figure 6(a)
depicts the F1 scores for the depressed group, while Figure 6(b)
reports the F1 scores for the control group. As shown in Figure 6(a),
when 𝑛 was set at 5, 10, 15, and 20, MentalSpot yielded F1 scores
of 0.78, 0.80, 0.80, 0.80 while MentalSpot-Rand yielded F1 scores of
0.70, 0.75, 0.77, 0.74. As shown in Figure 6(b), MentalSpot returned
F1 scores of 0.82, 0.84, 0.83, 0.84 while MentalSpot-Rand returned
F1 scores of 0.73, 0.80, 0.81, 0.80, as the value of 𝑛 increased from 5
to 20. We can observe that when we increased the number of tweets
from 5 to 10 per friend, the performance improved. When we kept
increasing the number of tweets per friend, the performance gain
was limited.
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Figure 6: Impact of 𝑛 on F1 score of MentalSpot

6 USER EMBEDDING AUGMENTEDWITH
FRIEND TWEETS

To further illustrate the effectiveness of using friend tweets for
enhancing the performance of depression detection, we show the 2d-
visualization of the user embeddings generated by the depression
detection module (i.e., the input to the final output layer in the
depression detection module of MentalSpot) for the control and
depressed users in the test set. Figure 7 shows the user embeddings
learned using 5 tweets for each target user with andw/o tweets from
their friends while Figure 8 shows the user embeddings learned
using 20 tweets for each target user with and without tweets from
their friends. By comparing Figure 7(a) and Figure 7(b), we can
observe that the test users in the depressed and control groups
became more separated when using friend tweets than not using
friend tweets, given 5 tweets per test user. Similarly, as shown in
Figure 8(a) and Figure 8(b), the test users in the depressed and
control groups became more distinguishable when using friend
tweets than not using friend tweets, given 20 tweets per test user.

(a) Without friend tweets (b) With friend tweets

Figure 7: Comparison of user embeddings learned with and
w/o friend tweets. We used 5 tweets per user and 10 tweets
per the top-5 friend. The red crosses represent the test users
in the depressed group while the green dots represent the
test users in the control group.

(a) Without friend tweets (b) With friend tweets

Figure 8: Comparison of user embeddings learned with and
w/o friend tweets. We used 20 tweets per user and 10 tweets
per the top-5 friend. The red crosses represent the test users
in the depressed group while the green dots represent the
test users in the control group.

7 CASE STUDY
We randomly selected two target users (one from depressed group
and the other from control group) from the test set to investigate
their relationships with their respective friends by using the em-
beddings learned in MentalSpot. We first visualize the distributions
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(a) 5 tweets per friend (b) 20 tweets per friend

Figure 9: Embedding distributions of two users randomly selected from test set and their friends. The big red cross represents
the sample user from the depressed group while the big green dot represents the sample user from the control group.

of their friends’ embeddings, followed by a linguistic comparison of
them with their most and least similar friends in the metric space.

7.1 Friend Distribution of Sample Test Users
Figure 9 depicts the embedding representations for two users ran-
domly selected from the test set, along with those of their respective
friends. The big red cross represents the embedding of the target
user randomly selected from the depressed group while the big
green dot means the embedding of the target user randomly se-
lected from the control group. Here we used 20 tweets per user in
the training set to train the embedding model, which was further
used to generate the embeddings for all the users in the test set as
well as their corresponding friends. We varied the number of tweets
used in each friend to investigate its impact on their embeddings.
Specifically, Figure 9(a) plots the friends’ embeddings using 5 tweets
per friend while Figure 9(b) depicts the friends’ embeddings using
20 tweets per friend. A few interesting observations can be made
here. First, two target users’ embeddings are surrounded by their
friends’ embeddings, which verifies our hypothesis that the linguis-
tic features exhibited by friends can be exploited to indicate the
depression state of each user. Second, when we increased the num-
ber of tweets used for each friend, the social circles of the depressed
user and the control user became more distinguishable in the met-
ric space, leading to a decrease in the overlap between the friends’
clusters. Third, with an increase in the number of tweets used
for each friend, all the friends of a target user (either a depressed
user or a control user) become more separable, which verifies the
effectiveness of our embedding model to capture the similarities
between the target users and their homogeneous friends as well as
the dissimilarities between the target users and their heterogeneous
friends.

7.2 Linguistic Comparison of Homogeneous
Friends

For the two target users we selected in the previous subsection, we
identified their most and least similar friends in the metric space
based on the embeddings generated by MentalSpot. We plotted the
word clouds of the two target users and their corresponding most
and least similar friends. Notice that the embeddings generated by

MentalSpot aim to reflect the level of existence of depression in
individuals, rather than simply the occurrence frequency of words
used by each user. However, showing the most frequently used
words (by using word clouds) can provide us with more insight
into how the vocabularies used differ among users.

Figure 10 illustrates the top 50 words derived from the recent
20 tweets of the depressed target user along with her most and
least homogeneous friends. We can observe that the words appear
in Figure 10(a) have more in common with the words shown in
Figure 10(b) than those in Figure 10(c). Specifically, in Figure 10(a)
and Figure 10(b), there are words that are usually more associated
with depression, such as suicide, upset, lose, die, hate, dead, and sad,
which do not occur in Figure 10(c). On the other hand, Figure 11
illustrates the top 50 words derived from the recent 20 tweets of
the control target user along with her most and least homogeneous
friends. We can observe that Figure 11(c) includes words that are
more associated with negative feelings, such as sad, frustrated, frus-
trating, anxiety, inability, and fail. Such comparison of linguistic
features between target users and their most and least homoge-
neous friends demonstrates the effectiveness of the homogeneous
friend selection in MentalSpot.

8 RELATEDWORK
Machine Learning BasedDepressionDetection. Statistical and
traditional machine learning-based approaches rely heavily on
handcrafting features which is a time-consuming process and also
requires specific domain knowledge. Choudhury et al. [6] inves-
tigated whether social media can be used to detect and predict
major depressive disorder in users. Features such as depressive
words, mentions of antidepressant medications, emotional states,
and dominance were considered. In addition, user behavioral fea-
tures were taken into account by extracting social engagement
and ego-network features. The dimensionality of the features was
reduced using Principal Component Analysis (PCA) and then the
vectors were fed to a binary classifier constructed by SVM. Preotiuc-
Pietro et al. [19] explored the potential link between personality
types and two of the mental health disorders: depression and post-
traumatic stress disorder. Features such as age, personality, gender,
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(a) Target user (b) Most homogeneous friend (c) Least homogeneous friend

Figure 10: Word clouds of the random depressed user and her most and least homogeneous friends

(a) Target user (b) Most homogeneous friend (c) Least homogeneous friend

Figure 11: Word clouds of the random control user and her most and least homogeneous friends

affect, and intensity along with linguistic features were considered.
By considering the Patient Health Questionnaire-9 (PHQ-9), Yaz-
davar et al. [34] built a depression lexicon based on Twitter users
who shared their symptoms. Sentiment analysis was performed in
order to build a seeded Latent Dirichlet Allocation (LDA) capable of
monitoring clinical depression symptoms. Shen et al. [26] consid-
ered clinical depression criteria to derive domain-specific features
and online behavior of Twitter users to extract LDA topics, social
network, visual, user profile, and emotional features. The combined
depressive features were used in a dictionary learning model with
logistic regression to detect depression for Twitter users.

Deep Learning Based Depression Detection. In contrast to sta-
tistical and traditional approaches, deep-learning based approaches
do not rely heavily on hand-crafted features. Over the last decade,
deep learning techniques have gained popularity in various nat-
ural language processing tasks such as sentiment analysis, spam
detection, and more importantly, mental health detection. Yates et
al. [33] utilized CNN architecture to extract vector representations
of users’ activities on Reddit. Orabi et al. [14] employed CBOW
and skip-gram models to capture linguistic features for Twitter
users and all users’ tweets were then concatenated and fed to three
different CNN models along with a BiLSTM with context-aware
attention model for depression detection. Gui et al. [11] utilized
a reinforcement learning approach to train an agent capable of
identifying depressed users based on textual and visual features
on Twitter. In their design, Gated Recurrent Units (GRUs) were
employed to extract textual features while the pre-trained VGG-
16 model was utilized for the visual feature extraction. Zogan et
al. [35] introduced a hybrid model to consider both behavioral and
linguistic features for detecting depression for Twitter users. In

their design, a GRU-based architecture was adopted to learn from
topical, temporal, and semantic features while a CNN model was
used for extracting linguistic features from users’ tweets. Unfortu-
nately, all the aforementioned depression detection mechanisms
suffer from two major limitations. First, they rely heavily on the
amount, quality, and variety of content types posted by users to
make accurate inferences, therefore suffering from the cold-start
problem when coping with users with limited social footprints.
Second, they fail to consider the social impact or indication that
can be taken advantage of from users’ social circles to enhance the
inference results for early depression detection.

9 CONCLUSION AND FUTUREWORK
In this paper, we present MentalSpot, a social contagion-based de-
pression early-screening framework based on meta-learning, where
the implied knowledge of depression at the individuals’ level is
transferred between friends to combat the data scarcity problem.
The early detection of depression plays a vital role in supporting
healthcare professionals for determining timely and targeted inter-
ventions in a clinical setting. Since the inability of existing solutions
to support early detection is a serious limitation in practice, our
study represents an important step forward for machine learning
application in psychiatric diagnosis. To the best of our knowledge,
our work is the first of its kind to address the cold-start problem of
existing depression detection solutions by using social contagion.
Extensive experiments show that MentalSpot outperforms the state
of the art in terms of all effectiveness metrics, especially for users
with very few tweets. Our future agenda includes the extension
of this framework to other psychiatric diagnoses and prospective
model deployment for the prediction of complications.
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