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Abstract

Bitcoin is increasingly being considered a legitimate asset due to the launch of ETFs in
the United States and its role as a diversifying asset. Moreover, the predictive power of
Twitter sentiment in financial markets is increasingly recognized in academics. Predicting
bitcoin returns is relevant to investors, who are trying to mitigate bitcoin’s volatility to
maximize returns. This paper studies the predictive power of bitcoin Twitter sentiment for
bitcoin returns. Our approach involves using tweets about bitcoin, k-means clustering with
feature weighting, a rule-based sentiment algorithm and Granger causality tests. We find
that k-means clustering with feature weighting is able to cluster tweets effectively based
on sentiment, but these sentiment scores do not have predictive power for bitcoin returns.
However, we also show that sentiment scores obtained without using k-means clustering do
not have predictive power for bitcoin anymore, showing that the bitcoin market has become
more efficient. This paper also contains a replication of the results of [Modha & Spangler
(2003), who propose the convex k-means clustering algorithm with feature weighting. We
find different results because not enough details are provided to exactly replicate the data
preprocessing. However, we find the same patterns as Modha & Spangler| (2003)), making
us state the same conclusion: optimal feature weighting leads to nearly the best clustering

precision.

1 Introduction

Cryptocurrencies have sparked the interest of many investors due to their unprecedented returns
and unique technical features. The first cryptocurrency was bitcoin (Nakamotol [2008), introdu-
cing a new technology called blockchain. This is a digital, distributed ledger of transactions kept
by all participants in the network. Transactions are peer to peer, meaning there is no bank or
other middle man. After its launch in 2009, bitcoin remained relatively unknown until the end
of 2017, when it hit a market capitalization of 249 million U.S. dollars. This was preceded by
a price increase of 1312% in 2017 (CoinGecko, 2024). Although bitcoin’s price dropped sharply
afterward, it continued to develop and gain relevance: solutions were proposed to make bitcoin
more scalable (Vujicic¢ et al., |2018), and bitcoin Exchange Traded Funds (ETFs) became trad-
able in the United States. These ETFs attracted record-breaking inflows in their first weeks
(Mazur & Polyzos| 2024)). This demand for bitcoin can be explained, among other reasons, by
the increased use of bitcoin in retirement savings strategies (Olabanji et al., |2024), and by its
role as a diversifying asset. Introducing bitcoin in a diversified portfolio can decrease the portfo-
lio’s risk, improving its overall performance (Guesmi et al., [2019; |Akhtaruzzaman et al., [2020).
This institutional demand shows that bitcoin is gradually being considered as a legitimate asset,
slowly leaving behind its old reputation of being merely a vehicle for speculation.

Still, bitcoin remains a volatile asset. It is therefore lucrative for investors to see if there is
any predictability to bitcoin’s price movements, as it could help to maximize returns. In this
paper, we investigate whether sentiment helps to predict bitcoin returns. The research question
is: does k-means clustering aid in providing sentiment scores with predictive power for bitcoin
returns?

With the contemporary abundance of information on news sites and social media, investors

are increasingly informing their decisions with sentiment analysis. It is defined as quantifying



the underlying emotions, opinions and subjectivity of a body of text. Sentiment analysis is a
relatively new field of study: research on opinions and sentiment mainly started around the
year 2000. It quickly became an active research area due to its many applications (Liu, 2022).
Often, microblogging website Twitter (also known as X) is used as a data source for sentiment
analysis. Twitter is a platform where people can share anything they want in short, public
messages called tweets. Twitter sentiment quickly became a popular area of research due to
the large number of available tweets and high sentiment analysis accuracy, as tweets are usually
opinionated and straight to the point (Liu, [2022). Applications of Twitter sentiment analysis
include predicting election results (Tumasjan et al., 2010), predicting movie ticket sales revenue
(Asur & Huberman) [2010)), and predicting the stock market. Bollen et al.| (2011]) showed that
Twitter mood states significantly improve predictions for the Dow Jones Industrial Average
index.

Similar research has been performed regarding bitcoin. Twitter is the primary place where
cryptocurrency related news and opinions are shared (Kraaijeveld & De Smedt, 2020), making
it again an interesting source of data for sentiment analysis. Kraaijeveld & De Smedt| (2020)
find that Twitter sentiment has predictive power for bitcoin returns. However, this study only
focuses on a 2-month period in 2018, which may not be representative for the current state of the
cryptocurrency market. Another relevant study by |Anamika et al.| (2023) uses a survey-based
approach to gauge sentiment, also showing that bitcoin sentiment has significant predictive
power for bitcoin prices. The downside of this approach is that survey data is not available in
real time (only on a weekly basis) and often hard to access for individual investors.

Our contribution to this literature is threefold. The first is to use bitcoin tweets from a
more recent time frame for sentiment analysis. In total, 117062 tweets are used ranging from
January 1st, 2022, to December 31st, 2022. These tweets all contain either ’#bitcoin’ or '#btc’.
The second contribution to the literature is the use of feature weighting in k-means clustering
before calculating sentiment scores. Lastly, we apply the convex k-means clustering algorithm
in a different area.

Ever since k-means clustering was introduced by MacQueen| (1967)), it has been a fundamental
technique in statistics and machine learning. It partitions observations into k groups called
clusters. These clusters are based on similarity, where observations within a cluster are more
similar to each other than observations across clusters. Over the years, many improvements to
the original algorithm have been proposed. One of these is feature weighting, first introduced
by DeSarbo et al.| (1984)). Their idea was that different features may have different relevance, so
being able to give different weights to features may improve the clustering performance. Since
then, a lot of further work has been done on feature weighting, as summarized by [De Amorim
(2016). One of the more important works in this area came from Modha & Spangler| (2003,
who introduced the convex k-means clustering algorithm. Their ideas are to assign different
distortion measures to each feature vector, to combine these measures in a convex way by
assigning different weights to each, then determining the optimal feature weighting. They apply
their algorithm to text data, showing consistently better results when non-uniform weightings
are used versus the uniform weighting. We attempt replicating the results of Modha & Spangler

(2003) concerning text data in this paper.



Another application of clustering involving text is sentiment analysis. |Ahuja & Dubey| (2017)
show that clustering can efficiently and quickly distinguish tweets based on sentiment, finding
what the weekly sentiment is. This result encourages us to research the usefulness of using
clustering to obtain bitcoin sentiment. To our best knowledge, sentiment analysis on bitcoin
tweets using k-means clustering has not been researched yet. The work of Barradas et al.| (2022)
comes close, but is focused on the volume of bitcoin tweets rather than the actual sentiment.

In our study, we use the convex k-means clustering algorithm of Modha & Spangler| (2003) to
cluster tweets after having preprocessed them to remove noise. The tweets are grouped by week,
and we perform a clustering for every week. For each cluster, we obtain the sentiment score
using the Valence Aware Dictionary and Sentiment Reasoner (VADER) algorithm, proposed by
Hutto & Gilbert| (2014). It is a rule-based algorithm for calculating sentiment scores, working
especially well when applied to social media posts because it also extracts sentiment from slang
and emoticons. With the sentiment scores obtained for each cluster, we test with Smirnov tests
if the clusters have significantly different sentiment scores. Then, Vector Autoregressive models
(VAR models) are constructed. VAR models are natural tools for finding causal relationships,
as they explain the independent variable by its own lags, a set of regressors, and lags of the
regressors ([Lutkepohl, [2013). Bitcoin returns are used as the independent variable, the sentiment
scores as regressors. Finally, Granger causality tests are applied to test predictive power of the
sentiment scores for bitcoin returns.

The results of Modha & Spangler| (2003) can not be perfectly replicated, because details
are missing about the way they preprocessed their data. Still, we managed to come reasonably
close to some numbers they presented on the data, like the number of documents containing
at least 1 word, 2-word phrase and 3-word phrase. The discrepancy in data leads to different
clustering performance numbers: we find lower micro-p values, and higher objective function
values. However, we still find a clear negative correlation between micro-p values and objective
function values. Most importantly, the optimal feature weighting nearly attained the highest
micro-p value. We can thus state the same conclusion as Modha & Spangler (2003): optimal
feature weighting achieves nearly the best precision.

We show by means of Smirnov tests that using feature weighting in k-means clustering
effectively clusters tweets based on sentiment. However, the sentiment scores obtained by the
clustering do not have predictive power for bitcoin returns, as judged by the VAR models and
Granger causality tests. We also show that sentiment scores obtained without using clustering
do not have predictive power for bitcoin returns anymore. This suggests that the bitcoin market
has become more efficient, and we advise investors to turn to other methods in an attempt to
predict bitcoin returns.

This paper is organized as follows. First, the general clustering methodology is in Section
Then we present a discussion on the replication of the study of Modha & Spangler| (2003):
the data used for that and its preprocessing is in Section [3] Section [d] contains the methodology
concerning the replication, and Section [5| the corresponding results. We then move on to the
study on Twitter sentiment regarding bitcoin. A discussion of the data and preprocessing is
in Section [6] The methodology of the extension can be found in Section [7], with Section

containing the extension results. The conclusion is given in Section [9}



2 Clustering algorithm

The k-means clustering algorithm described in this section is consistent with that of Modha
& Spangler| (2003). Their idea is to combine distortion measures on different feature spaces in
a convex way and assign a weight to each distortion measure, leading to what they call the

k-means clustering algorithm.

2.1 Data model and distortion measure

Each of the n data objects is represented as a tuple of m component feature vectors, written as
X:(F17F27”'7Fm)7 (1)

where feature vector F;,1 <1 < m, is a column vector lying in some feature space F;. We can
then say that a data object x lies in the m-fold product feature space F = F; X Fo X - -+ X Fpp.

The goal is to partition the data set {x;}"; into k clusters {m,}*_; that are disjoint. To
do this, we first need a way to measure distortion between two feature vectors. Let D;(Fy, Fl),
be such a measure for 1 <[ < m, between component feature vectors F; and F, corresponding
to respectively x and X. Distortion measures of different feature vectors are combined using a

weighted distortion measure, which is defined as

D*(x,%) = > oy Dy(F;, Fy), (2)
=1

where {o;}", are the feature weights. They are non-negative and sum to 1. We refer to the
vector of feature weights a = (a1, g, ..., ) as a feature weighting.
For our distance measure, we stay consistent with the approach of Modha & Spangler| (2003))
and use the cosine distance
Dy(Fy, Fp) = 2(1 - F[Fy). (3)

2.2 Generalized centroids

For a given partitioning {Wu}q]i:l, the corresponding generalized centroid for each partition m,

c, = argmin ( Z D% (x, i)) (4)

xeF XETy

is defined as

This centroid ¢, can be split across the feature spaces, written as

Cy = (C(u,1)> Clu,2)y -+ - 7C(u,m))' (5)

Note that the [-th component ¢,y is in F;. The generalized centroid can be thought of as
being the nearest in D% to all data objects in cluster 7,. Modha & Spangler| (2003) show that
D% is component-wise-convex, meaning can be solved by separately solving for each of its

components €, ), 1 <1 < m. For cosine distance, they show that the solution can be written



in closed form as

> xem, Fi
Clul) = T (6)
|| ZXEWu FlH

2.3 The convex k-means algorithm

The within-cluster distortion of each cluster m,,1 < u < k is measured as

Z D%(x,cy). (7)

XETy

The combined distortion of all k clusters in the partitioning is then

k
Z Z D%(x,¢y). (8)

u=1XEmy

We want to find & disjoint clusters 771, 77%, . ,7'(';2 such that we minimize

k
{xI}F_ = argmin (Z Z Do‘(x,cu)>, (9)

{ﬂ-u}ﬁzl u=1XEmy

with a fixed feature weighting. The convex k-means clustering algorithm attempts to find the

clustering that minimizes @D through the following steps:

Z(LO) k

w—1, With corresponding

Step 1: Set index ¢ = 0 and start with random partitioning {7

k
u=1"

generalized centroids {c&o)
Step 2: For each x;, 1 < i <mn, find the generalized centroid closest to x;. If multiple centroids

are equally close, we pick one randomly. Then, compute the new partitioning {m(fﬂ) k

u=1
for 1 <wu < k, which is created by the old centroids:
oD — fx e {x;}, : DYx,c)) < DYx,¢cP),1 < v < k}. (10)

Step 3: The new generalized centroids {cg +1)}ﬁ:1 are now computed, using the partitioning in
and the generalized centroid in (@), where m&tﬂ) is used instead of 7.

Step 4: If qutﬂ) = Trff), all data objects x;, 1 < ¢ < n, stay in the same cluster and the algorithm
is finished, meaning m&tﬂ) = mt and cq(fﬂ) = CL. Otherwise, increment ¢ by 1 and go

to Step 2 again.

2.4 Optimal feature weighting

In order to determine which feature weighting achieves the best clustering performance,Modha &
Spangler| (2003) note that you cannot compare the total distortion of different clusterings, as the
different feature weightings lead to different distortion measures D¢. Therefore, they introduce
the concept of average within-cluster distortion and average between-cluster distortion along the

[-th component vector. They are respectively defined as



k
Tie) =Y > Di(Ficl, (@), (11)
u=1

xeﬂl(a)

Mi(a) =) Di(Fy),e) — Ti(a), (12)
=1

where €; denotes the generalized centroid for the entire dataset. For 1 <[ < m, it is calculated

as

€, = argmin (Z Dl(F(i’l),E)) (13)

CEF i=1

The clustering is best when I'j(a) is minimized, and when A;(a) is maximized, meaning that

the clusters are coherent and separated from each other. To achieve this, we minimize

ny/n
Qmw=<2g0 , (1)

where n; is the number of data objects with a corresponding non-zero I-th feature vector. To be

able to compare across clusterings, we take a product:
m
Qo) =[] (). (15)
=1

Now we can state the minimization to obtain the optimal feature weighting as

o = arc%engin (Q(a)), (16)

where A is the set of all possible feature weightings, defined as

A:{a:Zalzl,aIZO,lglgm}. (17)

=1

By selecting the optimal feature weighting in this way, Modha & Spangler| (2003) show that

nearly the best precision and recall is achieved.

3 Data replication

The dataset used for the replication of the results of Modha & Spangler| (2003)) is called Twenty
Newsgroups. It is obtainable for free from the UCI Machine Learning Repository (Mitchell,
1999)). The dataset contains 1000 documents per newsgroup, except for soc.religion.christian,
which contains 997 documents. 10 newsgroups are used, as listed in Appendix [A] This gives us
a total number of 9997 documents. These documents consist of a header, containing information
on the writer, date, length, etcetera, and a body, containing the actual content. After removing
empty documents, there were 9977 documents left. This already differs slightly from the numbers
of Modha & Spangler| (2003): they start with 10000 documents and are left with 9961 documents



after removing empty ones. We have tried several definitions of "empty” to remove documents:
documents with O letters in the body, documents containing ”lines: 0” in the header, and
documents containing no letters at all. None of these definitions gave us the exact number of
9961 documents, so we stuck to the definition that was most logical to us: documents with 0
letters in their body.

There are no details mentioned by [Modha & Spangler| (2003) on how they preprocess the
documents. However, they do mention various statistics regarding the number of words, number
of unique 2-word phrases, and number of unique 3-word phrases. Table [1| shows us that the
number of unique words, 2-word phrases and 3-word phrases found by [ Modha & Spangler| (2003)
is much larger than the numbers we obtained without preprocessing. This clearly shows that

some preprocessing was performed, and leaves us to guess what has actually been done.

Number of 2-word Number of 3-word

Before pruning Number of words phrases phrases

Modha & Spangler| (2003) 72586 429604 461132
No data preprocessing 135332 869412 1833712
With data preprocessing 70577 808282 1041411

Table 1: The size of respectively the word dictionary, 2-word phrase dictionary and 3-word
phrase dictionary as obtained by Modha & Spangler| (2003), by us without preprocessing steps,
and with preprocessing steps

We have implemented several techniques in an attempt to reduce the dictionary sizes to
come closer to the values of Modha & Spangler| (2003). These steps were chosen because we
believed them to be advantageous for the clustering, whilst not having too aggressive effects.
The common goal is to remove most of the noise surrounding informative words. Here are the

data preprocessing steps:

1. Set all capital letters to lowercase

2. Expand contractions (for more details, see Appendix

3. Remove all punctuation

4. Remove digits

5. Remove the following common words: article, com, edu, would

6. Remove stop words according to the NLTK English stop word list

The words in step 5 are specific to this dataset, and are removed because they appear across
all newsgroups, significantly more than other words. They are thus only noise when trying to
distinguish the newsgroups. The final row of Table [I] shows the sizes of the dictionaries after
performing these steps. The number of words is now in line with Modha & Spangler| (2003),
while the number of 2-word phrases and 3-word phrases is still higher.

After collecting all unique words, 2-word and 3-word phrases, Modha & Spangler| (2003)

prune many them according to the following rules: only keep words (respectively 2-word and



3-word phrases) that appear in more than 64 (32, 16) documents. The number of words that
are left can be found in Table 2L

After pruning Number of words Number of 2-word Number of 3-word

phrases phrases
Modha & Spangler| (2003) 2583 2144 2268
No data preprocessing 3186 8837 10474
With data preprocessing 2957 857 1111

Table 2: The size of respectively the word dictionary, 2-word phrase dictionary and 3-word phrase
dictionary after pruning as obtained by Modha & Spangler (2003), by us without preprocessing
steps, and with preprocessing steps

Without data preprocessing, the dictionary sizes after pruning are larger than those of Modha
& Spangler| (2003). With preprocessing applied, the number of words is larger, while the number
of 2-word and 3-word phrases became roughly twice as small as these of Modha & Spangler
(2003). This is unexpected, because the dictionary sizes before pruning were roughly twice as
large for two-word and three-word phrases. This suggests that most of the phrases only appear
in a few documents. Again, the numbers obtained with data preprocessing are closer to those

of Modha & Spangler| (2003)) than the numbers when data preprocessing is not applied.

Average number of Average number of Average number of

2-word phrases 3-word phrases
words per document
per document per document
Modha & Spangler| (2003) 50 7.19 8.34
No data preprocessing 81.6 1.63 0.05
With data preprocessing 100.8 6.37 3.54

Table 3: The average number of words, 2-word and 3-word phrases per document after pruning
as obtained by [Modha & Spangler| (2003)), by us without preprocessing steps, and with prepro-
cessing steps

We then look at the average number of words, two-word and three-word phrases per doc-
ument, as shown by Table [3] Here we can clearly see that the numbers of [Modha & Spangler
(2003) are far off our numbers when data preprocessing is not applied, especially for 2- and
3-word phrases. With data preprocessing, the numbers come closer, but are still off by a factor

of two for words and 3-word phrases.

ni no ns
Modha & Spangler| (2003) 9961 8639 4664
No data preprocessing 9961 5944 343

With data preprocessing 9969 8761 4601

Table 4: The number of documents containing at least one word, one 2-word phrase and one
3-word phrase, as obtained by Modha & Spangler| (2003)), by us without preprocessing steps,
and with preprocessing steps

Finally, the number of documents containing at least one word, 2-word phrase and 3-word



phrase can be found in Table 4 We call these quantities respectively ni, no and ng for later use.
Again, we see poor performance when the data is not preprocessed. Surprisingly, the numbers
with preprocessing are very close to those of Modha & Spangler| (2003)) again, even though the
average number of words and three-word phrases were not in line. This similarity is convenient,
as these numbers are used in the evaluation part of the clustering algorithm.

In general, the numbers resulting from our data preprocessing are relatively close to the
numbers of Modha & Spangler| (2003), but sometimes off by a factor of 2 to 3. The data
preprocessing has notably improved the numbers, compared to no preprocessing at all. However,
differences in input always lead to differences in output, meaning that our results are not exactly
the same as those of Modha & Spangler| (2003)).

4 Methodology replication

4.1 Feature vectors

After the data has been preprocessed, we transform the data into features. To do this, the ap-
proach of Modha & Spangler| (2003) is followed. Let x; represent a data object for 1 <1i <mn, so
there are n documents in total. Each data object is represented by three feature vectors of term
frequencies. We use terms of 1-, 2- and 3-word phrases for these feature vectors, where a phrase
is any combination of words found in the documents. This choice was made because |Mladenic
(1998) shows that adding longer phrases does not improve classifier performance anymore. Cre-
ation of the first feature vector is done by making a list of all unique words. These words are
then sorted based on the number of documents in which they appear, with words appearing in
less than 0.64% of the documents being removed. If there are f; unique words remaining after
the elimination, feature vector F is a fi-dimensional vector where column entry j is the number
of times the j-th word occurs in document x, for 1 < j < f;. The second and third feature
vector, Fo and F3 are constructed similarly using 2- and 3-word phrases. However, we keep
words that appear in more than 0.32% and 0.16% of the document respectively, as the number
of phrases becomes increasingly large. With these feature vectors, we perform clustering using

the convex k-means clustering algorithm, as described in Section

4.2 Evaluation

After having clustered the documents, we evaluate the performance of the algorithm. As the
Newsgroups Dataset is pre-classfied, we can compare the clustering performance with the given
ground truth. Modha & Spangler| (2003) do this by looking at precision, which measures the
overlap between a given clustering and the ground truth classification. Specifically, let there be
c classes {w:}¢_; in the ground truth classification. We define a; as the number of data objects

that are assigned to class w; correctly. Micro-precision (micro-p) is then defined as

1 (&
micro—p = — E at, (18)
n
t=1



measuring the fraction of data objects that have been assigned to the correct class. It is im-
portant to note that micro-p values are only used postfactum to quantify the performance of

the clustering, and are not used to find the optimal feature weighting.

5 Results replication

We applied the convex k-means clustering algorithm to the newsgroup dataset with k£ = 10, 15, 20
and with 31 different feature weightings for each k, which can be found in Appendix [C] The
ground truth classification is given by the 10 different newsgroups. Table [5| shows us, for every
k, the optimal feature weighting and its corresponding objective function value and micro-p.
Furthermore, the best and worst micro-p value of any feature weighting are shown. Lastly, the

uniform weighting and its objective function value and micro-p are displayed in Table [6]

k of Q(al)  micro-p Best Worst

10 (.75,.25,0) 131.61  0.598 650  .186
15 (.5833,.33,.0833) 71.22 0.553 .647  .200
20 (.5,.25,.25) 46.41 0.590 646 213

Table 5: Results for the Newsgroups data set for £k = 10, 15,20 clusters with optimal feature
weighting.

k a Q(a)  micro-p

10 (.33,.33,.33) 179.47 .390
15 (.33,.33,.33) 87.99 529
20 (.33,.33,.33) 49.87 547

Table 6: Results for the Newsgroups data set for £ = 10, 15,20 clusters with uniform feature
weighting.

Comparing this to Modha & Spangler| (2003)), we find for every k a different optimal feature
weighting, a notably higher value for the objective function and a micro-p value of roughly
0.10 lower. For the uniform feature weightings, the objective values are again higher, with
lower micro-p values. The best micro-p values are again slightly lower for us than for [Modha &
Spangler| (2003). This indicates that the overall performance of our clustering is slightly worse.
We attribute this to the differences in data preprocessing. The steps that [Modha & Spangler
(2003) took while extracting words out of the documents have seemingly been more effective
in filtering out noise, which has helped their clustering to attain slightly higher micro-p values.
Interestingly, our worst micro-p values are notably lower than those of Modha & Spangler| (2003]).
All three worst micro-p values are attained at feature weighting (0, 0, 1), meaning that all the
weight is on the feature vector containing 3-word phrases. This shows that the effect of using
3-word phrases on clustering performance is notably worse for us than for Modha & Spangler
(2003), giving a possible explanation for the overall worse performance.

In Figure [I} the objective function values are plotted against the corresponding micro-p
values for all feature weightings for £ = 10. The points (2150, 0.19) and (800, 0.21) are not

10



shown for better visibility, but the general pattern remains similar when they are included. The
optimal feature weighting is shown by putting a square around it. This plot is very similar to
the plot of Modha & Spangler| (2003)), showing a clear negative correlation between the objective
function and micro-p values. This is what we hope to see, as it means that a lower objective
value corresponds to better clustering performance. Also, similar to [Modha & Spangler| (2003)
is that the optimal feature weighting almost has the highest micro-p value, getting beaten only
by one other feature weighting. We thus state the same conclusion as Modha & Spangler| (2003):

optimal feature weighting leads to nearly the best precision.
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Figure 1: Scatter plot of the objective function Q(a) versus micro-p values for £ = 10. The
micro-p value as selected by the optimal feature weighting is marked by putting a square around
it.

6 Data extension

6.1 Tweets

The dataset that is used is freely obtainable via Kaggle (Suresh, 2023). It contains tweets
mentioning either #btc or #bitcoin. In total, there are 4.693.144 tweets ranging from February
5th, 2021 to January 9th, 2023 in this dataset. However, we only use the tweets from January
1st, 2022, to December 31st, 2022. To keep computational times reasonable, we keep 1 in 20
tweets in this time period. There were 55 incorrectly formatted tweets and 17923 empty tweets,
leaving us with 117062 tweets to use. The dataset does not contain tweets for every week in
2022: only for 32 weeks. Summary statistics of the number of tweets per week are shown in
Figure [7] The longest sequence of consecutive weeks containing tweets is 9 weeks long, ranging
from the end of May to July.

Each tweet comes with 13 features (like time, username, etc.), of which we use only the
tweet text to evaluate sentiment. We preprocess tweet texts, trying to maintain most of the
signal while filtering out noise. The following steps are taken, which are mostly consistent with
Kraaijeveld & De Smedt| (2020):

11



Statistic Value

Number of weeks 32
Total number of tweets 117062
Mean number of tweets per week 3658
Maximum number of tweets per week 10775
Minimum number of tweets per week 386

Table 7: Summary statistics of weekly number of bitcoin tweets used in 2022

1. Remove URLs and mentions

2. Replace all capital letters by lowercase

3. Reduce character sequences longer than 3 to 3

4. Remove hashtags if they are not in the NLTK Reuters English dictionary
5. Remove ticker symbols (e.g. $BTC, $eth)

6. Expand contractions (for more details, see Appendix

7. Remove all non-letters (numbers, punctuation, emoticons, etc.)

8. Apply lemmatization using the NLTK WordNet Lemmatizer (reducing words like ”builds”
to the lemma ”build”)

9. Remove stop words according to the NLTK English stop word list

The goal of these steps is to remove words that bear no meaning when clustering and analyzing
sentiment (e.g. done by removing stop words), and to guarantee consistent word usage across
tweets when the meaning of the word is the same (e.g. done by lemmatization and expansion

of contractions).

6.2 Bitcoin returns

Daily bitcoin price data for 2022 is obtained from CoinGecko (CoinGeckol 2024). We then
transform this into weekly returns. Figure [2] shows the distribution of weekly bitcoin returns
in 2022. We can clearly see a negative mean and a tail to the left, meaning that most weekly
returns were negative. Indeed, it was a bad year for bitcoin, with a total return of -64.1% in
2022.

Table 8] tells us the same story, showing a negative mean and a minimum with larger mag-
nitude compared to the maximum. Another thing to note is that the standard deviation is quite

high, meaning that bitcoin price was volatile in 2022.

7 Methodology extension

7.1 Feature creation

After the data has been preprocessed, we transform the data into features. This done similarly

as in Section but now each data object x represents a tweet, with n tweets in total. Feature
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Figure 2: Histogram of weekly bitcoin returns in 2022

Statistic Value
Number of observations 52
Mean -0.016
Standard Deviation 0.077
Maximum 0.126
Minimum -0.296

Table 8: Summary statistics of weekly bitcoin returns in 2022

vectors F1, Fo and F3 contain the number of occurrences of each word, 2-word phrase and
3-word phrase again. However, pruning of the lowest-used words is done differently. Pruning
based on the number of tweets a word appears in is not suitable, as tweets only contain a few
words, whereas documents contained up to thousands. Therefore, we sort phrases based on
usage and keep only the top 10%, 5% and 2.5% of phrases respectively. As we perform weekly
clusterings, the word lists and corresponding feature vectors are also constructed on a weekly
basis. Feature vectors in different weeks thus have different lengths, as the number of unique

words is not the same in every week.

7.2 Sentiment scores

Clusters are constructed using & = 3 and k& = 5. We perform a clustering for each week,
as described in Section To reduce computational times, we use only 19 different feature

weightings, which are listed in Appendix [C] Let ¢ denote the week number, for 1 < ¢ < T.

k
u=1»

We can then denote the clusterings as {WLJ} 1 <t <T. For each week, the partitioning
obtained by the optimal feature weighting is used to calculate sentiment scores. For this, we
use the VADER algorithm. VADER is a lexicon and rule-based algorithm which gives a body
of text either a negative, neutral or positive rating. This is done by calculating the Compound
score, also referred to as Sentiment score, which ranges between -1 and 1. The sentiment of a

text is said to be negative when the score is smaller than -0.05, positive when it is larger than
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0.05, and neutral for a score between -0.05 and 0.05.

We calculate the sentiment score of a cluster by obtaining the compound score of all in-
dividual tweets using the VADER algorithm, then taking the mean. This gives us the k x 1
compound score vectors s¢, where element u corresponds to the compound score of cluster 7r:£7t,
for 1 <u <k, 1<t<T. We then sort the sentiment scores in s; in ascending order, giving
us s;. The lowest weekly compound score is always sy ;, and the highest compound score is s;: e
For later use, let s, = (s],,85,,...,s7,) for 1 < u < k be the compound scores of the same

clusters in different weeks.

7.3 Evaluation

The first step in the evaluation is to test whether the convex k-means clustering algorithm
creates clusters with statistically different sentiment scores from each other. We use Smirnov
tests for this, which tests how likely it is that two samples are drawn from the same unknown
distribution, with a null hypothesis of identical distributions. We refer to Berger & Zhou (2014)
for more details on this test. The test is performed for each combination of s, and s,, with
u#v, for 1 <u,v<Ek.

Then, we use the sentiment score vectors to create VAR models. Let r; be the return
of bitcoin in week ¢. The sentiment scores in s; are highly correlated with each other: they
are all higher in periods with overall good sentiment, and lower in periods with overall bad
sentiment. Therefore, we include only one element of them at a time in a VAR model, to avoid
multicollinearity issues. We define the 2 x 1 vector of variables y;, = (r¢, Szu), . We can then
write the VAR model as follows, for 1 <t < T

p
Ytu =C+ Z Athfq,u + €, (19)
q=1

where ¢ is a 2 x 1 constant, A, are the 2 x 2 coefficient matrices, and €; is the 2 x 1 vector
of error terms. We estimate these models for 1 < u < k using Ordinary Least Squares. The
lag order p is fixed at p = 2, to still include some lags while not losing too many observations.
As the VAR model requires stationary data, we apply the Augmented Dickey-Fuller test (ADF
test) on y;, beforehand, and transform the variables to be stationary if necessary. We refer to
Mushtaq (2011)) for more details about the ADF test.

Data with missing values can not be used to construct a VAR model, so we use the longest
sequence of consecutive weeks containing tweets, which is a 9 week period in May-July. This
period is referred to as the longest sequence. However, there is only 1 week with no tweets
before that, preceded by 5 consecutive weeks with tweets. We refer to this entire 15-week period
as the tmputed longest sequence, as we impute compound scores for the week with missing
data by taking the average of the scores in the week before and after it. While having more
observations leads to lower standard deviations, imputation does come at the cost of decreased
model accuracy. Therefore, we estimate VAR models for both sets of observations.

After estimating these models, we apply Granger causality tests to see whether the score
vectors have predictive power for bitcoin returns. The null hypothesis is that s;_; ,, and sj_,,,

do not Granger-cause 7¢. This test is equivalent to testing whether the coeflicients of s;_, ,, and
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St_o,, are jointly equal to zero, for which we use an F-test.

Finally, we want to compare the performance of sentiment scores to sentiment scores obtained
without using k-means clustering. This is done by calculating the compound score of each
individual tweet, then taking the average per week. The difference is that there is now one
sentiment score per week, instead of k scores. The new compound scores are evaluated in the
same way as before: we apply the ADF test, construct a VAR model if the data is stationary and
apply a Granger causality test, for both the longest sequence and the imputed longest sequence.

Imputation is done again in the same way.

8 Results extension

The results shown in this section are all for k = 3; using k£ = 5 gave similar results.

8.1 Smirnov tests

Comparison Test Statistic P-value Conclusion
s1 and so 0.46875 0.001 Reject Hy of identical distributions
So and s3 0.5625 <0.001 Reject Hy of identical distributions
s1 and s3 0.84375 <0.001 Reject Hy of identical distributions

Table 9: Results of Smirnov test comparing the weekly highest, middle and lowest sentiment
scores with each other.

We first apply Smirnov tests to the sentiment scores. Table [J] shows us that the null hy-
pothesis is rejected for all three combinations, meaning that the distributions are significantly
different from each other. In other words: the convex k-means clustering algorithm is able to
cluster tweets such that the average sentiment scores in the clusters are significantly different

from each other.

8.2 Correlation of sentiment and returns

Next, we turn our attention to the correlation between weekly returns and sentiment scores.
Figure |3| shows scatter plots of weekly returns against respectively the lowest cluster compound
scores and the highest cluster compound scores of the previous week. We do not see a clear
correlation in either scatter plot, and there are some outliers to the downside which do not have
a low compound score. Figure [4 shows a scatter plot of weekly returns against the average com-
pound score of the three clusters of the previous week. Again, we do not see a clear correlation
between returns and sentiment score, and we even see high compound scores corresponding to
some of the lowest returns.

Looking at the Pearson correlation coefficients in Table we surprisingly see that there is
a negative correlation between all compound scores and returns in the next period. This may
be caused by the outliers with low returns but high compound scores. Another potential cause

is the autocorrelation of returns being negative (-0.086), combined with a positive correlation
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Figure 3: Scatter plots of weekly returns against the minimum compound scores and maximum
compound scores of the previous week.
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Figure 4: Scatter plot of returns versus the average compound score of the previous week.

between returns and compound scores in the same period. Nevertheless, there are no indications

of a positive relationship between returns and sentiment scores in the previous week.

8.3 VAR models

We now turn our attention to evaluation with statistical models, first looking at the VAR models
for the longest sequence. The variables used are all stationary as judged by the ADF test, of
which the results are shown in Appendix [D] The VAR models are shown in Table The
rows correspond to the 3 different models, using respectively the compound score of the lowest,
middle and highest clusters of each week. Looking at the p-values of the coefficients, they are
insignificant at a 5% level for all variables except for the sentiment score of the highest cluster in
the third model. This seems promising, but the Granger causality test results in Table [12] show

us that the highest cluster sentiment score does not have predictive power for bitcoin returns,
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Tt—1 Tt
Sf_11 0.116 -0.058

Si_13 0.118 -0.321
Average 0.148 -0.174

Table 10: Correlation coefficients between different compound scores and returns.

and neither do the other sentiment scores in their models.

Model Variable Coefficient p-value

constant 0.030 0.901

Ti—1 -0.170 0.792

VAR with the lowest compound scores Si_11 0.746 0.573
Ti—2 0.265 0.679

St_o1 -1.293 0.345

constant 0.103 0.929

Ti—1 -0.134 0.832

VAR with the middle compound scores Si_12 0.839 0.809
T2 0.063 0.919

CHIDP -1.567 0.600

constant 0.760 0.022

Ti—1 -0.186 0.603

VAR with the highest compound scores s 3 -3.845 0.010
Ti—2 0.413 0.247

Si_a23 0.807 0.418

Table 11: Results of VAR models for the longest sequence. Each row corresponds to a different
model, containing respectively the lowest, middle and highest weekly compound score.

Variable F-test p-value Conclusion

S1 0.7231 0.5804 Do not reject Hy
S92 0.4383 0.6953 Do not reject Hy
S3 3.5974 0.2175 Do not reject Hy

Table 12: Granger causality test results of all three different models for the longest sequence.
We test whether the variable Granger-causes returns for all three variables separately.

In an attempt to increase the sample size, we look at VAR models for the imputed longest
sequence. With the extra observations added, the variables are still stationary as judged by
ADF tests (more details are in Appendix @[) The VAR models are shown in Table with
rows corresponding again to the 3 different models, using respectively the compound score of
the lowest, middle and highest clusters of each week. There are now no significant coefficients at
a 5% level: all p-values are larger than 0.05. The results of the Granger causality tests, shown

in Table tell the same story: no significant test statistics, meaning no predictive power.
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Model Variable Coefficient p-value

constant -0.007 0.943

. e 1 -0.214 0.514
Vﬁ?mwjllllntihzcl(?:;]:% 8;7 L1 0 ) 756 O ) 263
P Fes 0.143 0.662
8191 -0.938 0.115

constant 0.115 0.583

. . I -0.242 0.493
P re o 0.100 0.780
579 -0.722 0.318

constant 0.138 0.278

. . Tt—1 -0.277 0.448
p Fi_o 0.158 0.631
51 g -0.090 0.797

Table 13: Results of VAR models for the imputed longest sequence. Each row corresponds to a
different model, containing respectively the lowest, middle and highest weekly compound score.

Variable F-test p-value Conclusion

51 1.2999 0.3245 Do not reject Hy
52 0.5108 0.6183 Do not reject Hy
S3 1.3997 0.3011 Do not reject Hy

Table 14: Granger causality test results of all three different models for the imputed longest
sequence. We test whether the variable Granger-causes returns for all three variables separately.

8.4 Without clustering

To investigate whether the lack of predictive power is a result of using k-means clustering, we
investigate predictive power of sentiment scores obtained without clustering. This is done by
calculating the compound score of each individual tweet, then taking the average per week.
Figure [5] shows a scatter plot between these sentiment scores and returns in the next week.
The Pearson correlation coefficient between returns and previous week average compound score
is -0.288, likely influenced by the observations with low returns but relatively high compound
scores.

Interestingly, the compound scores calculated without clustering are not stationary in the
longest sequence. Even when applying first differences, and taking first differences of the log,
there is still no stationarity. The p-values for these tests are in Appendix [D] Therefore, we do
not construct VAR models for the longest sequence. The scores are stationary again for the
imputed longest sequence (see Appendix @, so we can construct a VAR model for that time
period. This model is shown in Table[I5] Interestingly, there are again no significant coefficients,

besides the constant.
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Figure 5: Scatter plot of returns versus the average compound score of the previous week,
without using clustering.

Compound score used  Variable Coefficient p-value

constant 0.426 0.047

ri_1 -0.252 0.500

withoi:esligs,ierin 5t-1,1 -1.107 0.287
& oo 0.353 0.303

St—2,1 -0.896 0.341

Table 15: VAR Model Results for longest sequence with imputation

When applying a Granger causality test in this model, we find a test statistic value of
F = 2.4692, with corresponding p-value p = 0.1462. Again, the test concludes that there is
no predictive power of the sentiment score for returns. This makes us conclude that twitter
sentiment can not predict bitcoin returns anymore in 2022. Using k-means clustering to obtain
sentiment score did not notably improve or worsen the performance, even though the convex
k-means clustering algorithm is able to cluster tweets such that the sentiment scores in the

clusters are significantly different from each other.

9 Conclusion

This study first tries to replicate the application of feature weighting in k-means clustering on
text data by Modha & Spangler| (2003|). We then investigate whether Twitter sentiment has
predictive power for bitcoin returns, using feature weighting in k-means clustering to obtain
sentiment scores. Demand for bitcoin is increasing due to the launch of ETFs and its role as a
diversifying asset. Bitcoin is a volatile asset, making it lucrative for investors to predict these
movements to maximize returns. We propose a new methodology to extract sentiment scores
from tweets. After removing most noise from the tweets, we use k-means clustering with feature
weighting to cluster them on a weekly basis. We then use the VADER sentiment algorithm to

calculate the mean sentiment score of clusters for each week. Afterward, we test if clusters have
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significantly different sentiment scores, and if sentiment has predictive power for bitcoin returns.

The results of[Modha & Spangler| (2003)) can not be replicated perfectly, because they mention
no details on how they preprocess the documents. We attempted to apply steps such that our
numbers come close. While we find slightly different objective function and precision values,
there is still a negative correlation between these two. Besides that, the optimal feature weighting
almost attains the highest micro-p value. This makes us state the same conclusion as |[Modha &
Spangler| (2003)): optimal feature weighting nearly achieves the best clustering precision.

The results of our extension indicate that k-means clustering with feature weighting creates
clusters with significantly different sentiment scores, as tested by Smirnov tests. Even though
tweets are efficiently clustered by sentiment, the cluster sentiment scores do not have predictive
power for bitcoin returns, as tested by Granger causality tests. However, we also show that
sentiment scores obtained without using clustering do not have predictive power for bitcoin
returns. We can therefore not say that the convex k-means clustering algorithm has improved
or worsened the sentiment analysis. We thus advise investors to turn to other ways of gauging
sentiment, or use completely different variables to predict bitcoin returns.

For future research, we suggest exploring whether sentiment scores can predict bitcoin returns
jointly with other variables, such as bitcoin buy/sell volume, stock index returns, and total
tweet volume. Additionally, shorter time frames could be explored, such as daily or even hourly
correlation between bitcoin sentiment and returns. Finally, the analysis can be extended to

smaller cryptocurrencies, as their markets may be still less efficient compared to bitcoin’s.
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A Newsgroups used

The newsgroups in Table [16| were used in the replication part. They are the same as Modha &

Spangler| (2003)) use.

sci.crypt comp.windows.x
rec.autos rec.sport.baseball
sci.space talk.politics.guns

misc.forsale

comp.sys.mac.hardware
soc.religion.christian
talk.politics.mideast

Table 16: The newsgroups used in the replication part.

B Contractions

Contractions are expanded by using the following table, consisting of three specific contractions

for irregular words, and eight regular contractions

Contraction

FExpanded

won'’t
can’t
ain’t
n't

re

)

s
'd
!
't

've

‘m

will not
can not
is not
not

are

is
would
will
not
have
am

Table 17: The contractions and how they are expanded

C Feature weightings

Table [18 shows the 31 different feature weightings that are used in the replication. They are the

same as used by Modha & Spangler| (2003).
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1,0,0

0,1,0

0.0833, 0.8333, 0.0833
0.75, 0, 0.25

0.5833, 0.0833, 0.3333

0.1666, 0.4166, 0.4166

0.3333, 0.0833, 0.5833
0, 0.25, 0.75

0.75, 0.25, 0
0.8333, 0.0833, 0.0833
0.6666, 0.1666, 0.1666

0.5, 0.25, 0.25
0.3333, 0.3333, 0.3333
0.5, 0, 0.5
0.0833, 0.3333, 0.5833
0.0833, 0.0833, 0.8333

0.5, 0.5, 0

0.5833, 0.3333, 0.0833

0.4166, 0.4166, 0.1666
0.25, 0.5, 0.25

0.0833, 0.5833, 0.3333
0.25, 0.25, 0.5

0.1666, 0.1666, 0.6666

0,0, 1

0.25, 0.75, 0
0.3333, 0.5833, 0.0833
0.1666, 0.6666, 0.1666
0, 0.75, 0.25
0.4166, 0.1666, 0.4166
0, 0.5, 0.5
0.25, 0, 0.75

Table 18: The 31 different feature weightings that are used in the replication

Table [19| shows the 19 different feature weightings that are used in the extension. They are
a subset of the 31 feature weightings in We reduced the number of feature weightings to

reduce the computational time.

1,0,0 0.75, 0.25, 0 0.5,0.5,0
0,1,0 0.6666, 0.1666, 0.1666 0.1666, 0.6666, 0.1666
0.75, 0, 0.25 0.5, 0.25, 0.25 0.25, 0.5, 0.25
0, 0.75, 0.25  0.3333, 0.3333, 0.3333 0.5, 0, 0.5
0.25, 0.25, 0.5 0, 0.5, 0.5 0.1666, 0.1666, 0.6666
0.25, 0, 0.75 0, 0.25, 0.75 0,0,1

Table 19: The 19 different feature weightings that are used in the extension

D Augmented Dicky-Fuller test results

Table [20[ shows the results of the ADF tests when the longest sequence is used. We use a 10%

significance level, as the number of observations is small. We conclude that all the variables are

stationary.
Variable Test Statistic p-value Conclusion
Returns -3.698 0.071 Reject HO
Compound score cluster 1 -3.555 0.099 Reject HO
Compound score cluster 2 -4.999 0.001 Reject HO
Compound score cluster 3 -7.341 <0.001 Reject HO

Table 20: ADF Test Results longest sequence

Table 21] shows the results of the ADF tests when the imputed longest sequence is used. At
a 10% significance level, we again conclude that all the variables are stationary.
Table shows the results of the ADF tests when clustering is not used to obtain the

sentiment scores. At a 10% significance level, none of the variables is stationary for the longest

sequence. However, for the imputed longest sequence, the compound scores are stationary.
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Variable Test Statistic p-value Conclusion

Returns -4.702 0.003 Reject HO
Compound score cluster 1 -3.322 0.017 Reject HO
Compound score cluster 2 -5.185 <0.001 Reject HO
Compound score cluster 3 -6.080 <0.001 Reject HO

Table 21: ADF Test Results longest sequence with imputation

Variable Test Statistic p-value Conclusion
Compound scores -2.727 0.439 Do not reject Hy
First difference compound scores -2.083 0.783 Do not reject Hy
First difference of log of compound scores -2.114 0.770 Do not reject Hy
Compound scores imputed sequence -4.611 0.004 Reject Hy

Table 22: Augmented Dickey-Fuller (ADF) Test Results for no clustering

E Programming code

In this section, we describe the files and programming code which are contained in the ZIP
folder. These files are sufficient to replicate all the results in this paper.

The ZIP folder contains two subfolders, corresponding to the replication and the extension.
Both of these folders contain Python code files, data files, and pickle files. The data files are
freely obtainable from the internet, as described in this paper. The Python code files execute
the steps described in this paper to get the results. They can just be run and will print all the
results; only the directory of the data file may need to be changed in some files, which is told in a
comment if applicable. A description of each file is given in Table [23|and Table The Python
files should be run in the order they are put in the tables. Some of these files save intermediate
results, which are used again in the next files. These intermediate results are in both folders in
the sub-folder 'pickle files’. In this way, all files can be run without having to wait hours for the
preceding code to finish. When using these pickle files, be sure to change the directory to the
correct path when the pickle files are opened in the code.

Note that some files may need up to 14 hours to completely run the code; these files with
longer running times have a comment at the top of the code indicating how long it approximately

takes.

24



File name

Description

20_newsgroups
replication preprocessing

replication nopreprocessing

replication clustering randominit

replication clustering conceptinit

replication evaluation

feature weightings

The 20 newsgroups dataset as obtained from UCI,

with the 10 unused newsgroups deleted

The code for preprocessing the newsgroups dataset,

prints the results in Section .

The code for getting the results in Section 3| without
preprocessing; the results are printed.

The code for clustering the feature vectors obtained from
'replication preprocessing’, with random initialization;

the results from this file are used in Section .

The code for clustering feature vectors according to the concept
initialization; this did not improve results, so we have not used
the results obtained from this file.

The code for making the table and figure in Section .

The file we used to find what

the feature weightings of Modha & Spangler| (2003) were.

Table 23: The programming code used for the replication and a short description of each file

File name

Description

Bitcoin_returns

Bitcoin_tweets

extension returns

extension preprocessing

extension fvs
extension clustering randominit

extension evaluation

Daily bitcoin price data for 2022, as obtained from CoinGecko

The database of bitcoin tweets obtained from Kaggle.

Note that this file may be too big to open in Excel; either Notepad++
or PowerPivot in Excel are good options to examine the file

The code for transforming daily bitcoin price into

weekly returns and the summary statistics in Section @

The code that performs the preprocessing steps

described in Section @ on the tweets.

The code that transforms the preprocessed tweets into feature vectors
The code that clusters the feature vectors obtained ’extension fvs’.
The code for analyzing and evaluating the clusterings.

All results in Section [8 and the tweets summary statistics in

Section @ are output by this code

Table 24: The programming code used for the extension and a short description of each file
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