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ABSTRACT
There is an increasing number of technical questions were
discussed via text messages using platforms such as Discord.
With 150 million monthly active users according to data from
statistics, Discord has been producing a large quantity of
data crossing various channels. Mining the messaging data
has been significantly beneficial for business and technology
purposes. For example, there are portions of conversations
from users who are mainly working as a developer that are
closely relevant to technical issues and concerns. Mining
Discord chat messages can potentially add more knowledge
to the domain of the technology as well as clarify developers’
concerns. The limitation from the data, however, is tangled
together because the channel can have many users responding
concurrently.

To better analyze the dataset originating from Discord, the
disentanglement efforts need to be paid to categorize the chat
messages. In this paper, we introduce two clustering meth-
ods. The two clustering methods are implemented to process
the dataset collected from the Discord chat application. One
is the Greedy clustering method and the other one is the hier-
archical clustering. We applied both methods on the same
dataset to compare the accuracy and efficiency of the two
methods. Furthermore, Random Forest algorithm was imple-
mented to prepare the dataset for the previous two methods
to proceed successfully. We compared the results generated
from Greedy clustering and hierarchical clustering.
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1 Introduction

Given the convenience of the mobile apps, users tend to com-
municate through text-messaging rather than verbally. Such
users can be technical workers or professionals. The poplar
chat apps for technical usage are Discord, Slack, Internet Re-
lay Chat (IRC), Microsoft Teams. With the apps that operates
on multiple platforms, problems can be resolved more effi-
ciently. Often times, the solution of those problems can be

recorded through chat messages. Tremendous messages can
be sent and received every second. Potentially, all the mes-
sages have gone through the network as well as through the
server. These Discord messages can be potentially captured
and analyzed for commercial use or research purposes, often
non-profit purposes.

There are a few existing techniques on analyzing messaging
data. For example, Sentiment Analysis (SA) has been used
mainly to extract opinions from the text data. Objectively, SA
aims at capturing the sentences with subjective opinions and
effective statements that support the subjective opinions [1].
Latent Dirichlet Allocation (LDA) for topic modeling has
also been widely used in text-based data analysis [2]. The
challenge appeared when the text messages are tangled and
conversations are mixed together. More algorithms are turn-
ing their attention to group up messages into each individual
conversation to better analyze the topics and attract meanings
of the messaging data. This process specifically is called dis-
entanglement [3]. A corpus and algorithm were designed to
run manually on a data sourced from IRC [3]. The man-
ual work can cost vast amount of time for the data nowadays.
The error rate from manual work can be hard to estimate. A
software was developed to replace the manual work and was
tested on the data sourced from Slack [4]. Along the similar
approach and the data pipeline, create DISCO dataset from
executing disentanglement techniques and demonstrate their
results based on the manual validation [5]. The pioneer work
on Discord data applied a disentanglement technique on the
one-year public data from Discord chat conversations of sev-
eral software development communities [5]. The dataset is
named as DISCO [5]. More detailed information about the
DISCO dataset is provided in the next section, Section 2.

Follow along the DISCO dataset, we experimented with two
clustering methods on the dataset collected from Discord ap-
plication. One is the Greedy clustering method [3][6, p. 157].
The other method is called the hierarchical clustering method.
Essentially, we use Greedy clustering method to group up the
text messages that are belong to the same person. We per-
form this task repeatedly until the cluster is formed, which is
a group of messages.

The paper is organized as follows. Section 2 describes the
dataset we experimented with. Section 3 provides methods
we are using to conduct the experiments. Section 4 charted



Ivor : It’s not really a big deal but it’s kind of a hassle to run video and audio through WSL. That’s
the only issue I’ve had with it.
Yahaya : isn’t it a lot easier with WSL2?
Yahaya : I haven’t played around iwth it much
Yahaya : on account of me having Covid19 when it released
Ivor : I didn’t find an easy way to do it anyway.
Tsering : Why does vscode shows linter installation is not on PATHconsider ......
Tsering : [emojis]
Jahid : because it is not on Path
Syere : Ye
Tsering : Something error with python

Figure 1: Example of an entangled conversation from the DISCO
dataset. (Pythongeneral Aug2020) This excerpt contains two intu-
itively distinct conversations about WSL and an issue with VSCode
configuration in the same stream of messages

out the results from running the methods. Section 5 conducts
the discussion on the different clustering methods used.

2 Datasets

The DISCO dataset is a collection of 1, 508, 093 messages
from channels of four different programming-related Discord
servers posted from November 2019 to October 2020 [5].
In Discord channels, multiple distinct conversations can oc-
cur simultaneously in the same channel without any clear dis-
criminator other than that of human intuition,as seen in Fig-
ure 1. Such data can be rich with information and is read-
ily available, which makes difficult to apply existing natural
language processing techniques, especially when a message
could potentially be unrelated to some of the surrounding
messages.

The process of breaking subsets of messages up into its own
individual conversation is known as disentanglement. The
disentanglement process can be reduced into a clustering
problem. The high-level components of this process are the
Grouping Classifier (abbreviated “GC”) and the clustering
method. The GC takes two messages and decides whether
they belong to the same conversation, and to what degree of
certainty. Permuted comparisons by this GC are then used as
input to a clustering algorithm to break the messages into sub-
sets of messages. The messages within the same subset have
high GC outputs, and messages in different subsets have low
GC outputs. This translates to messages that belong to the
same group being together and messages that do not belong
to the same group being kept apart. The formal definition is
given in section 3.

3 Methods

The disentanglement process involves two major compo-
nents: The Grouping Classifier and the clustering method.
The GC is a function that takes two messages and determines
whether they belong together, while the clustering method
uses the outputs from the GC to break the messages up into
subsets. Several clustering methods require their inputs to be
points in a Euclidean space. Thus, all messages are embed-
ded in a single unique N -dimensional Euclidean space where

N is the number of messages being clustered. Each message
gets an axis in this space on which all other messages are
plotted based on their GC values.

The formal definition for this clustering space is as follows:
Let M be the set of all messages being clustered, and let N
be the cardinality of M. Let there be a grouping classifier
function gc : M ×M → [−1, 1] which returns the similarity
between two messages and satisfies gc(a, b) = gc(b, a) and
gc(a, a) = 1. It is not guaranteed that gc is transitive. The
space RN

M is defined such that ∀ m ∈ M, ∃ s ∈ RN
M | s =

(gc(M1,m), gc(M2,m), ..., gc(m,m), ..., gc(MN ,m)). The
distance metric between two points in RN

M is the Euclidean
distance. The messages are then passed to the clustering
method as vectors in RN

M so that the Euclidean distance be-
tween them is always meaningful. The construction of this
space is intended to preserve a composite of direct similarity
(similarity between any two messages) and mutual similar-
ity/dissimilarity. That is, if two messages are similar or dis-
similar to the same messages, then they are all closer to each
other within this space. Similarly, mutual dissimilarity causes
messages to appear closer to one another on the relevant axis.

Messages cannot be passed to most candidate GC functions
as plain text or strings. Thus, each message is converted to
feature vectors whose components represent different con-
ventionally measurable aspects of the text such as message
length in words, time sent, author of the message, whether the
message mentions another user, and if the message contains
specific technical words. The specific elements of message
feature vectors is the same as in the Subash et. al. [5].

In this paper, a Random Forest classifier is used as the GC.
Various clustering methods from the SciPy [7] hierarchical
clustering module are then compared to the ground-truth hu-
man disentanglement provided by the DISCO dataset [5].
The result of these clustering methods is not one particular
clustering of the messages, but a dendrogram of message re-
latedness. This dendrogram is then “flattened” by cutting off
clusters at a pre-specified threshold and considering messages
in the resulting sub-trees as clusters. This “cutoff” threshold
can be decided based on several factors, such as messages
per cluster or the total number of resulting clusters. Here, the
cutoff threshold targets at the total number of clusters. We
attempt to keep other disentanglement components identical
or comparable to the methods used in Subash et. al. [5] save
for the clustering mechanism. As such, the choice for the GC
remains a Random Forest classifier with 100 estimators using
the same feature vectors.

We can describe Elsner et. Charniak’s Greedy clustering al-
gorithm recursively as follows [3]. Let M be the set of all
messages being clustered. ∀ m ∈ M, let Pm = {n ∈ M | n
was sent within five minutes before m}. The message thread
containing m is the same as the message h ∈ Pm satisfy-
ing ∀ n ∈ Pm, gc(h,m) ≥ gc(n,m) ≥ 0. That is, the
chosen message h maximizes gc(m,h) where h ∈ Pm and
gc(m,h) > 0. If no such h exists, then m is in a new thread.
This algorithm has a strong bias towards consecutive, non-



overlapping threads. The reason for and consequences of this
bias are in Section 5.

The Greedy clustering method described above does not al-
low for choosing the number of resulting clusters. Therefore,
two sensible cutoffs are chosen for the hierarchical methods
to allow for a fair comparison. The first cutoff is set to tar-
get the actual number of different conversations that occurred
in the transcript. This information may not be present at the
time of disentanglement (infeasible to obtain/estimate) and
may give the hierarchical methods an unfair advantage as a
result, so a second cutoff is chosen to target the number of
threads determined by the Greedy disentanglement which re-
lies on no outside information. The results of the comparison
between these clustering methods can be found in Section 4.

4 Results

The metrics table compares the accuracy of disentanglement
and shows how many messages a particular method disentan-
gled accurately. The statistics table provides information on
the threads resulting from the disentanglement, regardless of
accuracy. Table 1 and Table 2 list data for disentanglements
made with the knowledge that 254 different conversations oc-
cur in the conversation being disentangled. Table 3 and Ta-
ble 4 list data for disentanglements restricted to the thread
count approximated by the Greedy algorithm.

The thread density statistic describes the average num-
ber of conversations occurring at any one time. For
any given message in a transcript, the thread density at
that point is equal to the number of threads that contain
both a message sent before and a message sent after the
given message. The entropy column refers to the en-
tropy of the lengths of threads in the resulting disentan-
glement. The adjusted rand score is provided by map-
ping the thread index of each message into a list, which
is sequentially numbered starting at 0. The index lists for
the reference disentanglement and proposed disentanglement
are then passed into the sklearn.metrics.adjusted rand score
function [8]. An identical process is done with the
sklearn.metric.adjusted mutual info score metric [8].

The Greedy method is the simple Greedy clustering described
in the original paper [3]. Others are various hierarchical clus-
tering methods exposed by the SciPy linkage function [7].
In almost all metrics, hierarchical clustering performs poorly
compared to the simpler approach. The “Human” method in
the statistics tables refers to the ground-truth human disentan-
glement being used for comparison.

The pairs metric counts the number of pairs in a given disen-
tanglement that are grouped incorrectly. The score is counted
based on whether any two messages are in the same group
and other factors such as which group are ignored. The met-
ric is represented by this count divided by the total number of
pairs (maximum possible number incorrect).

Table 1: Disentanglement Metrics, True Thread Count

Method Pairs Metric
Norm.

Adj. Rand. Adj. Mutual
Info

Greedy 0.0017 0.8945 0.9643
Ward 0.0206 0.2670 0.7780
Complete 0.0401 0.1511 0.6529
Weighted 0.1035 0.0658 0.6308
Average 0.1287 0.0534 0.6019
Median 0.2739 0.0235 0.4651
Single 0.3210 0.0193 0.4245
Centroid 0.3469 0.0160 0.3938

Table 2: Disentanglement Statistics, True Thread Count

Method Avg. Len. Density # of
Threads

Entropy

Complete 13.9528 3.9252 254 6.4142
Ward 13.9528 2.0982 254 7.3312
Weighted 13.9528 1.8584 254 5.8760
Average 13.9528 1.8047 254 5.5688
Median 14.1195 1.5762 251 4.1720
Human 14.0079 1.5274 253 7.2405
Single 13.9528 1.5093 254 3.8377
Centroid 14.2329 1.4989 249 3.6432
Greedy 11.6579 1.1002 304 7.4559

Table 3: Disentanglement Metrics, Greedy Thread Count

Method Pairs Metric
Norm.

Adj Rand. Adj. Mutual
Info

Greedy 0.0017 0.8945 0.9643
Ward 0.0139 0.3287 0.7842
Complete 0.0308 0.1801 0.6727
Weighted 0.0798 0.0829 0.6543
Average 0.0929 0.0704 0.6318
Median 0.2062 0.0329 0.5175
Single 0.2757 0.0235 0.4536
Centroid 0.2889 0.0213 0.4360

Table 4: Disentanglement Statistics, Greedy Thread Count

Method Avg Len. Density # of
Threads

Entropy

Complete 11.6579 3.9673 304 6.8240
Ward 11.6579 2.2097 304 7.7071
Weighted 11.6579 1.9235 304 6.2836
Average 11.6579 1.8922 304 6.1005
Median 11.6964 1.6538 303 4.8309
Single 11.6579 1.5672 304 4.2542
Centroid 11.6579 1.5466 304 4.1369
Human 14.0079 1.5274 253 7.2405
Greedy 11.6579 1.1002 304 7.4559



5 Discussion

According to Table 1 and Table 3, the simple Greedy clus-
tering algorithm results in a much more accurate disentangle-
ment than more complex methods on all metrics with wide
variability. Disentanglements using the Ward and Complete
methods retain accuracy comparable to the Greedy method,
but others result in accuracy losses of approximately 10 −
34%. This indicates that certain clustering mechanisms fun-
damentally model the flow of natural conversation better than
others. The Greedy algorithm is an extreme case that depends
heavily on consecutive messages more than the other methods
and thus provides more sensible disentanglements. If most
messages in the same thread come one after another and the
Greedy algorithm fundamentally tends towards these group-
ings, then more natural disentanglements will be produced.

Under this Greedy algorithm, a new thread is created only
when no message has been sent within less than five minutes
before a message or all messages sent five minutes before a
message have a grouping classifier rating less than zero. This
difficulty in making a new thread becomes apparent in the
resulting thread density produced by the algorithm: From the
thread density column in Table 2 and Table 4, we see an aver-
age thread density of 1.53 in the manually disentangled tran-
script in the DISCO dataset. The Greedy clustering results
in an average thread density of 1.1 for the same transcript.
From this, we can see that the Greedy algorithm is reluctant
to declare that more than one conversation is occurring at any
given time even at times when this is true; one conversation
must end before another can begin.

Ignoring utterance accuracy, several of the hierarchical clus-
tering methods give a thread density closer to the actual than
the Greedy clustering. This effect is pronounced in Table 2
when they are given special information about the number of
threads present, and all hierarchical methods result in closer
thread densities except for the Complete and Ward methods.
This tendency persists even in Table 4 when they are forced
to match the thread count that the Greedy clustering detects
(an over-estimate). Here, all hierarchical thread densities in-
crease, but all hierarchical methods, except for the Complete
and Ward methods, remain closer to the human disentangle-
ment than the Greedy method.

Although most pronounced in the Greedy algorithm, the
trade-off between accurately grouping utterances and accu-
rately modeling the distribution of threads is present in the
hierarchical clustering methods. Those methods that have
lower pairs metric (higher accuracy) have thread densities fur-
ther from the human disentanglement, and those with higher
pairs metrics (lower accuracy) have thread densities closer to
the human disentanglement. To accurately model the dis-
tribution of conversations within a transcript, the accurate
groupings of individual utterances must be sacrificed. De-
pending on the prospective application of disentangled con-
versations, clustering methods with very poor accuracy may
be appealing due to their superior modeling of the transcript
as a whole.

The methods presented here are still open to improvement
in several ways which may eliminate the necessary trade-
off between fine-grained and general accuracy. For example,
the message representation given to the GC function remains
simplistic and poorly preserves the actual information avail-
able within the utterances. Changing this representation to a
more modern text embedding could significantly aid the GC
in ranking messages as related or unrelated, and thus make
any subsequent clustering more reliable. Additionally, the
clustering space RN

M could be modified to include the time at
which an utterance occurred to preserve that information past
the GC in the same way the Greedy algorithm does. Such
a modification may force the hierarchical clustering methods
to give extra weight to the utterance time, and thus result in
clusters that group messages more naturally.
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