
LT-EDI 2023 – Third Workshop on Language Technology for Equality, Diversity and Inclusion,
pages 192–197, Varna, Bulgaria, Sep 7, 2023.

https://doi.org/10.26615/978-954-452-084-7_029

192

Cordyceps@LT-EDI : Depression Detection with Reddit and
Self-training

Dean Ninalga
justin.ninalga@mail.utoronto.ca

Abstract

Depression is debilitating, and not uncom-
mon. Indeed, studies of excessive social
media users show correlations with depres-
sion, ADHD, and other mental health con-
cerns. Given that there is a large number
of people with excessive social media us-
age, then there is a significant population
of potentially undiagnosed users and posts
that they create. In this paper, we pro-
pose a depression severity detection sys-
tem using a semi-supervised learning tech-
nique to predict if a post is from a user
who is experiencing severe, moderate, or
low (non-diagnostic) levels of depression.
Namely, we use a trained model to clas-
sify a large number of unlabelled social
media posts from Reddit1, then use these
generated labels to train a more powerful
classifier. We demonstrate our framework
on Detecting Signs of Depression from So-
cial Media Text - LT-EDI@RANLP 2023
(Sampath et al., 2023) shared task, where
our framework ranks 3rd overall.

1 Introduction

1.1 Depression and Social Media

A unique feature of depression is its effect on
cognitive and verbal patterns. For example,
depression diagnosis is correlated to the fre-
quency of personal pronoun usage and the us-
age of positive-negative words (Edwards and
Holtzman, 2017; Tølbøll, 2019). Additionally,

1https://www.reddit.com/

persons suffering from depression often con-
nect vicious yet potentially fictional narratives
to benign experiences, generally increasing the
number of overwhelming situations they may
experience (Kanter et al., 2008). People may
then go to social media and online forums like
Reddit to discuss and post about traumatizing
experiences and may publicly reflect on their
thoughts and behavior. It is unsurprising, there-
fore, to find a wealth of attempts (as surveyed
by Hasib et al. (2023)) to use social media
posts to create a potential diagnostic screening
tool through language modeling. Recently, lan-
guage models can accurately predict symptoms
before practitioners record them (Eichstaedt
et al., 2018; Reece et al., 2016).

There are significant challenges to data
collection in the depression detection setting
despite a potential abundance of data that
likely exists on social media. Indeed, exces-
sive social media usage itself correlates with
depression, ADHD, and other serious men-
tal health diagnoses (Hussain and Griffiths,
2019). However, Guntuku et al. (2017) ob-
serve that most attempts at data collection
rely on a self-declaration or a past diagno-
sis of depression, allowing for the possibility
of non-actively depressed individuals creating
depression-positive data. In this paper, we
will attempt to apply an automatic data col-
lection process from social media through a
semi-supervised approach.
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1.2 Background on Self-training
Self-training techniques (Scudder, 1965) are a
type of semi-supervised learning and are well
known in various areas of research (e.g. Zoph
et al. (2020); Xie et al. (2019); Sahito et al.
(2021)). These techniques in broad terms, take
a trained model, generate labels for a large set
of unlabeled data, then train a new model incor-
porating the clean labels, generated labels, and
unlabeled data. Where the new model is typi-
cally of the same size, or bigger, as the original
trained model. Surprisingly, however, little
work has been done exploring how to apply
this process in the specific case of depression
detection across many social media.

To summarize, our main contributions are
the following:

• We describe our framework based on self-
training.

• We demonstrate our framework on Detect-
ing Signs of Depression from Social Me-
dia Text - LT-EDI@RANLP 2023 (Sam-
path et al., 2023) shared task, comparing
to recent work.

• We describe areas where pseudo-labeling
can advance depression detection model-
ing.

2 Related Work

Recent work has demonstrated semi-
supervised learning techniques using
unlabeled Twitter data for depression detection
as surveyed by (Zhang et al., 2022). However,
these studies tend to solely rely on Twitter2

data as their source of unlabeled texts (Zhang
et al., 2022; Yazdavar et al., 2017). Here,
we will use Reddit for our semi-supervised
approach.

Poswiata and Perelkiewicz (2022) also uses
the Reddit Mental Health Dataset (Low et al.,

2https://twitter.com/

2020) in their depression detection system for
last year’s iteration of the shared task. How-
ever, Poswiata and Perelkiewicz (2022) do not
generate pseudo-labels but instead use the data
for a pre-training task that is specifically de-
signed for depression detection. Pirina and
Çagri Çöltekin (2018) suggested that the se-
lection of Reddit forums (or subreddits) in the
training data may influence the quality of clas-
sifiers. Here, our goal is to automate this selec-
tion process without having to rely on subred-
dit specific information and rely solely on the
posts themselves.

3 Methodology

Here we will provide the major implemen-
tation details of our solution in this section.
See Table 2 for further information on training
hyper-parameter details used throughout.

3.1 Data Cleaning

We perform a few basic data-cleaning steps for
any samples fed to the classifier. That is, we
remove any newline and tab characters, strip
leading and trailing white spaces, and replace
all links with an identical string. Additionally,
we remove duplicated texts and drop samples
in the shared-task training set if it is also con-
tained in the shared-task development set. In
total, we dropped 128 duplicated samples.

3.2 Pre-Trained Models

Leveraging pre-trained language representa-
tions is a proven way to boost performance on
essentially any given NLP task. Downstream
task performance gains are even more promi-
nent if the pre-training task is identical to the
downstream tasks and uses large amounts of
data. To that end, we use MentalRoBERTa (Ji
et al., 2022) as our model of choice for train-
ing and inference. MentalRoBERTa (Ji et al.,
2022) is a RoBERTa (Liu et al., 2019b) model
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Name Dev Test
MentalRoBERTa (Ji et al., 2022) + pl+ft (ours) 0.7407 0.4309
MentalRoBERTa (Ji et al., 2022) + pl 0.5359 0.3975
MentalRoBERTa (Ji et al., 2022) 0.578 0.44
MentalXLNet (Ji et al., 2023) 0.5714 0.4443
MentalBERT (Ji et al., 2022) 0.5648 0.3901
RoBERTa (Liu et al., 2019a) 0.5627 0.3953
BERT (Devlin et al., 2018) 0.5512 0.3981

Table 1: Macro-averaged F1-Score results on the development and test set of the shared task. The best
score on each set is highlighted. The top two rows highlight a single run of our approach: training on only
pseudo-labels (pl) and then finetuning (ft). The next three rows detail the finetuning results of recently
release pre-trained models for mental health. In the last two rows, we present a baseline using well-known
models.

Hyper-Parameter Value
Optimizer Adam
Learning Rate 1e-5
Max Input Length 256
Batch Size 8

Table 2: Training Hyper-parameter Details

that is further pre-trained on Reddit mental-
health-related data.

3.3 Self-Training
The details of our self-training and pseudo-
labeling procedure are as follows. Firstly, we
train a teacher model using the annotated train-
ing data. Next, we use the trained teacher
model to generate predictions on the unlabeled
data: Reddit Mental Health Dataset (Low et al.,
2020). Here, we want to keep the highest-
ranked 30,000 samples with the highest-valued
predicted logit for any of the three label cate-
gories. For example, we only include a post
in the severe depression category if the teacher
model is very confident that a sample belongs
in the depression category relative to all other
posts. Subsequently, the resulting 90,000 posts
are then assigned pseudo-labels based on the
previously assigned groupings, where we as-

sume that each sample belongs to its respective
category. Here, we do not consider the cate-
gorical probability distribution (as predicted
by the teacher) since we are only keeping sam-
ples with high confidence. In practice, the pre-
dicted output probabilities of the 90,000 posts
are very close to 1 for their respective category,
hence, using the predicted probabilities adds
very little information. Next, we use the 90,000
posts alongside the pseudo-labels to construct
a new dataset which is used to train a new stu-
dent model. Note, here we use the same model
architecture for both the teacher and student.
Finally, the student model is finetuned with the
clean training data and then used for inference
on the test set.

4 Experiments

4.1 Experimental Setup

We compare our setup to several other state-of-
the-art pre-trained models we finetuned for the
shared task. We report the macro-averaged F1-
Score on the test and development sets. Where
report the average score over five runs, unless
otherwise stated. We perform all experiments
on a single T4 GPU.
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Figure 1: Breakdown of the pseudo-labels on each subreddit in the Reddit Mental Health Dataset (Low
et al., 2020)

4.2 Results
We present our full results in Table 1. Indeed,
our complete approach of self-training with
MentalRoBERTa (Ji et al., 2022) performs the
best on the development set by a wide mar-
gin. However, our approach performs narrowly
worse than MentalXLNet (Ji et al., 2023) on
the test set. Given this disparity in development
and test set performance, future work should
explore regulation techniques (e.g. augmenta-
tion and ensembling methods) to accompany
the self-training approach. Nonetheless, our
approach still places 3rd overall in the shared
task.

5 Exploratory analysis

We present an analysis of our generated
pseudo-labels on the Reddit Mental Health
Dataset (Low et al., 2020). Recall, that we as-
sign a pseudo-label to a post only if the post is
ranked in the top 30,000 in any of the three de-
pression severity labels. In Figure 1 we break
down the distribution of the labels across the
sources of these labels. Notably, we find about
60% of our generated labels are contained
in five subreddits: ‘r/depression’, ‘r/adhd’

‘r/suicidewatch’, ‘r/anxiety’, ‘r/mentalhealth’.
In particular, the subreddit ‘r/adhd’ hosts the
most pseudo-labels in the severe category out
of any subreddit by a wide margin, account-

ing for about 37% of all pseudo-labels in the
category.

There are multiple explanations for the
above findings. Indeed, ADHD can co-occur
with depression and can be seen as an early
indication of a future depression diagnosis
(Meinzer and Chronis-Tuscano, 2017). Addi-
tionally, ADHD and depression have overlap-
ping symptoms (Riglin et al., 2020). Thus, it is
possible that there is some level of overlapping
language or similar verbal processes shared be-
tween the two disorders. We encourage future
work to explore alternative explanations and
leverage this connection between ADHD and
depression in the depression-detection setting.

6 Conclusion

In this paper, we present our framework based
on self-training and demonstrate its perfor-
mance on the Detecting Signs of Depression
from Social Media Text - LT-EDI@RANLP
2023 (Sampath et al., 2023) shared task. Given
the disparities observed in the development
set and test set F1-score performance, future
work should explore regulation techniques (e.g.
augmentation and ensembling methods) to ac-
company the self-training approach. Nonethe-
less, our approach still places 3rd overall in the
shared task.

With our use of pseudo-labeling on Reddit,
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we highlighted ADHD-focused forums as a
major source of (non-diagnostic) severe depres-
sion classifications and discussed some expla-
nations. We hope our work serves as a starting
point for further investigation of the linguistic
patterns of depression overlapping with other
mental disorders.
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