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1 Abstract

Bidirectional Encoder Representations from Trans-
formers (BERT) are deep learning language models,
used to understand the meaning of language based
on context. BERT models are widely used in Nat-
ural Language Processing (NLP) research for tasks
such as Sentiment Analysis (SA). Social media plat-
forms such as Twitter offer a large quantity of data
to run SA on. However Twitter data is very noisy,
due to an extensive use of hashtags, emojis, abbre-
viations, and slang. This noise impairs the perfor-
mance of BERT models on the SA task. There are
BERT models that are pre-trained on Twitter data,
however the features labeled as noise are not in-
cluded in the pre-training. Another problem arises
when Tweets contain a high count of niche vocab-
ulary words that did not occur in the pre-training
of the BERT models. We propose a fine-tuned pre-
trained BERT model combined with a pipeline of
pre-processing methods called the “intelligent pre-
processor” to overcome the challenges. The intelli-
gent pre-processor is used to translate Twitter noise
into a language structure that optimizes the mod-
els performance. Domain knowledge is used to help
the intelligent pre-processor detect niche vocabu-
lary and replace it with a common language al-
ternatives. The proposed model outperformed the
baseline pre-trained Twitter-based BERT model on
a sentiment analysis task and confirmed findings of
earlier research.

2 Introduction

In the current digital age, social media is an in-
creasingly popular place for people to share their
opinions with the rest of the world. As of 2022,
there are 217 million active users on Twitter, post-
ing around 500 million tweets every day.

Companies see the vast amount of data pro-
duced on Twitter as an opportunity to learn from
people’s thoughts and opinions. One way to achieve
this is with social media monitoring. A company
can monitor and store messages posted about a par-
ticular subject. Natural language processing mod-
els can then be applied to the data to help a com-
pany with things as streamlining repetitive tasks,
overcoming language barriers, and automating cos-
tumer service with chatbots.

A popular NLP task for social media monitor-
ing is sentiment analysis. During this task, a NLP
model classifies the sentiment of a given text by as-
signing a label to it. Labels that are often used are
"Positive” and "Negative” [2], 26]. In some cases,
the labels "Neutral” and ”"Mixed” are also used

[14, 27]. Sentiment analysis can be used by com-
panies to monitor their social media and detect the
opinion of consumers on their products. The abil-
ity to detect negative messages about the company
can be used to swiftly respond to complaints and
become aware of any issues. Another implementa-
tion could be for politicians to measure their pop-
ularity by running SA on news articles and social
media outlets.

The transformer is a novel architecture in the
NLP field, that relies on self-attention to compute
representations of its input and output. The BERT
model builds on the self-attention architecture of
transformers and demonstrated great results for down-
stream tasks including sentiment analysis. BERT
is a multi-layer transformer encoder, based on the
original transformer implementation and the bidi-
rectional embedding of the ELMo model [22], [32].
The training of BERT models is done in two sep-
arate phases. In the first phase called the pre-
training, the model gains an understanding of the
meaning of language. This is achieved by splitting
or “tokenizing” the input sequences into tokens and
computing a vector called an embedding that rep-
resents the meaning of the token. All tokens in the
input sequence are read at the same time, and con-
text left and right of every token is used to encap-
sulate the meaning of each token in an embedding
vector. Other factors such as position in the se-
quence also influence the embedding. BERT uses
the attention mechanism of a transformer encoder
to “focus” on the most important parts of the input
sequence to base the meaning of a token on. Pre-
training uses masked language modelling and next
sentence prediction tasks to update the weights in
BERTS layers, and the result of this phase is called
a base model. A large selection of pre-trained base
models can be found online. This reduces the train-
ing time of the model during the implementation
phase. When we wish to use a BERT model for
a downstream task, we only need to update the
last layer of the pre-trained BERT model in the
fine-tuning phase. Examples of downstream tasks
are neural machine translation, question answering,
text summarization, and sentiment analysis.

Various pre-trained BERT models exist with each
their own unique pre-training datasets. The struc-
ture of the language in a dataset can vary a lot
depending on the data source. Text collected from
Wikipedia often consists of long paragraphs that
are formal and objective. Contrary to this, text col-
lected from Twitter has a character limit and is of-
ten informal and subjective. It is important for the
performance of BERT models, that the pre-training
dataset language structure aligns with the language



structure of the dataset on which the model is ap-
plied. For example, using a BERT model pre-trained
on Twitter data yields greater performance scores
in Twitter text mining tasks than using a BERT
model trained on Wikipedia data [24].

Although there are BERT models pre-trained
on the Twitter language structure, a lot of features
that occur in tweets are seen as noise and are re-
moved prior to the training phase [30]. This noise
can be in the form of emojis, hashtags, slang, ab-
breviations and more. However we argue that these
features contain information that can improve a
models ability to classify sentiment.

An additional problem is that the performance
of a BERT model is limited to the vocabulary present
in the pre-training dataset. The amount of out-
of-vocabulary words may have a negative effect on
BERT performance.

Companies often focus on a specific subject when
using BERT models (such as a particular product
line or service that they provide). The subject
specific datasets can contain a niche vocabulary.
BERT models are not often pre-trained on any spe-
cific domain, so the probability that niche vocab-
ulary words from a certain domain occur in the
pre-training dataset is small. Out-of-vocabulary
words can only be handled by BERT models if
the words contain sub-words. Understanding these
niche words is vital, not only for handling the words
correctly [10], but also for understanding the senti-
ment that these words hold.

For this experiment, we used cryptocurrency
tweets. Cryptocurrency is a relatively new concept
that has gained a lot of traction in the last decade
[28]. It bears resemblance to the stock market but
with a higher volatility. The crypto market started
as a niche which has resulted in a unique vocabulary
in the community. We use a BERT model to ap-
ply sentiment analysis on the crypto related tweets
and classify the tweets using the labels “Positive”,
“Neutral”, and “Negative”.

To improve the sentiment analysis performance
of a BERT model, we propose an “intelligent pre-
processor”. The intelligent pre-processor is a pipeline
of extensive pre-processing methods that we use to
transform features such as hashtags, emojis, slang,
and niche vocabulary into a language structure that
aligns with pre-training dataset of the pre-trained
BERT model. We can apply the intelligent pre-
processor on the cryptocurrency Twitter dataset
that we collected and use the dataset to fine-tune
a pre-trained BERT model for sentiment analysis.
With this experiment we attempt to answer the
question:

Can the sentiment analysis performance of a

fine-tuned pre-trained BERT model be improved
using an intelligent pre-processor?

We hypothesize that the intelligent pre-processor
has a positive effect on the sentiment analysis per-
formance, as the pre-processor enables the BERT
model to successfully process information that is
otherwise lost in noise.

2.1 Background
2.1.1 Embedding models

The language modelling field has seen a lot of ad-
vances in the past decade. One breakthrough was
in 2013, with the development of the word rep-
resentation model Word2Vec [17]. Word2Vec was
shortly followed by the GloVe model in 2014 [21].
These models transform words into vector repre-
sentations based on semantic value. The vector
representations are dimensional coordinates in an
embedding space. An embedding space can be pre-
trained when used in a computer network. This
reduces the time required for computing word vec-
tors. Before the embedding models, one-hot encod-
ing was used to create word vectors. However one-
hot encoding is most effective on small cardinality,
and there exist so many words that one-hot encod-
ing resulted in sparse vectors. With models such as
Word2Vec and GloVe, word vectors could be cre-
ated more efficiently with lower computational and
spacial complexity.

2.1.2 Recurrent Neural Networks and mem-
ory models

In 2015, Recurrent Neural Networks (RNNs) be-
came popular for NLP. RNNs created the possibil-
ity to process sequences of textual data. Although
this was a great step for the NLP field, a prob-
lem emerged when sequences became too long. Ev-
ery input in the sequences would update weights
in the network, however the longer the sequence
lasted the more the weights of earlier inputs de-
creased with back propagation. This problem is
called the vanishing gradient problem. The prob-
lem was partially solved by combining the RNNs
with Long Short Term Memory models (LSTM), in
which the weights can flow through the model un-
changed [34]. A second problem with RNNs, and
even more so in LSTMs, is that the models were
slow to train. This is because input data is passed
sequentially from one state to the next, which does
not line up with the parallel processing architecture
of modern graphics processing units.



2.1.3 Attention networks

The next step for models were the attention net-
works. Attention networks use an attention mech-
anism to dynamically highlight relevant features
in input data. One of the attention networks is
the Transformer model developed in 2017[32]. A
big advantage over RNNs is that the Transformer
model supports parallel passing of the input se-
quence. A transformer model consists of an encoder
part and a decoder part. Before the input is fed into
the encoder, the input is transformed into vectors
with the use of (pre-trained) embeddings. Using
positional encoding, the vectors are given informa-
tion about the position of the word in the input
sequence. In the encoder, the transformer uses an
attention layer to determine how much focus should
be given to each word in the sequence, which is
stored in attention vectors. This layer is important
to capture contextual relationships between words
in a sentence, which can affect the sentiment of a
word. The attention vectors are prepared for the
next encoder or decoder in a simple feed forward
network. The decoder has three main components;
an attention block, a feed forward network, and a
linear layer. The attention block and feed forward
network are similar to those in the encoder. The
linear layer expands the dimensions to those of the
targeted output, depending on the task of the trans-
former. A final layer transforms the output into a
probability distribution, based on which the most
probable outcome is returned by the transformer.
Popular tasks for transformer models are language
translation, document summarization, and biologi-
cal sequence analysis.

2.1.4 Bidirectional encoder representations
from Transformers

BERT is a multi-layer bidirectional Transformer en-
coder [6]. Tt is a deep learning model that is used
to learn the meaning of language. BERT models
are trained in two phases that can be performed
separately in time. In the first phase called the
pre-training phase, the model learns the meaning of
words from the language in a chosen dataset, Pre-
training is done using masked language modelling
and next sentence prediction tasks. Pre-training
results in a base BERT model which can then be
fine-tuned for a specific NLP task using transfer
learning. Before a model processes its input, tok-
enization is performed, splitting input sequences in-
put separate tokens or words. BERT models read
all words in text sequences at once. This allows
the models to base the meaning of words on con-
text from an entire sentence. The attention mech-

anism of a transformer is used to “focus” on the
most important parts of the input sequence. The
meanings of words are represented in vectors called
word embeddings. The hidden states of the final
layer of the BERT model use the embeddings to
compute an output for a particular task. BERT
outperformed the state-of-the-art on 11 NLP tasks
when the original paper was published.

2.1.5 State-of-the-art

In the current situation, the classic BERT imple-
mentation is no longer relevant, however adapted
versions are still state-of-the-art for several tasks.
RoBERTa is a BERT model with an optimized pre-
training approach. ALBERT is a scaled down ver-
sion of the original BERT implementation that re-
duces power consumption and increases training
speed. StructBERT extends a BERT model by
including language structures in pre-training. Fi-
nally, DeBERTa builds on RoBERTa with disentan-
gled attention which requires half the data RoBERTa
needs for pre-training. Other models that dominate
the NLP field at this time are the transformer-based
models GPT2 [25] and GPT3 [4] developed by Ope-
nAl Finally XLNet is a state-of-the-art model which
combines the bidirectional capability of BERT and
autoregressive technology.

2.2 Related work

Since BERT models can be used for numerous NLP
tasks, there are a vast amount of studies using BERT
models. Studies on Twitter based sentiment analy-
sis are done on a lot of different domains.

One study explored the Twitter-based sentiment
analysis performance of a BERT model on covid-
related tweets [30]. No pre-processing steps were
performed on the Twitter data, except for simple
feature selection. Using Minimum redundancy max-

imum relevancy (mRMR), the tweet_ id, likes, retweets,

timestamp, and text_html were selected. In our
experiment, we use feature selection to select the
tweet__id and the text field of every tweet.

Another study used a BERT model to run sen-
timent analysis on news articles about the stock
market [3I]. The news articles were acquired us-
ing data crawling. Before feeding the articles to
a BERT model, WordPiece was used to tokenize
the articles. The performance of BERT was com-
pared to naive Bayes, support vector machines, and
TextCNN. BERT outperformed the other models
with 15% fl-score difference.

Finally, a study attempted to use sentiment anal-
ysis on cryptocurrency tweets to predict the two-
hour price of cryptocurrencies [I1]. Since the ex-



periment had a goal beyond sentiment analysis, ad-
ditional to collecting twitter data as done we did
in our experiment, the study also collected infor-
mation about the prices of the currencies. It was
not stated that any pre-processing steps were per-
formed on the twitter data.

We observe that extensive pre-processing is not
a popular approach when working with BERT mod-
els on sentiment analysis. There are several studies
that aimed to improve the performance of models
on the sentiment analysis task. We encountered two
studies that implemented a form of pre-processing
to achieve performance improvement when using a
language model.

Naseem et al. [I9] reported an improvement
in performance on a twitter-based sentiment anal-
ysis task. The paper emphasizes how noisy twitter
data can be. Naseem et al. proposed a new model
architecture called “DICE+”, which was developed
to be able to process the noisy data. DICEr en-
codes the representation from a transformer and
uses a deep intelligent contextual embedding to el-
evate the quality of twitter data. The input layer
of the model proposed in the paper is referred to
as the “Intelligent pre-processor”. In this portion
of the model, the twitter data is transformed with
an extensive pre-processing pipeline tailored to the
features that often occur in tweets. We have im-
plemented most of the steps in our version of the
pipeline, however there are some differences. Naseem
et al. used the Potts tokenizer to translate emoti-
cons, apply word segmentation on hashtags, and re-
place slang with actual words. Since emoticons are
slowly becoming obsolete and replaced with emojis,
we ignore emoticons in our experiment and instead
focus on the translation of emojis. Additionally,
we empirically decided to use a BERT tokenizer in-
stead of the Potts tokenizer since it was optimized
to prepare data for a BERT model. Finally, Naseem
et al. implemented spelling correction as part of
their pre-processing pipeline. Spelling correction is
left out in our implementation since it was not fea-
sible in the given time period but has potential in
future research and is further discussed in the lim-
itations section. DICE was evaluated using three
different datasets and considerably outperformed
the state-of-the-art in sentiment classification. The
effect of the intelligent pre-processor was tested on
several different models and datasets and improved
the accuracy of models between 0.25% and 2.5%.

A study by Husain et al., explored the effect of
pre-processing on offensive language classification
using a BERT model [9]. The study used datasets
consisting of around 6000 Arabic tweets of varying
dialects. Extensive pre-processing was performed

including emoji conversion, dialect normalization,
word categorization, letter normalization, hashtag
segmentation, and miscellaneous steps. Despite the
effort, Husain et a. concluded that classifiers based
on BERT models do not benefit from pre-processing.
The paper did however indicate that the dataset
that was used during their experiment, was highly
imbalanced and that the results could benefit from
validation on a larger dataset.

Although the studies by Naseem et al. and Hu-
sain et al. yield different outcomes on the effect
of pre-processing on model performance, we can’t
compare their results. Naseem et al. used English
datasets whereas Husain et al. worked with Ara-
bic tweets. Language and culture related differ-
ences could have an influence on the effectiveness
of pre-processing. To provide comparable research,
we explore the effect of the intelligent pre-processor
in this experiment.

3 Methods

3.1 Dataset analysis

We summarize the features that are present in the
dataset that was used in our experiment. During
the dataset analysis we focus on emojis, tags, and
slang, as these features influence the effect of pre-
processing. The features are analysed for the total
dataset as well as separately for every class. The
results of the analysis are presented in tables
and [[4] in appendix

In the total dataset, 134 unique emojis were en-
countered. The dataset contained 938 unique tags.
By comparing the words found in the dataset to
the dictionary of the WordPiece tokenizer used by
BERT models, we detected 143 out-of-vocabulary
slang words.

3.1.1 Emoji distribution

In the dataset, the average amount of emojis per
tweet was 0.96. The positive class had the most
emojis per tweet on average with an average of 1.39.
The least amount of emojis per tweet were found
in the neutral class.

The most popular emojis in the dataset were
#, ., and @, which accounted for 17, 7.12, and
5.03 percent of all emojis respectively. The most
popular emojis for the separate classes are very
true to our expectations. The " emoji is by far
the most popular emoji in the positive class, tak-
ing up 28% of all emojis. The rocket represents
prices shooting up to the stars and has a strong as-
sociation to positive sentiment. The neutral class



contains a mixture of ./ and "\ but has no emoji
that is significantly more used than others. The
"\ emoji is the most popular emoji in the negative
class.

3.1.2 Tag distribution

The tweets in the dataset have an average amount
of 4.005 tags. The neutral class has the most amount
of tags per tweet and the negative class the least.
In the total dataset, as well as for all classes, #Bit-
coin, #BTC, and #Crypto were the most used tags
in tweets contributing to almost a third of all tags.

3.2 Data Gathering

The Twitter API was used to gather tweets based
on queries. The queries were used to select only the
tweets related to cryptocurrencies. To find tweets
with a certain sentiment, we created a list of key-
words to expand the query. This list was made
as long as possible and was updated iteratively to
limit the chance of creating a bias for a certain
sentiment. Using the 'Essential’ access level of the
Twitter API, we could collect one hundred tweets
from the last seven days with each pull request.
The output of the API is a JSON file with both the
text and id of the tweets. The tweet id is later used
to match tweets to their labels. Pull requests were
done using different queries, on different dates and
differing moments of the day. We merged all sep-
arate JSON files into one final raw data collection
JSON file.

Twitter has a lot of bot accounts that are used
to post almost identical messages in large quanti-
ties onto the platform. Initially to prevent these
duplicate tweets from dominating the sample pop-
ulation, we only stored tweets that did not already
occur in the total collection. However an interest-
ing phenomena was found after implementing this.
The tweets posted by bots had a designated portion
in which a short string was placed which was unique
for every post. Most likely, this is done to counter
attempts of filtering out duplicate bot tweets. To
counter this strategy, we used character-based near
duplicate detection. Newly gathered tweets that
had a resemblance of 90% or higher to any tweet in
the collected dataset, were discarded. To compute
the resemblance, we used the formula 2«xM /T. Here
T is the total number of elements in both sequences,
and M is the number of matches. We collected a
total of 17.900 tweets from Twitter. After near du-
plicate detection, only 6.188 tweets remained in the
final dataset for the experiment.

3.3 Annotation

In order to find significant results, we set a goal to
collect at least two hundred tweets for every label,
six hundred tweets in total. During the data gather-
ing phase we noticed that tweets with positive sen-
timent were the most common on the crypto side of
Twitter. We ran data gathering code in the period
between March 22 2022 and April 12 2022. This pe-
riod was relatively stale for the crypto community,
based on the price trends of the largest currencies;
Bitcoin, Ethereum, Cardano, Solana, and Ripple.
During the first half of this period, the cryptomar-
ket saw a slight increase in prices. In the second
half of the gathering period, the prices reset back
to their original values from the start of the selected
period. Although the second half saw a decrease in
prices, the price drop was not large enough to ini-
tiate a negative response from the community.

Prior to the annotation process, we created an
annotation protocol in which definitions of the la-
bels were set in order to eliminate room for misin-
terpretation and to keep annotation consistent.

The annotation protocol maps all tweets that
infer positive sentiment toward cryptocurrencies or
state an increase in price, to the positive label.
Tweets that infer negative sentiment toward cryp-
tocurrencies or state a decrease in price, are con-
sidered negative tweets. Tweets without sentiment
that do not state a direction of a price are assigned
a neutral label.

More in depth definitions and examples can be
found in tables [15 to [I7] of Appendix [C]

It is important to note that this annotation pro-
tocol is set up from the perspective of a cryptocur-
rency holder. The holder is only happy with an
increase in the price of cryptocurrencies, or if other
people express positive sentiment about the cur-
rencies. This behavior where a holder aims to sell
their assets at a higher price is called longing. Al-
though there also exists a method called shorting
with which can be profited from a decrease in price
of assets, this method is not considered positive in
this experiment.

To manually assign labels to the tweets, Light-
Tad[| was used. This site requires a csv file as in-
put. Annotation was done in batches of fifty tweets.
Batches were sampled from the tweet collection and
converted into csv format to upload and annotate
on the site. To optimize the efficiency of the an-
notation process, we ranked the tweets in the col-
lection on usability by a score based on the num-
ber of crypto specific terms that were concluded
in the posts. By doing this, tweets with a low

1Light Tag website: lighttag.io, accessed on 16 june 2022.



score that solely included ’crypto’ or ’bitcoin’ with-
out any other relevance to cryptocurrencies, could
be discarded. The output of LightTag is another
JSON file containing the tweets and their respec-
tive labels. By matching the tweets and labels us-
ing tweet ids, we inserted the labels into the tweet
collection file.

We continued the annotation of tweets until we
achieved the goal of at least 200 for every class.
When this was achieved, we had annotated 224
positive tweets, 200 neutral tweets, and 204 nega-
tive tweets. In order to have a balanced dataset,
we manually selected 24 positive and 4 negative
tweets to be discarded from the final dataset. The
tweets that were removed had weaker expression of
positive and negative sentiment than the ones that
were kept. This resulted in 600 tweets for the final
dataset that was used during the experiment.

3.4 Pre-processing

Previous studies have found that implementing an
intelligent pre-processor and combining it with a
BERT model has a positive effect on the sentiment
classification performance of the model [19]. Tweets
often contain a lot of informal language including
abbreviations, slang, and hashtags. A usual pre-
processing approach is feature selection, where only
certain features are considered and others are la-
beled as noise and discarded. In this study, we
propose an intelligent pre-processor which enriches
data by transforming “noise” into usable informa-
tion.

All steps in the pre-processing pipeline are de-
scribed in the order that they are applied to the
data. This order is important to enrich the Twitter
data as much as possible. In some cases, the appli-
cation of one method is a prerequisite for another
further down the pipeline. Altering the order of the
methods applied can also lead to incorrect results,
as we discuss later in this section.

3.4.1 Text normalization

As the result of the Twitter API sending an HTML
request to Twitter and converting the result of that
into a JSON format, HTML entities are not rep-
resented correctly anymore (examples given in ta-
ble .
These entities need to be restored to text characters
before using the collected data. This corruption is a
result of the data gathering process, and since this
restoring process is not a part of our experimental
comparison, we always apply it to the data.
Starting from this point in the process, a dis-
tinction is made between a raw data set and a clean

HTML entity ‘ Character

&amp; &
&egt; >
&lt; <

Table 1: Examples of HTML entities and their re-
spective characters.

data set. The raw data set is finalized after text
normalization. The clean data set is a copy of the
raw data set, to which the following pre-processing
steps are applied.

3.4.2 Translating mentions and links

Tweets often contain user mentions, a string start-
ing with an at sign or “@”. Mentions are used to
address a post to a certain account. URLs are also
often used in Twitter posts to embed images or
to share sites. In the implementation of Naseem
et al. [19], the pre-processing layer removes both
mentions and hyperlinks. However in our experi-
ment, mentions and links are instead replaced with
the placeholders “QUSER” and “HTTPURL” re-
spectively. The reason for this, is that this same
approach was done during the pre-training of the
“BERTweet” model which we use as base model in
our experiment [20] ﬂ

3.4.3 Translating emojis

Emojis are a very important feature for sentiment
analysis [29]. As shown by Churches et al. [5], the
human brain perceives emoticons, simpler versions
of emojis, in the same way as it reacts to real fa-
cial expressions of humans. The use of emojis has a
wide range of advantages during communication in-
cluding processing speed of messages, improved ex-
pression of feelings, and an intensified perception of
negative or positive sentiment [3]. Emojis can also
clarify the intended tone of a message [13]. All these
advantages of emojis however are visual, and are
lost when BERT models process the emojis in tex-
tual form. Emojis collected from Twitter with the
Twitter API are encoded in a format called Java Es-
cape (see table[2), and BERT is not pre-trained on
this format. Because of this, the Java escape strings
are considered out-of-vocabulary words. Since the
strings do not contain any sub-words, tokenization
fails to assign a meaningful vector to the strings.

2https://github.com/VinAIResearch/BERTweet



Emoji ‘ Java escape

h \ud83d\ude80
4 \ud83d\udcc9
8 \ud83d\ude28

Table 2: Examples of emojis and their respective
java escape notation.

To solve this issue, we use the emoji python
module to translate emojis to a format that de-
scribes the content of an emoji in words (examples
in table [3)). The emoji module essentially replaces
the emojis with a text format that a pre-trained
BERT model is familiar with. The textual output
can then be correctly tokenized by a BERT model,
which improves the ability to learn the sentiment
that emojis hold during the fine-tuning phase of the
BERT model.

Emoji ‘ Translation

:chart_ decreasing;:
:rocket:

\
’

:) :."4 //(

:fearful face:

Table 3: Examples of emojis before and after trans-
lation.

This method of translating emojis was also used
in the pre-training of the base model for our ex-
periment called “BERTweet” [20]. Following this
method during the development of the model that
we propose, optimizes the knowledge that our model
has learned about the sentiment of translated emo-
jis earlier on.

3.4.4 Word segmentation on hashtags and
cashtags

Hashtags (#) and cashtags ($) are used to give con-
text to a tweet and to allow users to find tweets
about certain topics. Cashtags are a special type
of hashtags dedicated to currencies. An example of
finding tweets of a certain topic is how, among oth-
ers, we used the hashtag “crypto” during the data
gathering phase of our experiment to find tweets
about cryptocurrency. A characteristic feature of
hashtags is that they do not contain spaces. This
means that it is possible that words in hashtags
are not recognised because they are concatenated
to other words in a long string. There are a lot of
studies that underline the importance of hashtags
in sentiment analysis [16] [18] [33]. To optimize the
use of the sentiment embedded in the tags, we apply
word segmentation on hashtags and cashtags. The
first character of the tag is removed and the rest

of the string is split up into separate words. The
word segmentation algorithm that we used, made
use of a unigram, a list of words similar to a dic-
tionary. This unigram is used to detect English
words. We updated the unigram to include abbre-
viations and slang from the niche vocabulary of the
crypto community. Without adaptation of the uni-
gram, segmentation of the tags is ambiguous due to
the number of abbreviations and slang that make
up the tags along side “normal” words. Incorrect
segmentation can distort the content of the tags,
resulting in a loss of information.

3.4.5 Processing abbreviations and slang

In the next step of preprocessing, the abbreviations
and slang that are in the tweets, and that resulted
from the segmentation of tags, are translated into
more common language representations. All cryp-
tocurrencies have a name and an abbreviated ver-
sion similar to fiat currencies as seen in table [4

Currency | Abbreviation
Bitcoin BTC
Ethereum | ETH
Ripple XRP
Euro EUR
US Dollar | USD

Table 4: Examples of cryptocurrencies and their
respective abbreviation.

We exchange these abbreviations with the spelled
out name of the currency to decrease the number
of unique terms in tweets that a model needs to
learn from and work with. Slang is not included
in the tokenizer’s unigram used by the BERTweet
model and these words are therefore exchanged by
more common words. Although BERT models can
use sub-word tokenizers to solve out-of-vocabulary
tasks [15], almost all slang that we encountered in
the collected data did not contain any sub-words to
tokenize and thus sub-word tokenization would not
suffice.

3.4.6 Restore spacing

During pre-processing, sub-strings are replaced sev-
eral times. Since some target sub-strings are only
a few characters long, such as in the case of ab-
breviations, we place spaces around a sub-string
every time one is placed. This is done to avoid
replacement of portions of words that match with
the targeted sub-strings. An example would be the
cryptocurrency Ethereum. The abbreviated form
of Ethereum is eth. To avoid “Ethereum” being



changed to “Ethereumereum”, we set “ eth ” as
target sub-string. This method is effective, however
after several iterations of replacements the final re-
sult contains a lot of excess space characters. Stud-
ies show the importance of white space removal, to
enhance performance in sentiment analysis [I, [8].
Following their findings, we reduce all white space
sequences to a single space.

3.5 BERT Fine-tuning

After pre-processing, the clean data set is ready
to be used for the fine-tuning of a custom crypto-
domain sentiment analysis BERT model. As base
model, we use a model called “bertweet-sentiment-
analysis”, pre-trained on a large set of tweets E| [23].
Prior to fine-tuning, a tokenizer is defined that con-
verts tweets into a list of tokens and computes a nu-
merical representation for every token. To optimize
the performance of the tokenizer, we add domain-
specific tokens to the token embeddings. Adding
these tokens allows the tokenizer to correctly rec-
ognize all words in our dataset and prepare it for
the BERT model.

Hyperparameters used during every fine-tuning
session in the experiment are shown in table

Learning rate 2e-5
Batch size 4
Number of epochs | 4

Table 5: Hyperparameters used during the fine-
tuning of the models.

The learning rate is the default value of the
trainer from transformers. We reduced batch size
from the default 16 to 4 to reduce training time.
We empirically decided to increase the number of
epochs to avoid underfitting.

3.6 Evaluation

After the training phase, we evaluated the perfor-
mances of a pre-trained BERT model fine-tuned on
the raw dataset, as well as that of a pre-trained
BERT model fine-tuned on the clean dataset. We
also evaluate the sentiment analysis performance of
the base model.

The performance of the base model was mea-
sured by applying SA on the cryptocurrency data
set, and comparing the predicted labels with the
true labels, that were assigned to the tweets during
the annotation phase. This approach was done to

Shttps://huggingface.co/finiteautomata/bertweet-base-
sentiment-analysis

both the raw dataset and the clean data set. There
is no need for extra validation steps to avoid over-
fitting since the cryptocurrency dataset does not
intersect with the dataset that was used during the
pre-training of the base BERT model.

To measure the performance of the fine-tuned
models, 10-fold cross-validation was used to avoid
overfitting on the training data. Every fold of the
model produced ten percent of the labels which
were all concatenated to reconstruct a list of 600
prediction labels. These labels were then compared
to the true labels to compute the models’ perfor-
mances.

As metric for performance the fl-score is calcu-
lated. The fl-score is able to create a clear insight
to how well a model performs on a task. The f1-
score is the harmonic mean of the recall and preci-
sion of a model. Precision represents how much of
the data that was given a certain label was correctly
classified and is useful for measuring the exactness
of the model. Recall represents how much of the
data is assigned to their true label and is useful for
measuring the completeness of the model.

3.7 Experimental set-up

To test the hypothesis of this experiment, we com-
pare four versions of a pre-trained BERT model.
The models differ in whether they are fine-tuned
and whether pre-processing is applied to their in-
put. Performances of the models are compared to
each other using the fl-score metric. An overview
of the experimental set-up is seen in fig. [1] in ap-
pendix [A]

3.7.1 Environment

We used Python 3.6 during this experiment. Code
for data gathering and pre-processing was written
in the PyCharm development environment. Code
for implementing and fine-tuning the pre-trained
BERT model was created and executed using Google
Colab E| and HuggingFace ﬂ The project is pub-
lished as open source on GitHub [f]

4 Results

We compared four different models, for readabil-
ity we refer to the models as model 1 to 4. Model
1 is the base model, a pre-trained BERT model
without fine-tuning or pre-processing. Model 2 is

4Google Colab: colab.research.google.com, accessed 16
june 2022.

5HuggingFace: huggingface.co, accessed 16 june 2022

6https://github.com/laurens88/ThesisProject



the base model that performs sentiment analysis
on data that was processed by the intelligent pre-
processor. Model 3 is base model that was fine-
tuned by and tested on the raw dataset. Model 4
is the proposed model, a pre-trained BERT model
fine-tuned by and tested on the clean dataset pro-
vided by the intelligent pre-processor.

4.1 F1l-score

Looking at the f1-scores of the models in table[6] the
models that were fine-tuned on the cryptocurrency
dataset returned higher fl-scores than the baseline
BERT models. In both base and proposed model
cases, higher fl-scores were achieved when applying
sentiment analysis on the clean dataset compared
to the raw dataset. The difference in fl-scores be-

tween no pre-processing and pre-processing is slightly

greater for the fine-tuned models than for the base
models. Comparing model 1 and 2 shows that pre-
processing increases the fl-score of a base model
with 2.1%. Comparing model 3 and 4 shows that
pre-processing increases the f1-score of the fine-tuned
model with 3.5%.

F1l-score
Model 1 | 51.3%
Model 2 | 53.2%
Model 3 | 85.4%
Model 4 | 89.1%

Predicted label

NEG | NEU | POS
True NEG | 69 122 9
label NEU | 14 172 14
POS | 17 107 76

Table 7: Confusion matrix of model 1.

Predicted label

NEG | NEU | POS
True NEG | 67 123 10
label NEU | 13 172 15
POS | 16 96 88

Table 8: Confusion matrix of model 2.

Predicted label

NEG | NEU | POS
True NEG | 177 12 11
label NEU | 22 164 14
POS |8 21 171

Table 9: Confusion matrix of model 3.

Predicted label

NEG | NEU | POS
True NEG | 192 6 2
label NEU | 7 168 25
POS | 10 15 175

Table 6: Fl-scores of models 1 to 4.

4.2 Confusion matrices

The confusion matrices in tables [7] to [10] show the
distribution of predicted versus true labels of the
tweets in the dataset. Model 1 assigns 401 out of
600 tweets to the neutral class.

Model 2 assigns less tweets to the neutral class
and yields more true positives.

In the confusion matrix of model 3, 512 out of
600 are on the true positive diagonal. The model
performs best on the negative class and worst on
the neutral class, however the difference is small
(difference of 13 tweets).

Finally, model 4 assigns 535 out of 600 labels
correctly. The model performs best on the negative
class, predicting 192 true negatives out of 200. For
both model 3 and 4, the confusion matrices show
that false predictions for the positive and negative
class leak toward the neutral class.
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Table 10: Confusion matrix of model 4.

4.3 Precision

The precision scores for models 1 to 4 for every class
are presented in table

Model 1 has a high precision of 0.86 for the neu-
tral class compared to the other classes with preci-
sion scores between 0.3 and 0.4.

Model 2 has the same precision score for the
negative and neutral class, and achieves a slightly
higher score for the positive class. Precision is in-
creased by 0.06 compared to model 1.

Model 3 scores between 0.8 and 0.9 on precision
for all classes. The negative class has the highest
score with 0.89 and neutral the lowest with 0.82.
Neutral precision has decreased compared to the
base model, dropping from 0.86 to 0.82. Precision
on the other classes has doubled.

Finally, model 4 has increased precision for all
classes compared to model 3. Precision for the neg-
ative class has reached 0.96, the neutral class has a
precision of 0.84, and the positive class scores 0.88.



Precision | Negative | Neutral | Positive
Model 1 | 0.34 0.86 0.38
Model 2 | 0.34 0.86 0.44
Model 3 | 0.89 0.82 0.85
Model 4 | 0.96 0.84 0.88

Table 11: Precision scores of models 1 to 4 for every
class.

4.4 Recall

Recall scores for models 1 to 4 are shown in table[12

Recall scores of model 1 are highest for the pos-
itive and negative class scoring 0.77 and 0.69 re-
spectively. Neutral class recall is 0.43.

The recall scores of model 2 are exactly 0.01
higher than those of model 1 for all classes.

Model 3 scores almost twice as higher on recall
for the neutral class, and recall scores for the neg-
ative and positive class increase with 0.19 and 0.09
respectively.

Compared to model 3, model 4 does not im-
prove recall score for the positive class and remains
at 0.87. Scores for the negative and neutral class
increase with 0.06. This results in a 0.92 score on
the negative class, 0.89 on the neutral class, and
0.87 for the positive class.

Recall Negative | Neutral | Positive
Model 1 | 0.69 0.43 0.77
Model 2 | 0.7 0.44 0.78
Model 3 | 0.86 0.83 0.87
Model 4 | 0.92 0.89 0.87

Table 12: Recall scores of models 1 to 4 for every
class.

5 Discussion

5.1 Experiment assessment

Based on the fl-scores of the different models, it
is clear that both fine-tuning as well as the imple-
mentation of the intelligent pre-processor have a
positive effect on the performance of BERT models
on the SA task.

The positive effect of fine-tuning a model on a
specific domain was expected. Preparing a BERT
model for a specific task increases the performance,
because the weights of the base model are updated
to account for the characteristics of the domain spe-
cific data.

We also expected that implementing the intelli-
gent pre-processor would have a positive effect on
the sentiment analysis performance.
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The confusion matrices in tables [7] to [I0} show
the distribution of predicted versus true labels of
the tweets in the dataset. Model 1 assigns a little
over two thirds of all tweets to the neutral class.
Because so many tweets are assigned the neutral
label, it is inevitable that there are a lot of true
neutral tweets among them. This results in a rela-
tively high precision score for the neutral class com-
pared to the other classes as seen in table[TI] How-
ever this bias toward the neutral class also causes a
decrease in precision for the positive and negative
class and decreases the recall score of the neutral
class. This is because the bias causes a lot of false
neutral predictions.

Comparing model 1 with model 3, we see that
fine-tuning improves the distribution of assigned la-
bels. In the confusion matrix of model 3, a large
majority are now on the true prediction diagonal
instead of the predicted neutral column. This im-
proved distribution of predicted labels slightly de-
creases the precision of the neutral class but greatly
increases the recall score for the neutral class as the
number of false neutral predictions drops signifi-
cantly (from 229 to 33). The improved distribution
also improves both the precision and recall scores
of the negative and positive classes.

Applying the intelligent pre-processor on the
base model improves the classification performance
of the positive class, mostly by increasing the preci-
sion score. The pre-processor has a minimal effect
on the classification performance of the negative
and neutral class.

In contrast, applying the pre-processor on the
fine-tuned model improves the performance for all
classes. The precision score increases for all three
classes, and recall scores increase for the negative
and neutral class.

The combination of fine-tuning and pre-processing
has a greater effect on model performance (37.8%
increase in fl-score) than the sum of effects found
when fine-tuning or pre-processing was implemented
separately (34.1% + 1.9% = 36% increase in f1-
score). This means that the methods magnify the
positive effect of each other.

From the comparison of model 3 and 4, it can
be observed that the negative class classification
improves the most from all classes. The intelligent
pre-processor improves both the precision and re-
call scores for the negative class, whereas for the
neural class most improvement is seen in the recall
score. The classification performance of the posi-
tive class is only improved in the proposed model
in terms of precision score.

Dataset analysis showed that the positive class
contains the most emojis per tweet on average. This



high amount of emojis could explain the greater
influence of the proposed intelligent pre-processor
on the precision score for the positive class for the
base models. In the comparison of model 3 and 4
this effect is not seen anymore, suggesting that the
translation of emojis had less effect on fine-tuned
models. This could be explained by the fact that
fine-tuning on an embedding for one emoji could
yield more consistent results, than fine-tuning on
multiple words describe the contents of an emoji
and possibly disrupt the structure of a sentence.
The improvement in performance from our im-
plementation of the intelligent pre-processor con-
firms the results found by Naseem et al. [19].

5.2 Limitations
5.2.1 Data gathering

We used the Twitter API to collect tweets for our
experiment. The API has three levels of access;
“Essential”, “Elevated”, and “Academic research”.
With every level of access, the amount of possible
features increases. During the experiment it was
only possible to use the essential level of the API,
since the academic research level is not available
for bachelor students. This introduced some limi-
tations on the data gathering process.

To find tweets relevant to the crypto domain,
we used a list of hashtags. The API would then
select all tweets that contained one or more of the
hashtags in the list. Using cashtags in queries is not
possible using the essential level API. This might
have resulted in finding less relevant tweets than
could have been found if cashtags were available in
queries.

Another limitation of the API access level was
that we were only able to collect tweets that were
posted in the last seven days. Because the senti-
ment of crypto tweets on twitter is related to the
current situation of the crypto market, the seven
day limit makes it more difficult to collect tweets of
different sentiments. With access to a higher API
level, we could specify a period in time to collect
tweets from. This would help to collect negative
tweets by sampling from a period around a crash of
the market, and collect positive tweets by collect-
ing tweets from a period where currencies rose in
price. As an alternative to this, we tailored queries
to find tweets of a certain sentiment. For example
to find negative tweets about cryptocurrencies, we
appended a list of keywords associated with neg-
ative sentiment to the query. This list however,
is limited to the domain knowledge of the experi-
menter and if this list of possible keywords is too
short it can introduce a bias. For example, if only
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the keywords “crash” and “fear” are included in the
list, a bias is created that negative tweets must in-
clude either one of those terms. During the exper-
iment we iteratively updated the keyword list for
all individual sentiments to avoid or minimize bias.
However, in future research it would be better to
avoid this method and sample from different time
periods with a higher level API instead.

5.2.2 Spelling correction

Spelling errors are a very common occurrence. How-
ever especially in an informal setting such as Twit-
ter, several types of spelling errors can be detected.
Based on results found during an attempt to im-
plement spelling correction, as well as similar find-
ings by Kaufmann [12], classic spelling correction is
not compatible with social media data. The prob-
lem with classic spelling correction is that it relies
on a database of existing words, and this database
does not contain all novel words that are used on
Twitter. This can result in incorrect detection of
misspellings, as we found when the python module
“TextBlob” was implemented for spelling correc-
tion during the development phase of our research.
For example, when applying spelling correction on
“Bitcoin” which is spelled correctly, the corrected
output would be “Billion”. Opposed to uninten-
tional errors, Twitter also contains a lot of so called
“intentional errors”. An example for this is pho-
netic spelling such as “ur” instead of “your”. “ur”
is grammatically seen as an error but can be seman-
tically congruent depending on the context. Kauf-
mann has successfully developed a syntactic nor-
malization process that dealt with the challenges
mentioned before, increasing BLEU scores by 18%
[12].

It was not feasible to implement a version of
Kaufmann’s normalization process during the time
period of our research, and the spelling correcter
from TextBlob did not have a positive effect on the
data. However based on the high number of mis-
spellings in Twitter data, and the positive results
of successful spelling correction as a pre-processing
method [7], we suspect that spelling correction has
potential and leave this step of the pipeline to fu-
ture research.

5.3 Future research
5.3.1 Prices of cryptocurrencies

In the current implementation, knowledge is lim-
ited to the text in a tweet. If a tweet does not
contain any sentiment or indications on the direc-
tion of the price of a cryptocurrency, the tweet is



classified as neutral. However this is not always
correct. For example, a tweet could state “I believe
the price of bitcoin will go back to 40.000 dollars”.
This tweet indicates that the price of bitcoin will
change, but because there is no knowledge about
the price of bitcoin at the time of the tweet, it is
unknown whether the change is a positive change
or a negative change. In future research this could
be improved by storing the prices of cryptocurren-
cies mentioned in a tweet together with the text of
the tweet. The prices would be based on the date
and time of the tweet.

5.3.2 Expanding to emotion detection

Only using positive, neutral, and negative senti-
ments is a simplification of human emotion. As
tweets about cryptocurrencies can be emotion-packed,
research could be expanded toward emotion detec-
tion. This approach could provide a more accurate
fit to human expression.

5.3.3 Inclusion of the mixed sentiment label

There is a section of the cryptocurrency community
that considers the success and value of currencies
by comparing them with other currencies. These
tweets often list pros and cons such that they con-
tain both positive and negative sentiment. In our
experiment these tweets are considered out of scope
as they do not fit to one of the positive or nega-
tive label. Using the “mixed” label allows for the
inclusion of these tweets, and would improve the
proposed models ability to be used in a real life
application.

6 Conclusions

In this study, we explored the effects of an intel-
ligent pre-processor on the sentiment analysis per-
formance of a pre-trained BERT model. Data from
Twitter often contains noise in the form of hashtags,
slang, and abbreviations. This noise can impair
the performance of a pre-trained BERT model. We
propose a fine-tuned pre-trained BERT model com-
bined with an intelligent pre-processor that trans-
lates Twitter noise into an optimized language struc-
ture. The proposed model outperformed a baseline
model without the intelligent pre-processor by 3.5%
on the fl-score metric. This result confirms the
0.25-2.5% accuracy improvement found earlier by
Naseem et al. Based on the results we conclude that
combining a fine-tuned pre-trained BERT model
with an intelligent pre-processor has a positive ef-
fect on the sentiment analysis performance.
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A Experimental set-up

Process noise Sentiment analysis
Raw Twitter
data
Processed
Twitter data \
Raw _——"‘/—' Model
Twitter Evaluation
data Raw Twitter /_,,r”
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\ Processed
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Figure 1: Overview of the four different models that we compare in this experiment.
B Dataset Analysis
Positive Neutral | Negative | Total dataset
Avg # emaojis per tweet | 1.39 0.955 1.095 0.96
# (28.06) | ¥ (9.95) | . (10) # (17)
Top emojis used (%) & (6.12) | . (8.9) (8.68) | . (7.12)
(4.32) | L (6.81) | A (5.02) | & (5.03)
Table 13: Analysis of the emojis used in the dataset of the experiment.
Positive Neutral Negative Total dataset
Avg # tags per tweet | 3.93 4.23 3.855 4.005
#BTC (6.36) #Bitcoin (12.17) | #Bitcoin (9.6) | #Bitcoin (8.49)
Top tags used (%) #Bitcoin (5.73) | #BTC (7.33) #BTC (9.1) #BTC (7.57)
#crypto (2.67) | #crypto (4.37) $BTC (4.8) $BTC (3.79)

Table 14: Analysis of the tags used in the dataset of the experiment.
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C Annotation Protocol

Positive

Possible definitions

1: The tweet infers an increase in price for one or more cryptocurrencies.

2: The tweet contains positive sentiment toward cryptocurrency.

Examples from dataset

1: BNB Price: $445.62 Change in 1h: +0.5126% Market cap: $73 billion Ranking: 4

2: #XRP is getting ready for the biggest pumping!! #° ¢ #crypto

Table 15: Annotation guide for positive tweets.

Neutral

Possible definitions

1: The tweet states a price for one or more cryptocurrencies
without an indication of the direction of the price.

2: The tweet does not contain any sentiment toward cryptocurrency.

Examples from dataset

1: #BTC price [ad $43437 2022-04-07 17:45

2: Current state of the #Bitcoin and #Crypto markets https://t.co/V394nbd5Rd32

Table 16: Annotation guide for neutral tweets.

Negative

Possible definitions

1: The tweet infers a decrease in price for one or more cryptocurrencies.

2: The tweet contains negative sentiment toward cryptocurrency.

Examples from dataset

1: $BTC #BTCUSD #altcoins #Crypto G G B B MARKET IS UNSTABLE.
BTC IS GOING TO FALL BELOW 45K

2: Lost everything. @ #btc #eth #crypto

Table 17: Annotation guide for negative tweets.
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