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Abstract
The relationship between depression and the concepts of optimism and pessimism has been extensively researched
by psychologists. In this paper, we use computational approaches to study how optimism and pessimism are
expressed in the online discourse of people with a depression diagnosis. Publicly available datasets are used for the
development of an optimism/pessimism detection model, as well as for the analyses performed on social media posts
of individuals with depression, as measured by BDI-II, a validated depression questionnaire. To analyze the optimistic
and pessimistic posts by individuals with depression, we use LIWC features and perform topic modeling. We also
investigate specific words driving mislabeling using SHAP. Our results show that while there may not be significant
differences in the number of optimistic versus pessimistic posts between individuals in the depression and control
groups, the content of the posts differs meaningfully, both in terms of linguistic features and approached topics.
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1. Introduction

Depression is one of the most prevalent mental dis-
orders and has been extensively researched (Lim
et al., 2018; Xu et al., 2021). Many studies focus
on understanding how depression manifests and
its relationship with mood and emotions (Rotten-
berg, 2005). In addition, previous research has
also investigated the connection between depres-
sion and the concepts of optimism and pessimism.
Karhu et al. (2024) demonstrate a bidirectional re-
lationship: optimism not only buffers against de-
pressive symptoms but is also eroded by them,
while pessimism both predicts and is intensified
by depression. Complementary studies by Korn
et al. (2014) and Hobbs et al. (2022) reveal that,
unlike healthy individuals who display an optimistic
bias when updating beliefs about the future, those
with depression tend to weigh negative information
more heavily. Furthermore, optimism is linked to
improved psychological well-being and more effec-
tive coping (Scheier et al., 2001), as well as better
treatment outcomes, including reduced rehospital-
ization rates (Tindle et al., 2012). Prior research
also highlights a reduced risk of work disability and
an enhanced likelihood of returning to work follow-
ing a depression-related disability (Kronström et al.,
2011). The literature shows that, while optimism is
not itself a coping strategy, it influences the coping
strategies people employ: optimistic individuals are
more likely to use approach-based coping meth-
ods, such as problem-solving and seeking social
support, while they tend to avoid avoidance-based

strategies (Nes and Segerstrom, 2006).
Depression detection is a prominent topic in

NLP; modern methods use attention, deep learning,
and pre-trained models (De Santana Correia and
Colombini, 2022), demonstrating significant perfor-
mance improvements over traditional approaches.
However, in addition to identifying mental health
disorders, language can offer insights into broader
psychological states, such as optimism and pes-
simism, which are often associated with conditions
like depression (Herwig et al., 2009). Previous NLP
research has explored the manifestations of emo-
tions (Uban et al., 2021; Aragon et al., 2021) and
even happy moments using social media data from
individuals with depression (Bucur et al., 2024). Al-
though research has focused on developing more
effective models for detecting optimism and pes-
simism (Ruan et al., 2016; Caragea et al., 2018;
Alshahrani et al., 2021), to our knowledge, no anal-
ysis of optimism and pessimism in the social media
language used by individuals with depression has
been conducted. We consider this task to have
the potential to provide valuable insights into how
users express affective states online, which may,
in turn, contribute to a better understanding of lin-
guistic markers associated with mental health con-
ditions. Thus, we aim to answer the following re-
search questions:

RQ1: In what proportions are optimism and
pessimism manifested in the discourse of indi-
viduals with depression?

RQ2: How is optimism manifested in the so-
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cial media language of individuals with depres-
sion?

Quantifying optimism and pessimism in depres-
sive discourse (RQ1) challenges the traditional view
that depression is solely characterized by nega-
tive affect. Analyzing social media language for
manifestations of optimism (RQ2) reveals subtle
linguistic cues that conventional assessments may
overlook.

In this paper, we make the following contribu-
tions:

1. Fine-tune a RoBERTa-based model for the de-
tection of optimistic, pessimistic, and neutral
posts.

2. Create a manually annotated evaluation sub-
set of the eRisk depression dataset specifically
for optimism and pessimism.

3. Perform psycholinguistic, statistical, and topi-
cal quantitative and qualitative analyses with
the use of a set of statistical significance tests,
LIWC, and Topic Modeling via BERTopic.

4. Investigate and interpret the lexical features
that incorrectly influence model predictions us-
ing SHAP.

2. Related Work

Although still in its early stages, research on detect-
ing optimism and pessimism in social media is ex-
panding. A deep-learning technique developed by
Blanco and Lourenço (2022) was used to examine
the expression of optimistic and pessimistic senti-
ments in COVID-19-related Twitter conversations.
They examined several network configurations and
found that bi-LSTM systems produced the most suc-
cessful models. According to the study, optimistic
interactions tended to stay positive, whereas con-
versations with strong pessimistic signals showed
little emotional change.

To improve prediction accuracy for optimism and
pessimism, Alshahrani et al. (2020) employed XL-
Net, a network that combines several autoregres-
sive language models, to capture semantic relation-
ships and negations. On the benchmark dataset
OPT (Ruan et al., 2016), the method proposed
by the authors achieved a 63.32% reduction in er-
ror, increasing the state-of-the-art accuracy (across
two defined setups and thresholds) from 90.32%
to 96.45%.

Cobeli et al. (2022) introduced a Multi-Task
Knowledge Distillation architecture, achieving
86.60% accuracy on the OPT dataset. The re-
search found that certain POS tags, such as nouns,
are consistently prevalent throughout all optimism
ranges. Other tags, like hashtags, are associated

with higher optimism levels. The use of emoti-
cons, punctuation, and user remarks also influ-
enced optimism. As tweets became more positive,
first-person singular pronouns were less frequent,
suggesting a connection between pessimism and
depression. The architecture outperformed earlier
setups for the 1/-1 threshold definition of optimism.

The concept of computational analyses in the
field of mental health detection correlations in social
media speech has been investigated to an extent in
the study by Bucur et al. (2021), which looks into the
relationship between offensive language and de-
pression by examining how people with depression
use offensive speech in their social media posts.
According to the authors’ results, there is a greater
prevalence of derogatory language in the online
speech of individuals who have been diagnosed
with depression.

In our research, we use computational methods
to analyze the online discourse of individuals with
depression. We aim to explore the impact of opti-
mism and pessimism, motivated by existing psycho-
logical research and advancements in NLP models
designed to detect these two mental attitudes.

3. Data

We use two datasets in our experiments: the OPT
dataset (Ruan et al., 2016), which includes annota-
tions for optimism and pessimism, and the eRisk
2021 dataset (Parapar et al., 2021), which features
social media users with depression.

The most popular dataset for opti-
mism/pessimism identification was introduced by
Ruan et al. (2016). It contains 7,475 randomly
selected tweets from 500 individuals who were con-
sidered pessimistic and 500 who were considered
optimists. To select the texts, tweets containing
keywords related to optimism or pessimism
were identified, highlighting both optimistic and
pessimistic users. Each tweet was evaluated
and classified by five human annotators using
Amazon Mechanical Turk. To ensure accuracy,
quality control procedures were implemented.
Human annotators rated tweets on a disposition
scale ranging from 3 (extremely optimistic) to -3
(very pessimistic); this scale enabled fine-grained
distinctions among tweets, allowing different levels
of optimism and pessimism to be identified within
the text. The average of all the evaluations for the
acquired annotations is the final score. The proce-
dure resulted in a moderate final inter-annotator
agreement (Krippendorff’s alpha of 0.731).

In our experiments, we consider three classes:
posts with an average annotation below -1 are la-
beled as pessimistic, those with a score of -1 to
1 are labeled as neutral, and the remaining posts
are labeled as optimistic. This three-class setting
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provides greater granularity and intuitiveness.
Our approach is different from the direction taken

in the studies mentioned in Section 2. Both of those
studies analyze posts with average scores rang-
ing from -1 to 1 separately, as these scores are
the most ambiguous in the given context, even for
human interpretation. In one of their approaches,
Cobeli et al. (2022) choose to eliminate this spe-
cific group of posts, and consider only two classes,
optimistic and pessimistic. Alshahrani et al. (2020)
employed the same method of ignoring the respec-
tive posts to address the ambiguity, calling it the
-1/1 threshold. In both studies, this approach signif-
icantly improved model performance; however, for
our work, we chose to keep the ambiguous data
and create an additional class for it, for two main
reasons:

1. We believe retaining this data helps preserve
the complexity and authenticity of real-world
social media posts, as realistically, not all posts
are, and should not be, classified as either
optimistic or pessimistic.

2. Eliminating the respective posts would mean
reducing the data to almost half of the original
size (3,847).

The eRisk 2021 dataset related to depression
(Losada and Crestani, 2016; Parapar et al., 2021)
contains social media users who were asked to fill
in the BDI-II questionnaire (Beck et al., 1996) for the
assessment of their depression status. Following
this, their Reddit social media data was collected
with their consent. The BDI-II questionnaire con-
tains 21 questions related to depression symptoms,
and the answers are used to calculate an overall
score that indicates the level of depression. The
training dataset comprises 90 users with ground-
truth BDI-II scores and 46,502 posts from Reddit.
The test dataset contains 80 users with a total of
32,237 posts. In our experiments, we use the data
from all 170 users in the eRisk dataset. Because
BDI-II is used by mental health professionals to di-
agnose depression, we consider users with a score
above the established cut-off of 19 (Subica et al.,
2014; von Glischinski et al., 2019) as having depres-
sion, while those with scores below this threshold
are considered control users.

4. Methodology

4.1. Detection of optimism and
pessimism

Following established methodologies in NLP(Liu
et al., 2019; Guo et al., 2022; Amin et al., 2023),
we use a RoBERTa-based model fine-tuned on the
OPT dataset in our experiments, rather than focus-
ing on incremental architectural improvements in

this work. The fine-tuned RoBERTa-based model
is used to predict optimism, pessimism, and neutral
labels within the eRisk depression dataset, thereby
addressing our research questions.

The model, which we will refer to as RoBERTa-
OPT-3Labels from now on, was trained using
the HuggingFace platform, with twitter-roberta-
base-sentiment-latest serving as the base model
(Camacho-Collados et al., 2022). The base model
was refined for sentiment analysis using the Tweet-
Eval benchmark (Barbieri et al., 2020) after being
trained on about 124 million tweets. In our fine-
tuning, we set a learning rate of 5e-5, three epochs,
a maximum sequence length of 128 tokens, an 8-
batch size, and a warmup ratio of 0.1. To reduce
overfitting, the AdamW optimizer was employed.
The learning rate was decreased using the "linear"
learning rate scheduler. To avoid the exploding gra-
dient problem, the maximum gradient norm was
set to 1. To guarantee consistency of outcomes,
the seed was set to 42. If, after five successive
evaluations, there was no progress in the validation
metric, early stopping was employed with patience
set to 5 and the threshold set at 0.01. We split
the available data into 70% for training, 15% for
validation, and 15% for testing.

4.2. Manually Annotated Evaluation
Subset

To ensure the model reliably detects optimism and
pessimism in Reddit posts, we are including a per-
formance evaluation using a manually labeled sam-
ple. In this sense, we have randomly selected a
total of 150 posts, divided equally among all possi-
ble subgroups: optimistic/pessimistic/neutral posts
from individuals with depression, as well as op-
timistic/pessimistic/neutral posts from the control
group. The texts were then manually rated by three
human annotators, following the procedure outlined
in Ruan et al. (2016), resulting in an average score
within the -3/3 interval. The obtained score is then
mapped according to the three available classes,
the same as the original OPT data. These labels
are used to validate the results obtained by our
optimism/pessimism detection model, which are
presented in a later section (Section 5.1).

We have also calculated inter-annotator agree-
ment using Krippendorf’s alpha, as was the case for
the annotation process in the original OPT dataset.
We obtained a value of 0.818, indicating high agree-
ment among raters, which confirms the reliability
of the process.

In terms of annotator characteristics, our collab-
orators are three PhD students, two female and
one male, all with a minimum C1 English language
proficiency level. They were instructed to assess
the expressed outlook or expectation conveyed in
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Optimism Pessimism Neutral

Control Depression Control Depression Control Depression

I’m happy that
everything turned out
rather well for you in
the end, and that
gives me a lot of hope
for my future.

I graduated [...] and
got my driver’s
license! [...] I know
what the next goal to
work for is. [...] I
honestly value my
friendships more.

It is sad to think that
the life that we will live
in is set for imminent
destruction.

Something must
always [...] remind me
how painful life is and
that it will never
GENUINELY get
better. [...] Everyone
would be better off
without me [...] I will
never be good
enough.

Beagles are usually
listed as a breed that
tends to get along
well with cats [...]

I only consume great,
but lesser-known
media. Are you
familiar with
Steins;Gate and
Morrowind? Thought
so.

Table 1: Selected examples that were predicted as optimistic, pessimistic, or neutral from the depression
and control groups.

each post, rather than the author’s general mood
or writing style. The task was to rate every post
with a single integer score, disregarding linguistic
form, unless it significantly altered the sentiment.
Ambiguous or mixed cases were judged based on
the annotator’s overall impression, defaulting to 0
(neutral) when sentiment could not be reliably in-
ferred. The identities of the annotators remained
anonymous, as only the ratings were of interest in
the study.

4.3. LIWC

LIWC 22 (Boyd et al., 2022) is an advanced text
analysis tool that categorizes language into differ-
ent dimensions, including psychologically meaning-
ful ones, enabling the detection of cognitive, emo-
tional, and social cues within the written content. In
our study, we focus on the most context-significant
LIWC-derived features to analyze optimistic and
pessimistic posts by individuals with depression
and control users. We quantify these differences
using z-scores derived from the Mann–Whitney U
test, a nonparametric statistical method that as-
sesses whether one group systematically ranks
higher or lower than another on a given variable,
being particularly suited for analyzing linguistic
features that may not follow a normal distribution.
Specifically, we use the test to compare how the
linguistic features (as categorized by LIWC) dif-
fer between the optimistic and pessimistic posts
within the depression and control groups. The z-
scores reflect the magnitude of these differences,
enabling us to quantify the strength of association
between specific language patterns (such as ref-
erences to future focus, negative emotions, or so-
cial behavior) and either optimistic or pessimistic
contexts within each group. We also apply the
Benjamini–Hochberg procedure at a nominal al-
pha=0.05, which orders the p-values and computes
adaptive thresholds to control the expected pro-
portion of false discoveries. Features with FDR-
adjusted p-values below 0.05 were deemed signif-
icant, ensuring that our inferences maintain high

sensitivity to true effects while limiting the rate of
false positives across all tests.

4.4. Topic Modeling
We implemented a topic modeling framework using
BERTopic (Grootendorst, 2022) to uncover themes
within social media posts, and to explore their as-
sociations with sentiment and mental health indica-
tors. Our approach leveraged a BERTopic pipeline,
which integrates text representation, dimensionality
reduction, and clustering techniques.

First, we generated dense text embeddings with
SentenceTransformer (’all-MiniLM-L6-v2’) and re-
duced dimensionality using UMAP, opting for a re-
duced n_neighbors from 15 to 10, while preserving
intrinsic data structure. Clustering was achieved
with HDBSCAN, with min_cluster_size increased
from 10 to 80 (for more robust topic clusters), fol-
lowing text preprocessing with a CountVectorizer
configured for bi-grams that included the standard
English stopwords, extended with common internet
noise words: ’http’, ’https’, ’amp’, ’com’, ’www’, ’r/’.

To enhance interpretability, topics were refined
using a custom representation that leverages Key-
BERT (Grootendorst, 2020), combined with Part-of-
Speech filtering (via SpaCy’s "en_core_web_sm")
and Maximal Marginal Relevance (MMR), yielding
high-quality, contextually relevant keywords. The
final model assigned topics to each post, which
were aggregated by sentiment (optimism, neutral,
pessimism) and by depression status (depression
vs. control groups). Chi-squared tests of indepen-
dence were then employed to statistically assess
differences in topic distributions across the target
groups.

4.5. SHAP Error Analysis
As an error analysis of the mislabeled posts from
the gold validation set, we used SHapley Additive
Explanations (SHAP) (Lundberg and Lee, 2017), to
investigate the lexical features erroneously driving
model predictions for optimism, pessimism, and
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Model Val. Acc. Test Acc.
Naïve Bayes 63.42 62.12
SVM 67.52 65.24
CNN 64.67 65.59
xlnet-base-cased 70.56 70.23
distilbert-base-uncased 71.27 71.03
RoBERTaOPT3Labels 71.54 71.65

Table 2: Baselines and comparison with RoBERTa-
OPT-3Labels.

neutral sentiment. We applied SHAP to posts that
were misclassified by RoBERTaOPT3Labels on the
created gold validation set to examine patterns of
confusion and contextual ambiguity. The approach
quantified each token’s contribution to the model’s
output, allowing us to identify words that increased
confidence in a given class. The resulting token-
level explanations allowed for aggregated visualiza-
tions (word clouds), which provided interpretable
insight into how classification was influenced.

5. Results and Discussion

5.1. Model Performance
We have performed experiments with various other
models, including Naïve Bayes, SVM, CNN, Dis-
tilBERT, and XLNet. We used GridSearchCV for
hyperparameter tuning for both the Naïve Bayes
model and the SVM classifier. The CNN model
employs a sequential architecture with embedding,
convolutional, global max pooling, and dense lay-
ers, along with dropout for regularization. It is
trained over ten epochs to prevent overfitting, using
early stopping. The additional two Transformer-
based models, DistilBERT (Sanh et al., 2019),
and XLNet (Yang et al., 2019), more specifically
distilbert-base-uncased and xlnet-base-cased, re-
spectively, were trained with the same setup as our
selected model, RoBERTaOPT3Labels, described
in Section 4.1. We chose the latter, as it was the
best model based on our experiments. The re-
ported results can be seen in Table 2.

The RoBERTa-OPT-3Labels model shows con-
sistent and competitive performance, with an accu-
racy of 71.65%, and a weighted F1 score of 71.23%.
The weighted AUC of 84.52% further underlines
its ability to effectively distinguish among the three
classes. As this represents the first study to adopt
a three-class approach, to the best of our knowl-
edge, it would be interesting to see the results of
the state-of-the-art models that interpreted the 1/-
1 scenario by eliminating the neutral/ambiguous
posts (Caragea et al., 2018; Alshahrani et al., 2020,
2021; Cobeli et al., 2022). We present selected
predicted samples in Table 1.

Figure 1: Confusion Matrix for results predicted
by RoBERTa-OPT-3Labels on the gold validation
data.

Our classifier was tested on the constructed gold
validation set described in Section 3, achieving
an overall accuracy of 82%, which demonstrates
reliable alignment with human annotations. Class-
specific F1-scores were uniformly high - 0.79 for
neutral, 0.82 for optimistic, and 0.86 for pessimistic -
indicating balanced performance across categories.
These results can also be seen in the confusion
matrix shown in Figure 1. The outcomes support
RoBERTa-OPT-3Labels’s suitability for automated
sentiment analysis.

5.2. General Statistics Interpretation

Examining the predictions from the RoBERTa-OPT-
3Labels model, we observe that users in the de-
pression group have, on average, fewer optimistic
posts than the control group, but a similar num-
ber of pessimistic posts. In addition, users in the
control group have more posts labeled as neutral.

To test for statistical significance, we compare the
number of optimistic, pessimistic, and neutral posts
between the two groups using the Mann-Whitney
U test, Cohen’s d, and Pearson correlation (Table
3). The Mann–Whitney U test yields non-significant
z-scores and p-values for both optimistic (-1.23, p
= 0.22) and pessimistic (-0.20, p = 0.84) posts, sug-
gesting that both groups produce similar amounts
of content in these categories. In addition, the small
effect sizes (Cohen’s d = -0.18 for optimism, 0.06
for pessimism) and weak Pearson correlations fur-
ther support this lack of meaningful distinction.

However, a more significant difference can be
seen in the number of neutral posts for the per-
formed tests, with a small to moderate effect size (d
= -0.35). This suggests that individuals with depres-
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Mann–Whitney
U test (z, p)

Cohen’s d Pearson
Corr. (r, p)

Spearman Corr. (ρ, p)

Opt. (-1.23, 0.22) -0.18 (-0.09, 0.26) (-0.10, 0.17)
Pess. (-0.20, 0.84) 0.06 (0.03, 0.68) (0.03, 0.70)
Neutral (-2.21, 0.03) -0.35 (-0.17, 0.03) (-0.26, 0.0006)

Table 3: Statistical Test Results for Optimism and Pessimism.

sion post significantly fewer neutral statements than
people not diagnosed with depression, potentially
reflecting a tendency to engage more with emotion-
ally valenced (optimistic or pessimistic) language
rather than neutral discourse (Broome et al., 2015).
An additional test that points towards the same con-
clusion is the analysis of the correlation between
users’ BDI-II scores and their respective propor-
tions of optimistic/pessimistic/neutral posts. For
this experiment, we used Spearman’s rank corre-
lations. A significant negative correlation emerged
between BDI-II scores and the proportion of neutral
posts (ρ = -0.26, p < 0.001), indicating that individ-
uals with higher depressive symptoms produced
fewer neutral statements. Correlations with opti-
mistic and pessimistic content were not significant.

While the statistical tests indicate no significant
differences in the number of optimistic or pes-
simistic posts between depression and control indi-
viduals, our subsequent analyses will demonstrate
that the content of these posts may vary substan-
tially. We will proceed to show that the way opti-
mism and pessimism are expressed in language
differs between users in the depression and control
groups in a meaningful way.

5.3. LIWC Analysis Results
Figure 2 presents a side-by-side comparison of sta-
tistically significant (p<0.05, as measured by the
Mann-Whitney U test) LIWC feature usage across
optimistic (left panel) and pessimistic (right panel)
posts by individuals with and without depression,
measured via z-scores. The categories marked by
(*) are significant according to the FDR-adjusted
p-values. By analyzing these scores, we have out-
lined several key patterns:

In optimistic posts made by individuals with de-
pression, the increased use of assent and imper-
sonal pronouns suggests a more detached or ex-
ternally directed expression of optimism. This ob-
servation aligns with research showing that indi-
viduals with depression often display reduced self-
focus in positive contexts. For instance, they tend
to use fewer first-person pronouns when recalling
positive memories, which suggests that they have
difficulty integrating positive experiences into the
self-concept (Himmelstein et al., 2018). In contrast,
optimistic posts from control individuals are char-
acterized by greater use of the “family” category,

suggesting that their expressions of optimism are
more socially anchored and relational. This may
reflect an integration of social connectedness and
support into positive emotional experiences.

When looking at pessimistic posts, the gap be-
tween users in the depression and control groups is
pronounced. Individuals with depression exhibit a
significant increase in words related to general neg-
ative emotion and tone, suggesting a tendency to-
ward more negative and critical thought processes
(Mor and Winquist, 2002). The elevated authentic-
ity score suggests that these expressions of pes-
simism are likely perceived as more honest and
self-revealing. Additionally, greater use of cognitive
processing and general cognition words may reflect
an effort to make sense of negative experiences, a
pattern common in depressive perception. Individu-
als with depression also exhibit a higher frequency
of adverbs and a generally higher linguistic score,
indicating increased verbal complexity, which may
signal ruminative thought patterns. Control users
who also express negative content in pessimistic
posts tend to do so with fewer markers of pervasive
distress, and the scope of their pessimism appears
to focus more on external, leisure-related topics.

The statistical differences measured with the
Mann-Whitney U test and supported by the FDR
validation reveal how individuals with depression
use language differently, first compared with the
control group and secondly depending on whether
the content is optimistic or pessimistic.

5.4. Topic Modeling Results
The chi-squared results across the target groups
(depression versus control) reveal significant differ-
ences in how individuals communicate optimism,
pessimism, and neutrality.

We will present results for six distinct subgroups,
categorized by the depression label and the asso-
ciated optimism/pessimism/neutral attitudes, with
visualizations provided in Figure 3 as a heatmap.
We present in Table 4 the most overrepresented
and underrepresented topics for each target group:
pessimism in the depression group concentrates
around self-referential or distressing themes (men-
tal health, politics, school), while optimism in the
control group revolves around cognitively or socially
detached topics (language, fiction, gaming).

The disparities suggest that psychological states
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Figure 2: Statistically significant (p<0.05, Mann-Whitney U test) z-scores for the differences between
depression and control groups for optimistic and pessimistic posts. Positive z-scores (blue, right) indicate
greater feature use among participants in the depression group, and negative scores (orange, left)
indicate higher use among controls. Gray dots mark non-significant features in that context; asterisks (*)
denote those significant after FDR correction. Features are ordered alphabetically to enable easier direct
comparison.

Group Category Overrepresented Topics Underrepresented Topics

Depression
Neutral Medical, AI, Online Debate Fiction, Language, E-sports
Optimism Mental Health, Medical, AI Language, E-sports, Fiction
Pessimism Mental Health, School, Politics Online Debate, AI, Pets

Control
Neutral Fiction, Language, E-sports Online Debate, AI, Medical
Optimism Language, E-sports, Fiction Mental Health, AI, Medical
Pessimism E-sports, Weight Loss, Food Mental Health, School, Politics

Table 4: Top three overrepresented and underrepresented topics across the depression and control
groups.

influence topic preferences in online discourse.
The pronounced engagement of Depression-
Neutral posts in online debate and artificial intelli-
gence contrasts with the avoidance of these topics
in Control-Neutral posts. On the other hand, indi-
viduals with depression seem overall more comfort-

able engaging in mental health-related discourse
in all of the sentiment settings, even in optimistic
posts. The significant engagement with e-sports in
Control-Pessimism posts may indicate a preference
for structured, competitive digital interactions in this
category, perhaps as an outlet for engagement that
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Figure 3: Heatmap of standardized residuals. The colors indicate which topics are significantly overrepre-
sented (red) or underrepresented (blue) in each group.

does not imply personal disclosure. The control
group also seems to be engaged in talks about
fictional works and general leisure/lifestyle topics,
which don’t seem as prevalent in the depression
group, a theory also supported by literature that
suggests reduced engagement in such activities
by people diagnosed with depression (Eisemann,
1984). This result is consistent with the observa-
tions from the LIWC feature analysis. It is worth
noting that the missing values observed in the Pes-
simistic category (for both the depression and con-
trol groups) were intentionally excluded, as there
were no posts on the respective topics belonging
to that specific subgroup, making them statistically
insignificant.

Coherence scores were also calculated for the
generated topics, utilizing gensim (Rehurek and
Sojka, 2011), both with the c_v and u_mass for-
mulas. The obtained scores were 0.795 using the
c_v formula (where the range is from 0 to 1, values
closer to 1 being considered better) and -0.583, re-
spectively, when we used the u_mass score (values
around 0 being considered good). Based on the
c_v score, our model generates coherent and inter-
pretable topics, with the u_mass score supporting
this view as a secondary interpretation.

5.5. Error Analysis with SHAP
The SHAP-based lexical analysis reveals some nu-
ances in linguistic mechanisms behind the model’s
misclassifications. Posts falsely identified as opti-
mistic were characterized by overtly positive terms
(e.g., "good", "lovely", "favorite"), suggesting that
the model might over-rely on lexical sentiment while
omitting cues such as irony or contextual nega-
tion, features that often tone down positivity in nat-
ural discourse. Pessimistic misclassifications were
predominantly driven by profanity and emotionally
charged terms (e.g., "f*ck", "b*stards", "bloody",
"motherf*cker")1, showing that the model tends
to treat emotional intensity as automatically neg-
ative. Finally, posts incorrectly labeled as neutral
frequently contained mild or ambiguous emotional
terms (e.g., "offensive", "sad", "sigh", "sh*t"), re-
flecting the model’s difficulty in detecting subtle or
context-dependent emotional cues.

Examining the results, the SHAP error analysis
revealed systematic patterns in the model’s senti-
ment judgments, providing insights into how var-
ious linguistic cues influence its interpretation of
optimism and pessimism.

1We obfuscate offensive terms, according to the guide-
lines provided by Nozza and Hovy (2023).
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Figure 4: Wordclouds of "confusers" for each class: driving words that influence the classification towards
a certain class (incorrectly), in the order of Optimism, Pessimism and Neutral classes.

5.6. Revisiting Research Questions
Addressing RQ1, our analyses reveal that the over-
all proportions of optimistic and pessimistic posts
among individuals with depression are statistically
similar to those of the control group. This indicates
that, in terms of frequency, individuals in the de-
pression group do not necessarily exhibit a reduced
tendency to express optimism compared to con-
trol users, though the control group moderately en-
gages more in neutral content. However, while the
quantity of such expressions appears consistent,
the qualitative content differs markedly.

In response to RQ2, our findings indicate that
optimism in the social media language of individ-
uals with depression is manifested in a more nu-
anced and complex manner. Although optimistic
posts are present at comparable rates, the linguis-
tic features and thematic content of these posts
suggest a distinct expression of optimism that is
intertwined with elements of resilience and cop-
ing. Specifically, while their optimistic posts are not
characterized by a significant negative tone, they
often reflect a more detached or externally directed
expression of optimism. This may suggest a dis-
tancing strategy from personal agency. Notably,
even within ostensibly positive contexts, individuals
with depression demonstrate less engagement with
cultural, lifestyle, and leisure topics, maintaining a
great focus on mental health discussions.

6. Conclusions and Future Work

Our study investigated how optimism and pes-
simism are expressed in the social media discourse
of individuals with depression using computational

linguistic methods. Although no significant quan-
titative differences were found in the frequency
of optimistic or pessimistic posts between the de-
pression and control groups, the linguistic and
thematic analyses revealed meaningful qualitative
distinctions. Pessimistic posts from individuals
with depression displayed a more intense and self-
referential negative tone, while expressions of opti-
mism, though often subtle, appeared to serve reflec-
tive or self-regulatory purposes, hinting at coping
and resilience processes rather than unqualified
positivity. These findings suggest that affective ex-
pression in depression-related discourse cannot be
captured solely through sentiment polarity, and that
examining the functions of optimism and pessimism
may offer insight into adaptive communicative pat-
terns in online mental health contexts. Subsequent
experiments may benefit from a longitudinal ap-
proach to examine how expressions of optimism
and pessimism evolve over time in relation to de-
pressive symptoms. Additionally, integrating mul-
timodal data, such as images, user interactions,
and metadata, may provide a more comprehensive
understanding of online expressions of optimism
and pessimism.

Limitations

In our experiments, we used the OPT dataset col-
lected from Twitter/X to train a transformer-based
model for predicting optimism and pessimism la-
bels in depression-related content sourced from
Reddit. While there may be limitations when ap-
plying models across different platforms, previous
research indicates that transformer-based models
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are effective for transfer learning between platforms
(Uban et al., 2022). In addition, we assessed the
predicted labels on Reddit data by creating a man-
ually annotated gold-standard subset. We chose to
include the Twitter OPT dataset due to the limited
availability of datasets from the same platform. The
OPT dataset is the most commonly used dataset for
optimism/pessimism identification (Caragea et al.,
2018; Cobeli et al., 2022). Additionally, we selected
the eRisk 2021 dataset because it includes social
media users who have completed the validated
BDI-II questionnaire, which provides a more reli-
able assessment than self-reported diagnoses, as
is usually employed in social media depression
datasets. While the BDI-II offers valuable insight
into depressive symptom severity, its use as a di-
agnostic proxy must be interpreted with caution,
given that it does not constitute a substitute for a
professional clinical assessment. In this paper, all
analyses are conducted using English data, and
the applicability of our findings across different lan-
guages and cultures requires further investigation.

Ethical Considerations

This paper uses OPT, a publicly available dataset
with annotations for optimism and pessimism. In ad-
dition, the eRisk 2021 dataset was made available
to us after signing a data usage agreement form.
We have adhered to the data agreement and have
not attempted to contact users or de-anonymize the
data. The sample of posts presented in this paper
has been paraphrased to ensure the anonymity of
the users. A small subset of the data was anno-
tated, with the consent of the annotators, ensuring
their anonymity. Our main focus was to quantify and
analyze optimistic and pessimistic mental attitudes
within the texts from the mental health dataset. We
do not aim to predict mental health statuses or con-
ditions based on this dataset.
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