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Abstract—In this paper, we investigate the use of a number of
methods for identifying the participants of conversations. These
methods include: Twitchell’s Speech Acts Profiling, five well-
known authorship attribution methods, a technique that has been
used to identify co-authors of collaborative written text, a neural
network and a deep neural network. Our results suggest that for
written text, most of the methods perform well. However, they
perform poorly on transcripts of spoken dialogue, such as the
Friends sitcom transcripts and chat text. Our results show that as
the number of conversation turns increases, so does the accuracy
of identifying conversation participants. However, this comes at a
cost of a reduced number of conversations within the dataset.

I. INTRODUCTION

The area of authorship analysis [18] has given rise to a number
of authorship attribution methods for identifying the authors of
text. Currently, there are a number of researchers that are using
many of these authorship attribution methods in an effort to
identify the co-authors of collaboratively written text
documents. Documents of text-based conversations [1][2][3],
can be viewed as collaboratively written texts by a group of co-
authors. In this paper, we explore the use of authorship
attribution methods for identifying participants of
conversations on a dataset that was developed using scripts
from the TV sitcom, Friends [19], the Multi-Party Chat Corpus,
MPC, dataset [25], and the C50 dataset [26].

The remainder of this paper is as follows. In Section II, we
briefly present some related work, in Section III, a number of
methods that can be potentially used for identifying the
participants of a conversation are introduced. In Section IV, our
experiment is presented along with our datasets and in Section
V, we present the results of our experiment. In Section VI, we
provide our conclusions and future work.

II. RELATED WORK

In [10], Dauber et al. study a number of approaches for
identifying the authors of collaboratively written text. In their
study, they developed two experiments:
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1. train on text of single authors and test on
collaboratively written text and

2. train and test exclusively on collaboratively written

text.

For both experiments, Dauber et al. developed two
baselines for determining the accuracy of the Writeprints
(Limited) Sequential Minimal Optimization Linear Support
Vector Machine (SMO-Writeprintsytp) [11]. The first baseline
consisted of ten authors and had an accuracy of 51.3%. The
second consisted of 75 authors and had an accuracy of 14.2%.

In the first experiment by Dauber et al., they train on text
written by a single author and test on collaboratively written
text. The training set of the experiment consisted of two
variations:

1. having known text for each author and

2. having known text for some of the authors.

Each variation of the training set was used to evaluate the test
set of unknown collaboratively written text. The first variation
enables Dauber et al. to potentially identify all authors of the
text. The second variation restricts Dauber et al. to only being
able to make an identification based on the authors they have
text for. For each variation, Dauber et al. attempts to identify
the authors of text written collaboratively by two, three, and
four authors.

In an effort to measure accuracy of the experiment, a
variety of metrics were used:

a. LSVM example-based accuracy (EBA),

b. LSVM guess-one (GO),

c. Label Powerset LSVM example-based accuracy

(LPEBA),
d. LSVM Subset (LS), and
e. Label Powerset LSVM Subset (LPLS).
When using the first variation of the training set to evaluate the
test set in an effort to identify two, three, and four authors, only
three of the five metrics were used, EBA, GO, and LPEBA.
When measuring the accuracy of identifying two authors, EBA



had an accuracy of approximately 22%, GO had an accuracy of
approximately 45%, and LPEBA had an accuracy of
approximately 24%. Using the metrics to measure the accuracy
of identifying three authors, EBA had an accuracy of about
13%, GO had an accuracy of about 37%, and LPEBA had an
accuracy of about 15%. For identifying four authors of an
unknown text, EBA attained an accuracy of roughly 9%, GO
roughly 27%, and LPEBA roughly 8%.

The second variation of the training set uses all metrics
listed to measure accuracy of identifying two, three, and four
authors. For two authors, EBA, GO, and LS had an accuracy of
approximately 23% while LPEBA and LPLS had an accuracy
of approximately 20%. For three authors, EBA had an accuracy
of about 16%, GO had an accuracy of about 19%, LS and LPLS
had an accuracy of about 12%, and LPEBA had an accuracy of
about 17%. For four authors, EBA and LPEBA had an accuracy
of roughly 15%, GO had an accuracy of roughly 19%, LS had
an accuracy of roughly 10%, and LPLS had an accuracy of
roughly 9.5%.

In the second experiment studied by Dauber et al., they
used collaboratively written text for both the training and test
set. The experiment had three variations:

1. train and test on collaborative text of groups of co-

authors,

2. train and test on set of collaborative text where some

groups had not worked together, and

3. train and test on collaborative text where the groups

have not worked together.
For the first variation of the experiment, the following metrics
were used to identify two, three, and four authors:

a. Comparable Single Author Baseline Split (CSABS),

b. Comparable Single Author Baseline Unit (CSABU),

¢. LSVM Unit Accuracy (UA),

d. Label Powerset SVM Split example-based accuracy
(SEBA),

e. Label Powerset LSVM Split Subset (SS), and

f. Label Powerset SVM Unit Accuracy (LPUA)
When identifying two authors, CSABS and CSABU achieved
an accuracy of approximately 15%, UA of approximately 39%,
SEBA of approximately 47%, SS and LPUA of approximately
38%. For three authors, CSABS achieved an accuracy of about
19%, CSABU of about 35%, UA of about 82%, SEBA, SS,
LPUA of about 88%. For four authors, CSABS achieved an
accuracy of roughly 28%, CSABU of roughly 50%, UA, SEBA,
SS, and LPUA of roughly 100%.

For the next two variations of the experiment, the
following metrics were used to identify from two to seven
authors:

a. EBA

b. LS

c. LPEBA

d. LPLS

e. Binary Relevance Naive Bayes example-based
accuracy (EBAgrng)

The second variation of the experiment achieves an
accuracy of approximately 25% when using EBA to identify

two authors, approximately 10% for LS, approximately 16% for
LPEBA, and approximately 6% for LPLS. For three authors,
EBA has an accuracy of about 18%, LS about 6%, LPEBA
about 14%, and about 8% for LPLS. For four authors, using
EBA achieved an accuracy of roughly 15%, LS roughly 5%,
LPEBA roughly 12%, and LPLS roughly 6%. In the case of five
authors, EBA had an accuracy of around 15%, LS around 3%,
LPEBA around 12%, and LPLS around 5%. For six authors,
EBA had an accuracy of approximately 15%, LS and LPLS
approximately 5%, and LPEBA approximately 11%. For seven
authors, EBA had an accuracy of about 14%, LPEBA of about
10%, and LPLS of about 4%.

The third variation of the experiment uses only two metrics
to identify between two and seven authors of unknown text. For
two authors, using EBAgrns, the accuracy was about 10% and
about 15% for EBA. Using EBAgrng for three authors has an
accuracy of about 9% and EBA about 12%. In the case of four
authors, EBAgrng achieved an accuracy of around 8% and EBA
around 12%. For five authors, EBAgrns had an accuracy of
roughly 10%, while EBA had an accuracy of roughly 13%.
When it comes to six authors, EBAgrng had an accuracy of
around 10% and EBA of around 12%. For seven authors,
EBAgrng had an accuracy of approximately 12%, and EBA
approximately 11%.

The results in this paper are based on an experiment that is
most similar to the first variation of the second experiment
studied by Dauber et al.: training and testing on collaboratively
written text.

In [23], Sari et al. uses a neural network for their
continuous n-gram feature representation in an effort to identify
the author of a given text. Their network has three variations:

1.  word unigrams and bigrams,

2. character unigrams, bigrams, trigrams, and four-

grams, and

3. acombination of 1 and 2.
They test their algorithm on four datasets: a Judgment dataset,
the CCAT10 and CCATS50 dataset, and the IMDB62 dataset.
For the Judgment and IMDDb62 dataset, they used cross
validation, splitting the datasets into 10-folds, while for
CCATI10 and CCATS50 they split the dataset 50-50 for a train
and test set. For each dataset, the network model consisted of
an embedding layer, an average pooling 1D layer, a flatten
layer, and a dense layer. For the implementation of the word-
char combination, they merged two models containing those
layers together, one representing characters and the other
words.

Sari et al. tested their networks on the Judgment dataset and
with the word unigram-bigram variation achieved an accuracy
of 90.31%, the character combination had an accuracy of
91.29%, and the concatenation of the two achieved an accuracy
0f91.51%. On the CCAT10 dataset, the word variation had an
accuracy of 77.80%, the character variation 74.80%, and the
combination of the two had an accuracy of 77.20%. For the
CCATS50 dataset, the word model had an accuracy of 70.16%,



while the character model achieved an accuracy of 72.60%, and
the model representing the combination of the two had an
accuracy of 72.04%. The word model had an accuracy of
87.87% on the IMDb62 dataset, while the character model had
an accuracy of 94.80%, and the combination of the two
achieved an accuracy of 94.28%.

In [24], Shrestha et al. uses a convolutional neural network
in an effort to identify the authors of short text. The CNN
consisted of an embedding layer, a dropout layer, a
convolutional layer, and a fully connected layer. Shrestha et al.
uses a sequence of character unigrams as one variation and
another using a sequence of character bigrams. Within the code,
there also exists a word n-gram option, which we tested our
datasets on using word unigrams.

Shrestha et al. test the effectiveness of their algorithm on a
twitter dataset. Given 50 authors, each having 1000 tweets, their
character unigram CNN had an accuracy of 75.7% while their
character bigram CNN had an accuracy of 76.1%.

To test the effectiveness of the author count on their models,
they experimented with different numbers of authors all having
200 tweets each. For 100 authors, their CNN using character
unigrams had an accuracy of 50.8% and its counterpart using
bigrams had an accuracy of 50.6%. In the case of 200 authors,
the unigram CNN achieved an accuracy of 47.3%, while the
bigram CNN obtained an accuracy of 48.1%. For 500 authors,
the unigram CNN had an accuracy of 41.7% and the bigram had
an accuracy of 42.2%. In the case of 1000 authors, the first
variation using unigrams had an accuracy of 35.9% and bigrams
36.5%.

In an effort to see how the tweet count effects the results,
they used the 50 authors and altered the number of tweets per
author. With each author having 500 tweets, the unigram CNN
had an accuracy of 71.7%, while the bigram’s accuracy was
72.4%. Reducing the tweet count to 200 leads to the unigram
and bigram variation of the CNN’s accuracy dropping to
66.5%. When the tweet count drops to 100, the unigram CNN
had an accuracy of 61.7%, and the bigram CNN had an
accuracy of 61.3%. Given 50 tweets per authors, the unigram
CNN had an accuracy of 56.2%, while the bigram variation had
an accuracy of 54.2%.

Another experiment by Shrestha et al. involved analyzing
only the responses that were made by humans, which meant
getting rid of any authors that tweets appeared to be machine
produced. With their author set being reduced to 35 authors,
each with 1000 tweets, the unigram-based CNN had an
accuracy of 67.8% while the bigram-based CNN had an
accuracy of 68.3%.

III. METHODS FOR IDENTIFYING CONVERSATION PARTICIPANTS

In this section, we present a number of methods that can
potentially be used to identify conversation participants. These
methods can be viewed as belonging to two classes: speech act
profiling [1][2][3] and authorship attribution [18].

A. Speech Act Profiling

For Twitchell’s Speech Act Tagging, a feature vector
representing the frequency of 42 SWBD-DAMSL dialogue acts
is created and used for Speech Act Profiling [4][20][21]. For

the case of identifying conversation participants, a feature
vector of 84 speech acts is developed. The first 42 speech acts
are mapped to the first individual of the conversation and the
last 42 are mapped to the second individual.

B. Authorship Attribution

In an effort to apply authorship attribution for identifying
conversation participants, one can concatenate a conversation
into one writing sample and label that writing sample using the
author pair. In what follows, is a brief description of five well
known authorship attribution systems that were explored.

Keselj et al. [5], implements a byte-level n-gram profile for
each author. The differences between the author profiles are
calculated through the Profile Dissimilarity algorithm, which
can quantify the dissimilarity between writing styles. The text
is classified to a known author class with the minimal
dissimilarity calculated. This method has been shown to be
effective on English data sets with large data sizes and a small
(7) set of authors.

Benedetto et al. [6], attempts to solve the problem of
authorship attribution by calculating the relative entropy
between texts. In order to calculate the relative entropy, the
LZ77 compression [22] is used. For example, if o and B are
texts and b is a subsequence of f3, then the relative entropy of o
and B is the entropy of o+b minus the entropy of B+b. The
method of appending a subsequence to the end ensures that if b
is different from o then the compression would be suboptimal.
Benedetto’s method has been tested on language recognition,
authorship attribution, and the classification of sequences.

Stamatatos [7] uses several single linear discriminant
classifiers trained on a varying number of word-tokens, for
authorship attribution. The final decision of the ensemble
classifier is made by taking the average of two methods, the
product and mean. This method has been tested on newspaper
articles in Greek. Stamatatos’ ensemble classifier is effective if
the text size is large (800+ words); however, its performance is
slightly less than Keselj et al. approach [5] in authorship
attribution challenges in Greek [7].

Koppel et al. [8] demonstrated that space-free character 4-
gram features are effective in English and Greek authorship
attribution. In addition to attributing a text to a particular author,
they allow for the algorithm to classify a text as ‘Don’t Know.’

The method proposed by Koppel et al. compares random
subsequences and finds the closest match in a known text. Then
the relative score is calculated and compared with a threshold.
If the score is larger than the threshold a classification is made.
On the other hand, if the score is lower than the threshold, the
method will classify the text as ‘Don’t Know,’ to represent the
fact that the text in question was not authored by any of the set
of known authors.

Benedetto et al. [6] and Teahan and Harper [9] use a
compression-based model for authorship attribution. Teahan
relies on Prediction by Partial Matching (PPM) text
compression technique as opposed to LZ77. A character-based
feature selection is used, and optimization is done on a
category-by-category basis. The proposed method of Teahan
and Harper was shown to have an accuracy of 93% in
authorship identification from a set of 11 possible authors.



IV. EXPERIMENTS

There were three datasets used for our experiments. The
first dataset used for our experiment was taken from scripts of
the TV sitcom, Friends. The scripts were parsed to discover
conversations between two actors. Conversations between any
two actors consisted of two turns [12, 13] for each actor. A turn
consists of an utterance of one actor. The authors of the
conversation were limited to the 6 lead actors: Rachel, Joey,
Phoebe, Chandler, Ross, Monica. Our dataset consisted of
5,892 conversations. The second dataset was the Multi-Party
Chat Corpus, MPC, developed by Shaikh et al [25]. This dataset
consisted of 14 chat sessions that we split into two turn
conversations. The authors of the conversation were restricted
to the conversation pairs that had at least the floor of the average
number of conversations. Our MPC dataset consisted of 663
conversations. The third dataset was the C50 dataset [26]. This
dataset consists of 50 authors, each having 100 writing samples.
The writing samples were combined to create a the C25 dataset.
The C25 dataset consisted of the combinations of every two
authors’ writing samples and consisted of 2500 samples.

For a baseline, we identified each individual author based
on their two turns taken per conversation. The baseline for the
Friends dataset consisted of 11,784 samples, the MPC dataset
1,326 samples, and C50, 5000 samples.

For a third experiment, we took the top 5 performing
algorithms on the Friends conversation dataset to further
evaluate their performance. We had 11 variations of the Friends
conversation dataset where each dataset represented a different
range of turns going from 2 to 12. In order for an author pair to
be used in evaluation, they needed at least 10 conversations. For
the 2-turn dataset, we have 5,892 conversations between 15
author pairs. The 3 turn dataset has 2,700 conversations
between 15 authors pairs. The 4-turn dataset has 1,560
conversations between 15 author pairs, while 5 turns has 1,010
conversations between 15 author pairs, and 6 turns has 654
conversations between 15 author pairs. The 7-turn dataset
author pairs reduce to 12 and have a total of 449 conversations.
For 8 turns, there are 319 conversations between 11 author
pairs. In the case of 9 turns, the author pair amount is down to
9 and have a total of 214 conversations. For 10 turns, there are
138 conversations between 6 author pairs. There are 87
conversations between 5 authors pairs for 11 turns. The 12-turn
dataset has 47 conversations between 3 author pairs.

For the fourth experiment, we took the top 5 performing
algorithms on the MPC conversation dataset and tested to see
how well they performed on the 2 and 3 turn variations of the
dataset. In order for an author pair to be used in this experiment,
they needed at least 10 conversations. The 2-turn dataset had
405 conversations between 25 author pairs, while the 3-turn had
38 conversations between 3 author pairs.

For these experiments, as we increase the number of turns,
the balance of the datasets will shift. The MPC and Friends
datasets were initially unbalanced, while the C50 and C25
datasets were balanced.

V. RESULTS

The results presented in this section were generated as
follows. For Speech Act Profiling, we used a Single-Tagged,
and a Multi-Tagged approach. In the Single-Tagged approach,

each tag can only exist a maximum of once in a turn. In the
Multi-Tagged approach, each tag can exist more than once in a
turn. For both Speech Act Profiling approaches, we created a
linear support vector machine, using the scikit-learn python
package with its default parameters. The linear support vector
machine took in the 84-length feature vector and outputted an
output vector whose length corresponded to the number of
authors. In addition, we developed a multi-layer perceptron
(MLP) that consists of an input layer of 84 corresponding to our
feature vector followed by two hidden layers consisting of 1000
neurons, followed by an output layer whose length
corresponded to the potential participants. For the hidden layer,
the neurons used the ReLU [14] [15] [16] [17] activation
function. The MLP ran for 10,000 epochs with a learning rate
0f 0.001, using 4-fold cross validation.

For the authorship attribution systems except Keselj2003,
we used leave-one-out training on all conversations and the
systems were used to classify the conversation as one of the
possible combinations of actors. For Keselj2003, we used an
80-20 split train and validation sets. We used the validation set
to select the parameters that gave us the best accuracy on the
validation set. Those same parameters are used to classify the
test set samples. For the test set of Keselj2003, we used leave
one out, taking one sample at a time from the training set for
testing. For SMO-Writeprintspy, each dataset was classified
using 5-fold cross validation except the MPC conversations due
to lack of data it used 4-fold. In order to be classified using
Sari2017 and Shrestha2017, the datasets were split into train
and test sets. All instances of the datasets were split into 90%
training set and 10% test set. For Sari2017 and Shrestha2017,
10% of the training set is used for validation. For Shrestha2017,
the validation set is comprised of 20% of the training set for
MPC conversations. Also, while using Shrestha’s method, we
changed the batch size from 32 to 16 to avoid a memory leak.

Our baseline results are shown in Table 1. Table I consists
of four columns. The first column represents the methods that
are being compared. The second column represents the C50
dataset, while the second column represents the Friends dataset,
and the third column represents the MPC dataset. The fourth
column represents the associated accuracies for the methods in
the first column. In Table I, one can see that Teahan2003 has
the best performance on the C50 and MPC dataset, while
Shrestha2017word-unigram performs best on Friends. On all
datasets, both the Single-Tagged and Multi-Tagged
approaches, the MLPs had better performances than the
LSVMs. On the C50 and Friends dataset, neither LSVM nor
MLP variation outperformed any of the authorship attribution
methods. For the MPC dataset, both LSVM (Single-Tagged and
Multi-Tagged) were only able to outperform Keselj2003. The
MLP (Single-Tagged and MultiTagged) outperformed
Koppel2011, Stamatatos2006 and Keselj2003.

For Experiment 3, the results are displayed in Figures 1 — 5.
In Figure 1, the highest accuracy occurred where the
conversations had 7 turns and the lowest happens where there
are 10 turns. In Figure 2, the highest accuracy occurred at 10
turns where the lowest occurred at 11 turns. For Figures 3 - 5,
the highest accuracy is attained at 12 turns and the lowest at 5



for Figure 3 and 6 turns for Figures 4 and 5. The highest
accuracy of all was achieved in Figure 2 using Shrestha’s
character bigrams on 10 turns.

Figures 6 through 10 represent the results from experiment
4. In all cases, they performed better on 3 turns than 2 turns.
The highest accuracy came using Shrestha’s word unigrams in
Figure 10.

The results of our experiment are shown in Table II. As
with Table I, Table II consists of four columns representing the
methods, datasets, and the associated accuracy. In Table II, one
can see that the best performing method on C25 and MPC is
Teahan2003, while Shrestha2017word-unigram 15 best on Friends.
As in our baseline, the MLPs had better on than their LSVM
counterparts. For C25, the LSVMs and MLPs were not able to
outperform any of the authorship attribution methods. On the
Friends dataset, the LSVMs and MLPs only outperformed
Koppel2011. On the MPC dataset, the LSVM Multi-Tagged
outperformed Keselj2003, while the Single-Tagged did not
outperform any method. The MLPs were able to outperform
Keselj2003, Stamatatos2006, Sari2017char, Sari2017word, and
the Multi-tagged approach also outperformed Shrestha2017cpar-

bigram-

TABLE I. A COMPARISON OF METHODS FOR IDENTIFIYING INDIVIDUAL

PARTICIPANTS
Results

Method C50 Friends MPC
Keselj2003 [5] 81.80% 28.80% 1.4%
Teahan2003 [9] 99.84% 30.47% 37.10%
SMO-Writeprintsi [11] 78.04% 27.82% 21.57%
Benedett02002 [6] 84.30% 25.83% 17.50%
Stamatatos2006 [7] 30.30% 19.55% 13.20%
Koppel2011 [8] 67.70% 19.13% 13.73%
LSVM (Single-Tagged) 2.16% 16.62% 5.66%
MLP (Single-Tagged) 9.46% 20.77% 13.80%
LSVM (Multi-Tagged) 1.98% 16.78% 6.33%
MLP (Multi-Tagged) 11.48% 20.62% 15.91%
Sari2017har [23] 89.00% 23.79% 20.27%
Sari2017y0a[23] 86.4% 30.82% 23.65%
Sari2017yordchar 23] 89.00% 31.92% 18.24%
Shrestha201 7 char-unigram[24] 83.80% 33.11% 30.41%
Shrestha2017char-bigram[ 24] 86.80% 32.85% 36.49%
Shrestha2017 ord-unigram[ 24] 83.80% 33.28% 31.76%

TABLE II. A COMPARISON OF METHODS FOR IDENTIFIYING
CONVERSATION PARTICIPANTS
Results

Method C25 Friends MPC
Keselj2003 [5] 96.70% 25.80% 2.8%
Teahan2003 [9] 98.44% 28.41% 24.74%
SMO-Writeprintsyq [11] 91.64% 19.45% 12.22%
Benedetto2002 [6] 94.48% 18.23% 16.59%
Stamatatos2006 [7] 41.44% 15.38% 6.18%
Koppel2011 [8] 87.56% 10.79% 11.16%
LSVM (Single-Tagged) 4.00% 11.96% 1.81%
MLP (Single-Tagged) 16.6% 12.98% 8.45%
LSVM (Multi-Tagged) 4.48% 11.40% 3.32%
MLP (Multi-Tagged) 23.4% 13.05% 8.90%
Sari2017ar [23] 91.20% 30.13% 7.77%
Sari2017yra[23] 95.60% 29.46% 7.77%
Sari201 7 yordehar 23] 96.00% 28.62% 6.80%
Shrestha2017 char-unigram[ 24] 96.00% 27.10% 8.74%
Shrestha201 7 char-bigram[ 24] 98.40% 29.80% 13.59%
Shrestha2017 yord-unigram[24] 96.00% 30.81% 12.62%
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Fig. 10. MPC vs Shrestha’s word unigram (accuracy vs conversation)

VI. DISCUSSION

In our experiments we used three different types of datasets to
test the ability of the systems to identify the participants of the
text. The first dataset was the C50 dataset that became the C25
dataset, which is not a conversation between two people. C25
is a dataset consisting of a text sample that is a combination of
two independently written text by two different authors with the
first authors text being followed by the second author’s text.
When given this dataset, most of the systems seem to perform
well. For the second dataset, we used an imbalanced scripted
conversation dataset, Friends, to test how well they perform on
conversations and the performance is poor. Finally, we used an
imbalanced dataset consisting of actual conversations, MPC, to
examine how well these systems can predict the participants in
a conversation and the systems were mainly unsuccessful. In
Experiments 3 and 4, our hypothesis is that when you increase
the number of turns, thus increasing the sample size, the
accuracy will increase. In this case, it also decreases the number
of participants to choose from. This is also the case for MPC
where the amount of turns was 2 and 3. At 3 turns, the accuracy
increases for each of the top 5 algorithms along with the number
of participants to choose from. The fluctuation seen in Friends
dataset may be due to the variation in the author pairs and the
reduction in the sample sizes. This could also be because
Friends is a TV show that is written by at least 50 different
screenwriters. In some cases, certain episodes even have more

than one writer. Ideally, one would want each character to have
their own personality which could be portrayed in a variety of
ways by the screenwriters. Although the screenwriters are
writing scripts for the same characters, each screenwriter’s
writing style is different, and they could be a potential reason
for the difficulty in identifying the conversation participants.

VII. CONCLUSION AND FUTURE WORK

In this paper, two classes of methods were explored in an effort
to identify the participants of a conversation. The first class
explored was Speech Act Profiling (Single-Tagged and Multi-
Tagged), the second class of methods explored was state-of-
the-art authorship attribution systems. On the C50 and C25
datasets, most of the methods performed well, while all of the
methods performed poorly on the Friends and MPC datasets.
This may be due to the differences in the way we write, speak,
and chat (write in chatrooms). The best performing algorithms
were Teahan2003, Shrestha2017char-bigram, and Shrestha2017yora-
unigram.

Our results also show that as the number of turns increases,
so does the accuracy of identifying conversation participants.
This comes at a cost of a reduced number of conversations
within a dataset.

Our future work will be devoted towards the study of the
effect that a balanced dataset has on the performance of the
methods presented in this paper. Additionally, we will study
how increasing the number of turns introduces imbalances
within a dataset as the number of conversations is reduced.
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