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presented in Figure 1, where class 1 represents
the ‘achluophobia’ category, and the other classes
correspond to the phobia subtypes (class 0 is disre-
garded, representing the non-phobia class). Pho-
bia subtypes such as ’acrophobia,’ ’trypophobia,’
’arachnophobia,’ and ’claustrophobia’ were more
readily available in terms of data availability, mak-
ing them easier to find.

Figure 1: Amount of data in multi-class dataset.
Here in Class-axis, ‘1’ represents ‘achluophobia’
class, ‘2’ represents ‘acrophobia’ class, and so on
(‘0’ is disregarded, representing the non-phobia
class)

3.4. Word cloud Visualization

We utilized word cloud visualization to depict
the 47,614 user timeline dataset comprising self-
diagnosed non-phobia and phobia classes. Fig-
ure 2 showcases the word cloud visualization, with
Sub-figure 2(a) displaying the entire dataset, Sub-
figure 2(b) illustrating the non-phobia class, and
Sub-figure 2(c) representing the phobia class. No-
tably, in the top 10 frequent words in both the non-
phobia and phobia classes, common words such
as ‘like’, ‘people’, ‘one’, ‘dont’ (don’t), ‘im’ (I’m),
‘get’, ‘know’, and ‘time’ dominate both classes,
reflecting frequent usage to convey personal ex-
periences, opinions, or share information across
various topics. Additionally, ‘us’ (US or United
States), and ‘new’ emerge as unique words in the
non-phobia class, suggesting discussions related
to collective groups (often including the speaker),
US-related issues and recent events, discoveries,
products, or experiences. Conversely, ‘love’, and
‘good’ stand out as unique words in the phobia
class, indicating users’ succinct expression of posi-
tive emotions and sentiments within the tweet’s lim-
ited character space.

(a) Whole dataset

(b) Non-phobia class (c) Phobia class

Figure 2: Word cloud visualization of the dataset;
(a) word cloud of the whole dataset, (b) world cloud
for non-phobia class, and (c) word cloud for phobia
class

4. BERT Embedding and
Classification

BERT (Devlin et al., 2018) stands as a cutting-
edge deep learning model widely employed for nat-
ural language processing tasks. In many imple-
mentations, the ‘transformers’ library, developed
by Hugging Face, is commonly used to imple-
ment BERT and other transformer-based models.
This architecture, purposefully designed to cap-
ture long-range dependencies and relationships
between words in a text, equips BERT for a wide
range of natural language understanding tasks.
However, it is worth noting that BERT’s input is
limited to 512 tokens. To address this limitation,
tweets were reordered in various model configu-
rations during aggregation (described in the next
Section 4.1) to ensure essential data was included
as input to the models even after truncation (Hou
et al., 2022; Zhao and Yu, 2021).

4.1. Models

For the classification task, we organized the data
in several ways to prepare it for input into BERT,
resulting in the creation of distinct classification
models. Each model received an aggregated sen-
tence comprising of 50 tweets from each user, ex-
cept for the final model. Moreover, each model
adopted unique strategies for arranging the sen-
tences or tweets within the text, with the exception
of the last model. As part of the aggregation pro-
cess for user timeline tweets, we applied the same
post-processing steps detailed in Section 3.3. The
models are outlined as follows:

Model 1 (M1) – User Timeline: In M1 (user
timeline), the 50 tweets were consolidated in the
usual way, following the sequence of tweets from
the user’s timeline, into a single sentence.
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Model 2 (M2) – TextRank with Sentence:
Within M2 (TextRank with sentence), we employed
an efficient unsupervised sentence ranking algo-
rithm, specifically the ‘TextRank’ method (Mihal-
cea and Tarau, 2004), to arrange the sentences.
TextRank assesses the importance of phrases
within a given input text by constructing a graph of
phrase relationships based on co-occurrence, iter-
atively updating phrase scores, and extracting key
phrases for summarization or analysis. Similarly,
it ranks sentences by considering each sentence
as a node in a graph, and it assesses their signifi-
cance based on relationships and co-occurrences
between sentences, resembling its approach to
ranking keywords or phrases. Sentences that are
more interconnected with other sentences, espe-
cially those identified as significant, are assigned
higher ranks, facilitating the identification of key
sentences for summarization or other natural lan-
guage processing tasks.

After consolidating the 50 tweets into a single
sentence, we applied TextRank to select key sen-
tences, and these were positioned at the beginning
of the aggregated sentence. For our implementa-
tion, we utilized PyTextRank4 integrated into the
spaCy pipeline5 with default settings.

Model 3 (M3) – TextRank with Phrases: Uti-
lizing TextRank’s phrase ranking capabilities men-
tioned earlier, in M3 (TextRank with phrases),
phrases from each of the 50 tweets were individ-
ually ranked. The highest-ranked phrase deter-
mined the ranking of the individual tweets, which
were subsequently reordered during aggregation
into a sentence based on this ranking.

Model 4 (M4) – Phobia Keywords: In M4
(phobia keywords), we searched phobia keywords
within the 50 tweets of each user. When any
of these keywords were found, the corresponding
tweets were placed at the beginning of the ag-
gregated sentence, while the remaining tweets re-
tained their original order. It is essential to note
that while the keywords were present in the tweets,
they were not employed for self-reported diagno-
sis.

Model 5 (M5) – Random Tweets: M5 (random
tweets) involved the random aggregation of the 50
tweets from each user’s timeline into a single sen-
tence.

Model 6 (M6) – Individual Tweets: A dif-
ferent approach was adopted for M6 (individual
tweets). For each user, all 50 tweets were indi-
vidually categorized as either ‘non-phobia’ or ‘pho-
bia’ based on their primary annotation. As a re-
sult, the dataset for this specific model configura-

4https://github.com/DerwenAI/
pytextrank

5https://www.bibsonomy.org/bibtex/
2616669ca18ac051794c0459373696942/rerry

tion comprised a total of 165,278 individual tweets,
including 84,177 individual tweets classified as
non-phobia and 81,101 individual tweets catego-
rized as phobia. Therefore, it represents a distinct
classification task compared to the previously dis-
cussed models.

In M1 through M5, the users’ tweets were
arranged in unique ways to compile them into
a single sentence before BERT tokenization.
Therefore, the text lengths remained consistent
across these models, demonstrating an average
of 3788.85, a median of 3614, and a standard de-
viation of 1893.90. Conversely, in M6, where each
user’s 50 tweets were individually considered, the
text segments were notably shorter in length, with
an average of 97.22, a median of 91, and a stan-
dard deviation of 61.89.

4.2. Hyperparameters
The model is comprised of three hidden lay-
ers, with a dropout rate of 0.1 applied between
these hidden layers, following the recommenda-
tion by Devlin et al. (2018). The Adam opti-
mizer was employed, using a learning rate of 1e−5.
Throughout all experiments, the hardware configu-
ration was an Intel Core i7-11800H processor, an
NVIDIA GeForce RTX 3060 GPU with 6 GB of
memory, and 16 GB of RAM.

4.3. Data Split
For all the models mentioned in Section 4.1, the
data was initially divided into training, validation,
and test sets, using an 8:1:1 ratio before executing
the classification model. These models underwent
100 epochs of training, incorporating early stop-
ping with a patience value of 5. Additionally, during
the training process, the best model weights were
automatically saved based on the performance
achieved on the validation data. Later, the test
data was assessed using the best-saved models,
and their performances were compared based on
the f1-scores. Furthermore, to provide a bench-
mark for comparison, the majority class baseline
(MCB) was calculated. The MCB predicts the
class with the highest number of instances in the
dataset for all cases. It serves as a straightforward
baseline for assessing more sophisticated models,
although it may not fully capture the intricacies of
the data, which advanced models are designed to
do.

5. Result and Discussion

5.1. Binary Classification Results
Table 2, and Table 3 provides a summary of the
classification performance for distinguishing be-

https://github.com/DerwenAI/pytextrank
https://github.com/DerwenAI/pytextrank
https://www.bibsonomy.org/bibtex/2616669ca18ac051794c0459373696942/rerry
https://www.bibsonomy.org/bibtex/2616669ca18ac051794c0459373696942/rerry
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tween non-phobia and phobia using various mod-
els. Notably, all models completed training up
to the seventh epoch (except M2, which finished
at the sixth epoch), and interestingly, the best
epoch identified was the first epoch for all mod-
els. M5 (random tweets) achieved the highest f1-
score of 75.35%. Employing a basic data organiza-
tion method, such as randomly ordering the tweets,
could yield superior results, resonating with the
findings of Park et al. (2022) in their study on long
document classification. The second-highest f1-
score, 75.31%, was attained by M3 (TextRank with
phrases), which was close to the highest score.
The other three models, M1 (user timeline), M4
(phobia keywords), and M2 (TextRank with sen-
tence), achieved f1-scores of 74.09%, 71.67%,
and 69.20%, respectively. Conversely, the low-
est f1-score, 68.48%, was recorded for M6 (indi-
vidual tweets). Indeed, for M6 (individual tweets),
the classification model encountered challenges in
distinguishing the classes when the user timeline
of tweets was individually considered instead of be-
ing aggregated together. BERT’s architecture is
designed to process longer texts by dividing them
into chunks or tokens. Individual tweets are typi-
cally very short, limiting BERT’s capacity to com-
prehend the entire context and resulting in an in-
formation loss.

Table 2: Binary classification results for M1 to M5
(here, ‘P’, ‘R’, ‘F1’, ‘Acc’ means precision, recall, f1-
score, and accuracy respectively)

Models Epoch
Results

P R F1 Acc
M1

(user timeline)
1 73.23 74.97 74.09 73.52
2 70.93 86.24 77.84 75.20

M2
(TextRank with sentence)

1 67.86 70.60 69.20 68.30
2 - - - -

M3
(TextRank with phrases)

1 73.49 77.22 75.31 74.84
2 71.18 87.36 78.44 76.14

M4
(phobia keywords)

1 74.89 68.72 71.67 72.43
2 70.91 86.72 78.02 75.20

M5
(random tweets)

1 72.86 78.02 75.35 74.11
2 70.92 85.51 77.54 74.86

MCBM1−M5 - 50 100 66.67 50

Table 3: Binary classification results for M6 (here,
‘P’, ‘R’, ‘F1’, ‘Acc’ means precision, recall, f1-score,
and accuracy respectively)

Models Epoch
Results

P R F1 Acc
M6

(individual tweets)
1 68.05 68.91 68.48 68.61
2 67.35 72.64 69.90 69.05

MCBM6 - 50.93 100 67.49 50.93

Further, since the best models were automat-
ically saved, the weights of the second epoch
were also saved for all models (except for M2),

even though it was not the best epoch based on
the train-validation accuracy curves during model
training. Intriguingly, when we evaluated the test
dataset using these saved weights, we observed
higher f1-scores for all the models, but with no-
table differences in precision and recall results.
The top-performing model was M3 (TextRank with
phrases), achieving an f1-score of 78.4%. The
other models, M4 (phobia keywords), M1 (user
timeline), and M5 (random tweets), achieved f1-
scores of 78.02%, 77.84%, and 77.54%, respec-
tively. As in the previous results, the lowest f1-
score was recorded for M6 (individual tweets) at
69.05%.

Overall, the f1-scores of the models surpassed
both the f1-scores of MCBM1−M5 and MCBM6
(66.67% and 67.49%, respectively), indicating that
the models outperformed the majority class pre-
dictions for all instances. This demonstrates the
models’ effectiveness in distinguishing between
different classes while maintaining a balance be-
tween precision and recall. The highest f1-score,
78.44%, was achieved by M3 (TextRank with
phrases) in its second epoch. The capability of
TextRank to rank tweets with phrases proved to
be effective in identifying the most crucial tweets
for each user. The confusion matrix for the model
is depicted in Figure 3. Notably, the model faced
more challenges in predicting the ‘non-phobia’
class compared to the ‘phobia’ class. Users
who were misclassified, along with their timelines
of tweets, predominantly contained content unre-
lated to phobia, including daily life updates, en-
gaging topics, personal thoughts, and more. This
inherent variability in tweet content posed a chal-
lenge for the model in accurately distinguishing be-
tween non-phobia and phobia users.

non-phobia phobia
Predicted Label

no
n-

ph
ob

ia
ph

ob
ia

Tr
ue

 L
ab

el

1559 837

299 2067

400

600

800

1000

1200

1400

1600

1800

2000

Figure 3: Confusion matrix for the M3 (TextRank
with phrases) on its second epoch in binary classi-
fication
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5.2. Multi-class Classification Results

For the multi-class classification of phobia sub-
types, we chose M1 (user timeline) and M3 (Tex-
tRank with phrases), as well as the best settings
identified in the binary classification (as mentioned
in Section 5.1). Both models completed training
up to the eighth epoch, with the second epoch
yielding the best results. M1 (user timeline) out-
performed M3 (TextRank with phrases) with an f1-
score of 22.62%, while M3 achieved an f1-score
of 21.12%. Similar to previous experiments, the
best weights were automatically saved, including
the weights of the third epoch for both models, de-
spite it not being the best epoch based on the train-
validation accuracy curves during model training.
In this case, both models demonstrated reason-
able performance, with M1 (user timeline) achiev-
ing the highest f1-score of 24.01% and M3 (Tex-
tRank with phrases) obtaining a 23.16% f1-score.
In this context, the f1-scores for all the models fell
below the f1-score of the MCB (28.40%). This
implies that the model performances were not as
good as simply predicting the majority class for all
instances. The models encountered difficulties in
accurately classifying instances from the minority
class, resulting in lower precision and recall values
in the predictions. This could be considered an in-
adequate overall performance for multi-class clas-
sification.

The results are depicted in Table 4. Further anal-
ysis was conducted on the highest score achieved
in multi-class classification for M1 (user timeline)
during its third epoch, and evaluation scores were
computed for each class. This analysis suggests
that the model faced challenges in accurately pre-
dicting most of the phobia classes, particularly
those with limited data. Furthermore, only 10
out of 65 classes demonstrated measurable F1
scores, while the remaining 55 classes did not
yield satisfactory results, indicating that the classi-
fier encountered difficulties in correctly classifying
instances within these classes. Classes with fewer
than 542 instances were particularly challenging
for the model to classify accurately due to the
limited data available. Also, compared to binary
classification, multi-class classification typically ex-
periences lower performance as the number of
classes increases, posing greater challenges in
accurately classifying each class, as evidenced
by the evaluation scores computed for individual
classes in the multi-class scenario.

6. Conclusions

In this research, we proposed a novel dataset
containing 811,569 tweets and the user timeline
of tweets of 102 phobia subtypes (collected over

Table 4: Multi-class classification results (here, ‘P’,
‘R’, ‘F1’, ‘Acc’ means precision, recall, f1-score,
and accuracy respectively)

Models Epoch
Results

P R F1 Acc
M1

(user timeline)
2 24.00 27.30 22.62 27.30
3 27.13 28.19 24.01 28.19

M3
(TextRank with phrases)

2 23.04 25.27 21.12 25.27
3 23.70 26.75 23.16 26.75

MCB - 16.51 100 28.40 16.51

six months). Detailed pre-processing and string-
searching methods were applied to find 47,614
self-diagnosed phobia users. Finally, different
BERT models were evaluated for binary classifi-
cation of non-phobia and phobia, and multi-class
classification of 65 phobia subtypes (102 classes
were reduced to 65 classes by excluding classes
with fewer than ten Twitter users to minimize imbal-
anced data distribution) using the user timeline of
tweets. The best f1-scores achieved were 78.44%
for the binary classification and 24.01% for the
multi-class classification. In the context of multi-
class classification, the model was unable to cor-
rectly predict 55 out of 65 classes that represent
distinct phobia subtypes, which is one of the limi-
tations of this research.

In the future, an in-depth exploration of multi-
class classification will be undertaken, particu-
larly in response to the observed misclassifica-
tions incurred by the investigated multi-class clas-
sification models in this study. To enhance the
BERT model’s performance in multi-class classi-
fication, both the inclusion of a diverse and bal-
anced dataset and the utilization of advanced data
augmentation techniques will be employed to im-
prove its discriminatory capabilities across various
phobia subtypes. This study holds practical rele-
vance, as it paves the way for the creation of valu-
able applications such as a chatbot for phobia de-
tection or web-based tools. These applications, if
developed, could have a substantial real-world im-
pact on individuals’ mental well-being by providing
accessible resources for comprehending and ad-
dressing their phobias.

7. Ethical Considerations

In self-reported phobia classification research, eth-
ical concerns include privacy and consent. Analyz-
ing public social media data for self-reported pho-
bia tweets risks intruding on individuals’ privacy,
potentially causing them to feel exposed or vulner-
able. Researchers must prioritize obtaining proper
consent and ensuring data anonymity to mitigate
these privacy concerns.
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