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Abstract

This study explores how optimism and pes-
simism are expressed in social media by com-
bining psycholinguistic profiling with model
interpretability. Using the OPT dataset, we
fine-tune a RoBERTa-based classifier and ap-
ply LIME to examine both the most confident
and the most ambiguous predictions. We an-
alyze the influential tokens driving these de-
cisions and identify lexical patterns linked to
affective intensity, certainty, and social orienta-
tion. A complementary LIWC-based analysis
of ground truth labels reveals systematic dif-
ferences in emotional tone and cognitive style.
PCA projections further show that optimism
and pessimism occupy overlapping yet distin-
guishable regions in psycholinguistic space.
Our findings demonstrate the value of linguistic
interpretability in understanding dispositional
sentiment.

1 Introduction

Optimism and pessimism - broadly defined as gen-
eralized expectations of positive or negative future
outcomes - are well-established as psychologically
meaningful traits (Scheier et al., 2001; Karhu et al.,
2024). A large body of research links an opti-
mistic outlook to better life outcomes, including
longer life expectancy, improved physical health,
and greater mental well-being (Tindle et al., 2012;
Scheier et al., 1986). On the other hand, disposi-
tional pessimism is associated with negative affect
and vulnerability to depression; it can exacerbate
stress, induce suicidal ideation, and adversely af-
fect not only individuals but also their families and
social circles (Zenger et al., 2010; Herwig et al.,
2009; Hobbs et al., 2022). Maintaining an opti-
mistic attitude has been shown to reduce stress and
improve overall resilience (Malouff and Schutte,
2016; Shapira and Mongrain, 2010). These find-
ings show that optimism and pessimism are not
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just internal dispositions - they are socially conse-
quential and deeply tied to mental health (Broome
et al., 2015; Technow et al., 2015; Kronstrom et al.,
2011).

Social media platforms offer unprecedented ac-
cess to public self-expression, providing a rich sub-
strate for analyzing dispositional signals through
language. Prior studies have leveraged social me-
dia text to predict personality traits, depressive
symptoms, and subjective well-being (Zimmer-
mann et al., 2016; Bucur et al., 2021, 2022; Xu
et al., 2024). Detecting optimism and pessimism in
online discourse thus holds practical value for un-
derstanding and supporting psychological health at
scale, such as identifying at-risk individuals, moni-
toring community sentiment, or amplifying positive
discourse (Gan et al., 2024; Zhang et al., 2022).

This paper addresses the task of identifying op-
timism and pessimism in social media, using the
Optimism-Pessimism Twitter (OPT) dataset intro-
duced by Ruan et al. (2016), which contains tweets
annotated for degrees of optimistic or pessimistic
expression. We use this dataset to explore how op-
timism and pessimism are expressed linguistically,
how they can be modeled using transformer-based
architectures, and how such models can be inter-
preted using psycholinguistic and local explanation
tools.

The study is guided by the following research
questions:

1. (RQ1) What psycholinguistic features distin-
guish optimistic from pessimistic language in
social media?

2. (RQ2) To what extent can local interpretability
methods reveal the linguistic indicators that
models rely on for their most confident pre-
dictions, as well as for their most ambiguous
ones?
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By addressing these questions, we aim to deepen
the understanding of how outlook is encoded in lan-
guage, rather than solely improving classification
performance. The combination of classification,
interpretation, and psycholinguistic profiling offers
a comprehensive lens on the language of optimism
and pessimism in social media contexts.

2 Related Work

Early computational studies approached opti-
mism—pessimism classification with traditional ma-
chine learning techniques. Ruan et al. (2016) were
among the first to tackle this problem on social me-
dia, creating the OPT Twitter corpus and training
classifiers to distinguish optimistic vs. pessimistic
users. In their study, each user’s tweets were ag-
gregated and annotated on a scale from very pes-
simistic (-3) to very optimistic (+3). They experi-
mented with standard algorithms like Naive Bayes,
decision trees, and SVMs using bag-of-words fea-
tures.

Caragea et al. (2018) used neural network mod-
els to analyze tweets to identify optimism and
pessimism. They employed bidirectional LSTMs
(Long Short-Term Memories), CNNs (Convo-
lutional Neural Networks), and stacked GRUs
(Gated Recurrent Units) to outperform traditional
baselines. They also investigated whether opti-
mism/pessimism could be detected through generic
sentiment analysis and found that this task is not
reducible to positive vs. negative sentiment alone.
The study further analyzed verb tense usage and
polarity words in optimistic and pessimistic tweets,
revealing a higher prevalence of present-tense verbs
in optimistic posts and slightly more past-tense
verbs in pessimistic ones. These findings suggest
the importance of psycholinguistic features in char-
acterizing the language of optimism.

Transformer language models have improved
the accuracy of optimism detection by applying
large pre-trained models like BERT and XL Net
to the OPT benchmark. Alshahrani et al. (2020)
fine-tuned XLNet for optimism/pessimism classi-
fication and introduced an ensemble "deep con-
sensus" strategy, achieving substantial gains over
earlier deep neural networks. In a follow-up, Al-
shahrani et al. (2021) employed BERT and a soft la-
bel assignment technique to account for annotation
uncertainty, which further boosted performance.
These results highlight the benefits of transformer
encoders in capturing nuanced linguistic cues of

optimism, even with small datasets.

Beyond single-task models, researchers have ex-
plored multi-task and cross-domain approaches.
One recent study by Cobeli et al. (2022) proposed
a multi-task knowledge distillation (MTKD) frame-
work to leverage related tasks such as sentiment
analysis and hate speech detection for improving
optimism detection. By transferring knowledge
from auxiliary tasks, their student model gained a
richer understanding of language cues, achieving
significant improvements.

Blanco and Lourenco (2022) used a deep learn-
ing model to analyze Twitter conversations about
COVID-19, revealing how public optimism fluctu-
ated during pandemic waves. They used lexicon-
based sentiment signals and an interpretable model
to explain changes, demonstrating the social in-
sights these models can provide.

The push for explainable Al has led to the in-
tegration of NLP (Natural Language Processing)
tools like LIME (Ribeiro et al., 2016) into tweet
classification pipelines. This allows researchers to
uncover the "black box" of words driving a model’s
prediction, increasing trust in sentiment analysis.
LIME has been used in optimism/pessimism detec-
tion by Blanco and Lourenco (2022), identifying
salient terms that signal optimism or pessimism in
specific examples. These local explanations are
crucial for dealing with psychological traits.

3 Data

The preeminent dataset for optimism/pessimism
identification currently, introduced by Ruan et al.
(2016), is annotated from Twitter and employed
for the optimism/pessimism detection task, com-
prising 7,475 randomly selected tweets from 500
pessimistic individuals and 500 deemed optimists.
Texts were selected by identifying tweets that had
terms connected to optimism or pessimism, there-
fore emphasizing both optimistic and pessimistic
people. The aggregation of their recent tweets
yielded a comprehensive dataset. Using Amazon
Mechanical Turk, human annotators evaluated and
classified each tweet according to a disposition
scale ranging from 3 (extremely optimistic) to -3
(very pessimistic). This scale allowed for complex
differentiation across tweets and the recognition
of different degrees of optimism and pessimism
in the text. The average of all the evaluations for
the acquired annotations is the final score. Accu-
racy was ensured using quality control procedures
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such as correctly defining optimism and pessimism,
excluding raters who gave incorrect responses to
established "check" questions, and comparing an-
notations to the average score to spot anomalies.
In our research, we investigate the binary class
interpretation, classifying tweets as optimistic if
their scores are greater than 0 and pessimistic if
their scores are 0 or below. This setup yielded the
ratio of 4187 optimistic and 3288 pessimistic posts.

4 Methodology
4.1 Model Development

To tackle the classification task, we fine-tuned
a RoBERTa-based architecture using the Hug-
gingFace Transformers library, initializing from
the twitter-roberta-base-sentiment-latest check-
point (Camacho-Collados et al., 2022). We chose
RoBERTa as the base model due to its strong per-
formance on a wide range of NLP classification
tasks, particularly sentiment analysis, which aligns
closely with optimism/pessimism detection. Addi-
tionally, this particular model is pretrained on ap-
proximately 124 million tweets collected between
January 2018 and December 2021 and further opti-
mized on the TweetEval sentiment analysis bench-
mark (Barbieri et al., 2020), making it well-suited
for social media text, especially Twitter/X as in our
setup.

For fine-tuning, we adopted a standard configura-
tion, as per the HuggingFace setup: a learning rate
of 5e-5, batch size of 8, and a maximum sequence
length of 128 tokens. Training was conducted over
three epochs with the AdamW optimizer, which
integrates weight decay to regularize training. We
applied a linear learning rate scheduler with warm-
up, reserving 10% of the steps for warm-up before
linearly decreasing the rate to zero. To improve
stability, the gradient norm was clipped at a maxi-
mum of 1.0. A fixed random seed (42) was used to
ensure reproducibility. Early stopping was enabled
to prevent overfitting, with training halted if no
improvement was observed after five consecutive
evaluations. An early stopping threshold of 0.01
was used to define the minimum required change
in the monitored validation metric.

4.2 Explainability with LIME

To gain deeper insight into the linguistic signals
driving model predictions, we employed LIME (Lo-
cal Interpretable Model-Agnostic Explanations) to
extract token-level contributions to classification

decisions. LIME approximates the local decision
boundary of the model for individual instances by
perturbing the input and learning a sparse, inter-
pretable linear model that highlights which features
(in our case, tokens) most influence the prediction.
This allowed us to identify which specific words
drove the model’s decision toward either the opti-
mistic or pessimistic class.

We focused our interpretability analysis along
two axes: (1) confidently predicted examples (i.e.,
those with prediction probabilities far from 0.5),
and (2) ambiguous or borderline cases, including
those with near-random confidence scores or mis-
classified labels. This dual perspective allowed us
to isolate the prototypical lexical drivers of sen-
timent on one hand, and on the other, examine
the words responsible for confusion or conflict in
model behavior.

4.3 LIWC Data Profiling

To investigate how optimistic and pessimistic lan-
guage differs along psychological and emotional
lines, we employed the LIWC-22 (Linguistic In-
quiry and Word Count) framework (Boyd et al.,
2022) to extract a comprehensive set of psycholin-
guistic features from all tweets in the dataset. The
present analysis focuses exclusively on the distribu-
tion of linguistic features with respect to the round
truth labels in the binary setup.

The LIWC framework provides over 90 vali-
dated dimensions, including affective categories
(e.g., positive emotion, anxiety, sadness), cognitive
mechanisms (e.g., causation, certainty, tentative-
ness), and grammatical categories (e.g., pronouns,
verbs, negations). We excluded non-informative
metadata and structural columns, retaining only
those features that reflect linguistic content.

We computed the mean value of each LIWC di-
mension separately for optimistic and pessimistic
tweets. To visualize the features contributing most
strongly to the distinction between these two sen-
timent categories, we calculated the absolute dif-
ference in mean scores across the two groups and
ranked them. The twenty most divergent features
were selected for comparative analysis.

Additionally, we applied Principal Component
Analysis (PCA) to reduce the dimensionality of
the LIWC space and facilitate a visual exploration
of tweet distribution. Each tweet was represented
as a vector in the LIWC feature space, and PCA
was used to project this space into two dimensions
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while retaining as much variance as possible. The
resulting scatterplot displays how tweets cluster or
disperse based on their psycholinguistic attributes,
with colors indicating their sentiment label.

5 Results
5.1 Model Performance

As previously stated, this study takes into ac-
count the binary O-threshold scenario based on
how the OPT dataset’s annotation scores are in-
terpreted. The data was split 70%/15%/15% for
train/validation/test respectively. The performance
of our deployed model (which we dub RoBERTa-
OPT-BinaryLabels) during the training phase, the
test outcomes, and the baselines will be discussed
next. Metrics including Loss, F1 Score, Preci-
sion, Recall, and Accuracy were used to assess
the model. The results are displayed in Table 1:

Metrics Validation Test

Loss 0.4674 0.4834
Fl Score 0.8415 0.8492
Precision 0.8603 0.8828
Recall 0.8234 0.8180
Accuracy 0.8323 0.8307

Table 1: Results for the binary setting model, RoOBERTa-
OPT-BinaryLabels

The RoBERTa-OPT-BinaryLabels model
achieved high accuracy and precision, with low
loss values indicating stable training. The model’s
optimistic class achieved high confidence in
positive predictions, with recall values above
81.5%, indicating a strong ability to identify
optimistic tweets while minimizing false negatives.
Although performance improvement was not the
primary goal, these metrics confirm the model’s
well-calibration and competitiveness. The model
performs comparably to recent state-of-the-art
systems in tweet-level binary classification, setting
a strong baseline for further interpretability and
linguistic analysis.

Model Val. Acc.
Naive Bayes Caragea et al. (2018) 84.10
SVM Caragea et al. (2018) 83.30
CNN Caragea et al. (2018) 90.32
BiLSTMN Caragea et al. (2018) 87.24
GRUStack Caragea et al. (2018) 87.76
XLNet-Base Alshahrani et al. (2020) 96.16
XLNet-Large Alshahrani et al. (2020) 96.45
BERT-Base with SLA Alshahrani et al. (2021) -
MTKD OPT + Hate +Sent Cobeli et al. (2022) 85.14
RoBERTa-OPT-BinaryLabels 83.22

Table 2: Baselines and Validation Accuracy comparison
with RoOBERTa-OPT-BinaryLabels

Model Test Acc.
Naive Bayes Caragea et al. (2018) 74.20
SVM Caragea et al. (2018) 67.80
CNN Caragea et al. (2018) 77.78
BiLSTMN Caragea et al. (2018) 79.65
GRUStack Caragea et al. (2018) 80.19
XLNet-Base Alshahrani et al. (2020) 84.25
XLNet-Large Alshahrani et al. (2020) 85.28
BERT-Base with SLA Alshahrani et al. (2021) 85.69
MTKD OPT + Hate +Sent Cobeli et al. (2022) 86.60
RoBERTa-OPT-BinaryLabels 83.06

Table 3: Baselines and Test Accuracy comparison with
RoBERTa-OPT-BinaryLabels

5.2 LIME Analysis

In confidently predicted posts, LIME consistently
highlighted high-valence sentiment words that
aligned well with the model’s final decision (Fig-
ure 1. Optimistic instances were characterized
by tokens such as “amazing,” “excited,” “happy,”
“legend,” “love,” and “awesome”-terms strongly
associated with enthusiasm, admiration, and joy.
Notably, the presence of proper nouns like “ri-
hanna” and “avatar” suggests that cultural refer-
ences and celebrity names can function as emo-
tionally charged cues, acting as indirect proxies for
affective content.

In contrast, pessimistic predictions were most
strongly influenced by emotionally intense and of-
ten profane language. Words like “fuckboy,” “shit-
ting,” “useless,” “hate,” and “kill” dominated the
explanations for these examples. Many of these
carry not only negative valence but also moral judg-
ment or aggression, indicating that pessimism in
this dataset may be linguistically tied to expres-
sions of frustration, disappointment, or existential
despair. The token “never”, which is syntactically
neutral but semantically absolute, also appeared
with significant weight, suggesting that linguistic
absolutes may correlate with negative sentiment in
user-generated text.

These results suggest that the model has learned
to rely on a core lexicon of affectively polar tokens.
The interpretability afforded by LIME makes these
learned associations transparent, offering external
validation for the semantic features learned during
training.

We also analyzed posts that were predicted with
low confidence or misclassified, defined as those
whose predicted probability scores fell near the
midpoint threshold (e.g., within the 0.48-0.52
range). These cases often included tokens with
high individual weights pulling in opposite direc-
tions, reflecting genuine semantic ambiguity or con-

1227



Top Words in Optimistic Tweets (LIME)
havefun
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Figure 1: Word clouds of the most predictive tokens for optimism (left) and pessimism (right) based on LIME
explanations. Token sizes reflect the average LIME weight assigned by the model to each word in its most confidently

predicted posts.
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Figure 2: Word cloud of the most influential tokens in ambiguous tweets, as identified by LIME. Word size reflects
the absolute magnitude of each token’s contribution to model predictions.

textual contradiction (most predictive tokens visi-
ble in Figure 2). For example, in one ambiguous
post the words “sun” and “amazing” were weighted
positively, while “sad” and “can’t” exerted a strong
negative influence. Such examples illustrate a form
of internal polarity conflict-where the lexical sig-
nals point simultaneously toward optimism and
pessimism-likely contributing to prediction uncer-
tainty.

In these borderline cases, influential tokens were
not neutral or semantically irrelevant (as might be
assumed) but rather emotionally suggestive in op-
posing directions. In this light, misclassifications
may reflect genuine polysemy, sarcasm, or mixed
sentiment expressions.

5.3 LIWC Results and Clustering

The analysis reveals distinct patterns in how op-
timistic and pessimistic sentiment is expressed at
a linguistic level, with the distribution of the top
features for both classes visible in Figure 3.

Optimistic tweets tend to contain higher propor-
tions of words associated with positive emotion,
certainty, and affiliation, suggesting a focus on
connection, confidence, and constructive framing.
These tweets also show elevated scores in social
and communal language, including references to
friends and inclusivity.

In contrast, pessimistic tweets exhibit greater
use of terms related to negative emotion, particu-
larly those associated with sadness, anxiety, and
anger. They also show a stronger presence of cogni-
tive process features, such as causation and insight,

which may reflect rumination or evaluative thought
patterns common in expressions of frustration or
resignation.

The PCA projection (visible in Figure 4) shows
that distinct clustering does occur, however, the
two sentiment categories are not fully separable
in LIWC space. Many tweets appear in a shared
region, indicating a degree of lexical and psycho-
logical overlap. This is consistent with the nature
of informal text on platforms like Twitter, where
sentiment may be mixed, ironic, or contextually
dependent.

These findings suggest that although psycholin-
guistic profiles provide valuable signals for distin-
guishing optimism and pessimism, the boundary
between them is not always sharply defined. Emo-
tional language is frequently layered and dynamic,
which has direct implications for the design of sen-
timent classification models and the interpretation
of their outputs.

6 Conclusions

This study offers three key takeaways for senti-
ment modeling. First, token-level explanations
from LIME provide interpretable insights into the
model’s decision-making and help verify alignment
with human intuition. Second, analyzing ambigu-
ous predictions reveals where the model struggles,
emphasizing the value of interpretability for under-
standing uncertainty and error. Third, the model’s
sensitivity to specific word classes-such as affec-
tive intensifiers, absolutes, and culturally loaded
terms-suggests concrete linguistic cues that could
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Top LIWC Features Differentiating Optimistic vs. Pessimistic Tweets
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Figure 3: Top LIWC features that differentiate optimistic and pessimistic tweets, based on absolute mean difference.

PCA of LIWC Features Colored by Ground Truth Sentiment
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Figure 4: PCA projection of tweets in LIWC feature space, colored by optimism and pessimism labels.

inform future hybrid or rule-based systems.

Beyond model-level interpretation, the LIWC-
based analysis shows that optimism and pessimism
are linguistically and cognitively distinct. Opti-
mistic language is marked by positive affect, cer-
tainty, and affiliation, while pessimistic posts ex-
hibit more negative emotion, cognitive complex-
ity, and tentativeness. PCA projections of LIWC
features further reveal that these outlooks, while
overlapping, form distinguishable clusters in psy-
cholinguistic space.

Together, these findings show that interpretabil-
ity and linguistic profiling offer meaningful insights
into both model behavior and the structure of dis-
positional sentiment in language.

Limitations

While this study is centered on the OPT dataset, its
focused design enables a controlled and linguisti-
cally rich exploration of optimism and pessimism
in a well-defined social media context. The analysis
is limited to English tweets and post-level features,
which ensures clarity and comparability but may
not capture cross-lingual or longitudinal dynamics.

LIME, though a strong interpretability tool, can in-
troduce minor variability in explanations; however,
it remains effective for identifying salient lexical
patterns in both confident and ambiguous cases.
These design choices reflect a deliberate emphasis
on linguistic interpretability over generalization.

Ethics Statement

We analyze publicly available tweets without col-
lecting personal or identifiable user data. The study
is strictly observational and not intended for di-
agnostic use. Any application of such models to
mental health contexts must ensure transparency,
human oversight, and careful mitigation of risks
like misclassification or stigmatization.
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