ABSTRACT
PARK, KYUNGJIN. Automated Detection of Disruptive Talk in Collaborative Game-Based
Learning Environments. (Under the direction of Dr. James C. Lester and Dr. Bradford Mott).
Collaborative game-based learning environments show significant promise for creating engaging
group learning experiences. Online chat plays a pivotal role in these environments by providing
students with a means to communicate freely during problem solving. These chat-based
discussions and negotiations support the coordination of students’ in-game learning activities.
However, this freedom of expression comes with the possibility that some students might engage
in undesirable communicative behaviors.
A key challenge posed by collaborative game-based learning environments is determining
how to manage disruptive talk that purposefully disrupts team dynamics and problem-solving
interactions. Disruptive talk during collaborative game-based learning is particularly damaging
because, if allowed to persist, it can generate frustration and significantly impede the learning
process for students. However, due to the complexities of group communication, reliably detecting
disruptive talk presents a significant computational challenge. Since users can be involved in
multiple concurrent conversation threads of different topics, it is critical to examine the
characteristics of group conversation dynamics based on the purpose of a conversation and target
user group.
This dissertation introduces a deep learning-based framework for detecting disruptive talk
in a collaborative game-based learning environment for middle school science education,
investigates how disruptive talk behaviors influence students’ learning outcomes, and explores
how these behaviors vary across students’ gender and students’ prior knowledge. The framework
automatically identifies disruptive talk during the collaborative learning process. To accomplish

this, the framework utilizes linguistic features from text-based group conversation, individual and
group-level features from game interactions, and attributes consisting of gender and prior
knowledge.
The preliminary research presented an empirical evaluation has demonstrated that long
short-term memory and gated recurrent unit-based disruptive talk detection models utilizing
linguistic features from text-based group conversation and student attribute features outperform
competitive baseline models. Results indicate that these deep sequential modeling approaches
offer significant potential for supporting effective collaborative game-based learning through the
identification of disruptive talk.
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CHAPTER 1
INTRODUCTION
Computer-supported collaborative learning (CSCL) fosters the social aspects of learning using a
variety of technological and constructive pedagogical strategies, such as problem-based learning
and inquiry learning (Dillenbourg, Järvelä, & Fischer, 2009; Hmelo-Silver, 2004; Jeong, HmeloSilver, & Jo, 2019). In collaborative learning, students engage in problem solving, artifact design,
and inquiry in small groups. Small groups have been proven to be effective for collaborative
learning and developing deep disciplinary engagement (Engle & Conant, 2002; Hmelo-Silver,
2004). Collaborative game-based learning environments bring game-based learning to small
groups, providing immersive virtual learning experiences with progressively advanced challenges
focused on the desired learning objectives (Mott et al., 2019; Wendel & Konert, 2016).
Collaborative game-based learning environments often provide students with in-game chat
facilities that support open discussions and negotiations among team members to support the
coordination of their in-game learning activities (Saleh et al., 2021). However, students may not
always show effective collaboration and can abuse the chat system to engage in undesirable
communicative talk, which can negatively affect the group learning experience.
Thus, it is critical to examine collaborative discussions to understand how certain types of
talk can promote learning outcomes (Mercer, 2010). In high quality collaborative talk, students
build on each other’s ideas and move toward deep disciplinary engagement (Resnick, Michaels, &
O’Connor, 2010). However, negative socio-emotional engagement can manifest as disruptive talk
and can be a barrier to high-quality collaborative talk. Disruptive talk can include insults, bullying,
and negative expressions. These utterances can generate frustration, harm communication, and
produce a negative group atmosphere (Janssen, Erkens, & Kanselaar, 2007). Disruptive individuals
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or groups who engage in unproductive social processes may distract others from learning and can
interfere with deeper learning by continually interrupting learning activities (Borge & Mercier,
2019). For example, students who engage in disputational talk focus on finding the flaws in others’
opinions, which can impede the overall collaborative learning process (Fu, Aalst, & Chan, 2016;
Mercer, 1996). The ability to detect disruptive talk and manage it automatically (e.g., adaptive
intervention) is therefore critical for achieving high-quality collaborative learning. However,
determining whether the talk is acceptable or not is context-dependent. For example, conflicts that
are either process-related (e.g., disagreement on the collaboration process) or relationship-related
(e.g., interpersonal clashes) negatively impact group learning. On the other hand, task-related
conflicts induced during group problem solving can positively impact students’ learning outcomes
(Jehn, 1997; Lee, Huh, & Reigeluth, 2015; Pelled, Eisenhardt, & Xin, 1999). Thus, we need refined
models that surface the interactions that potentially interfere with learning rather than identifying
negative behavior in general.
Furthermore, we need to address the challenges that are inherent in group conversation
modeling involving more than two participants. Compared to dyad conversations, multi-party
conversations are characterized by a high degree of complexity due to multi-way group
interactions. Thus, multi-party dialogue models need to consider group dynamics in order to
reliably model phenomena. For example, previous studies investigated the idea of assigning less
weight to participants whose convergence behaviors differ from the rest of the group, where
convergence behavior is measured by the amount of increase in similarity between speakers over
time in terms of linguistic features (Rahimi & Litman, 2018). Another example is examining which
utterances should be clustered together (i.e., conversation threads) in multi-party dialogues
(Mayfield et al., 2012; Tan et al., 2019).

3
Researchers have investigated various approaches to mitigating disruptive talk in
collaborative learning environments by devising both non-computational and computational
techniques. Incorporating peer assessments during the CSCL process is an attractive noncomputational option for reducing students’ disruptive talk, as it can encourage positive attitudes
toward collaborative problem solving (Phielix, Prins, & Kirschner, 2010). Previous work has
investigated computational approaches for automatically detecting bullying and off-task behavior
in collaborative learning environments with language models ranging from classic approaches
(e.g., n-grams) to more recent state-of-the-art contextualized word embeddings (e.g., BERT),
which were used in conjunction with machine learning classification techniques (e.g., logistic
regression, random forest, long-short term memory networks) (Carpenter et al., 2020; Nikiforos,
Tzanavaris, & Kermanidis, 2020). However, the previous works either make utterance-byutterance predictions without taking context into account or treat the entire multi-party
conversation sequence as a continuous dialogue flow, despite the potential presence of multiple
concurrent message threads with different topics.
This dissertation presents a disruptive talk detection framework for collaborative gamebased learning that automatically detects disruptive talk during in-game text-based group
conversations. The first phase of this research analyzes how disruptive talk intersects with gender,
prior knowledge, individual learning outcomes, and group learning outcomes, which inspired some
of the features we use for the disruptive talk detection framework. Different versions of the
framework were constructed using deep sequential models, long short-term memory recurrent
neural networks (LSTMs), gated recurrent units (GRUs), and a classical machine learning model,
Naïve Bayes classifiers. Additionally, different versions employed a range of dialogue-based
linguistic representations from a conventional Bag-of-Words approach to a more recent
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contextualized pre-trained language model (e.g., BERT). Each version was evaluated using a
student dialogue dataset collected from two different studies using a collaborative game-based
learning environment for teaching middle-grade science. Results showed that deep sequential
model-based disruptive talk detection models using the BERT pre-trained language model
outperform other baseline approaches (Park et al., 2021). The second phase of this research extends
the feature set including additional linguistic features extracted from the in-game chat sequences
that represent the disruptiveness of the student messages (e.g., use of all capital letters in
messages). We extract individual and group-level game features from students’ game interaction
(i.e., trace log data) to provide additional contextual information reflecting the disruptiveness of
the current utterance. The framework is also evaluated using a sequence dropout approach during
the training phase to enable the model to learn generalized aspects of different student group
dynamics, as well as an attention-based user-aware modeling approach that captures both the target
student-specific and group-wise sequence representations.
1.1 Thesis Statement and Hypotheses
The objective of this dissertation is to devise a robust disruptive talk detection framework for
predicting disruptive moments in students’ textual chat interaction within collaborative gamebased learning environments. The dissertation research leverages 1) natural language processing
methods to deal with the text-based student group conversation, 2) feature analysis to capture
cognitive and non-cognitive aspects of students’ game interaction both at the individual student
level and at the group level, and 3) student attributes that can impact behavior during the
collaborative gameplay. These features are integrated into a regularized attention-based user-aware
network, which will detect disruptive talk by considering the current speaker’s previous chat
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messages as well as the overall group’s recent conversation and other available features, with an
adoption of a sequence dropout regularization approach.
The following hypotheses are tested in several experiments that evaluate disruptive talk
detection models utilizing a range of natural language processing and deep learning techniques
using two sets of student populations using the same collaborative game-based learning
environment for middle school science.
•

Hypothesis 1: Deep sequential model-based disruptive talk detection models utilizing
contextualized word embedding approaches will achieve higher AUC and PR-AUC than the
models using classical machine learning approaches or static word embedding approaches in
a stratified group 10-fold cross-validation on the ECOJOURNEYS corpus.

•

Hypothesis 2: A deep sequential model-based disruptive talk detection model utilizing game
interaction features at the individual level and at the group level will achieve a higher AUC
and PR-AUC than a model using text-based chat data only in a stratified group 10-fold crossvalidation on the ECOJOURNEYS corpus.

•

Hypothesis 3: A deep sequential model-based disruptive talk detection model utilizing a
sequence dropout approach will achieve higher AUC and PR-AUC than the same model
trained only on the full sequence in a stratified group 10-fold cross-validation on the
ECOJOURNEYS corpus.

•

Hypothesis 4: A deep sequential model-based disruptive talk detection model utilizing a target
user-specific representation will achieve higher AUC and PR-AUC than a model using a
group-sequence representation only in a stratified group 10-fold cross-validation on the
ECOJOURNEYS corpus.
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•

Hypothesis 5: A deep sequential model-based disruptive talk detection model utilizing a
sequence dropout approach, game interaction features, and a target user-specific representation
in combination will outperform the models adopting each approach individually in a stratified
group 10-fold cross-validation on the ECOJOURNEYS corpus.

1.2 Contributions
The research presented in this dissertation includes the following contributions:
•

The analysis of disruptive talk with respect to how it can affect student learning outcomes and
how it can be affected by the presence of facilitator intervention, student gender, and prior
knowledge level (Park et al., 2021).

•

A novel disruptive talk detection framework based on deep sequential modeling approaches
that utilizes linguistic features from text-based chat interaction and student attributes, namely
gender and prior knowledge level (Park et al., 2021).

•

An accurate and robust disruptive talk detection model trained on the hand labeled annotated
ECOJOURNEYS data corpora of two sets of student groups, which presents better performance
compared with other competitive baseline approaches (Park et al., 2021).

•

The investigation of individual and group-level collaborative features in a collaborative
game-based learning environment grounded in collaborative learning analytics theories,
which provide rich information sources to the disruptive talk detection framework.

•

A principled approach for devising a robust disruptive talk detection model, which includes a
sequence dropout approach as a regularization technique for the model to better learn
generalized representations of text-based group chat sequences. Furthermore, the separate deep
learning-based user-specific network is added to the modeling approach to bring more

7
information about the student of the target utterance for detecting whether it is disruptive. (Park
et al., 2022)
•

A unified framework that utilizes sequence dropout, game interaction feature extension, and
user-specific network additions. To the author’s knowledge, this proposed approach will be
the first to apply all these techniques to detect disruptive talk in group conversations in
collaborative game-based learning environments.

1.3 Organization
The remainder of this dissertation is organized as follows. Chapter 2 discusses background on
natural language processing and modeling approaches in multi-party conversation outside of the
educational domain and within collaborative learning environments, including collaborative gamebased learning environments. Chapter 3 presents an overview of the proposed disruptive talk
detection framework. Chapter 4 describes the ECOJOURNEYS collaborative game-based learning
environment, including data corpora collected from two student populations, and qualitative data
analysis with respect to how disruptive talk influences student learning outcomes and how it varies
across gender and student prior knowledge. Chapter 5 presents preliminary results on disruptive
talk detection, which investigated various NLP techniques and machine learning modeling
approaches evaluated using the chat interactions within the ECOJOURNEYS corpus. Chapter 6
presents the enhancement of disruptive talk detection framework that extends the preliminary work
by investigating additional feature sets extracted from the game interaction data, as well as an
advanced deep-learning based modeling approach using a sequence dropout and attention-based
user-aware network. Chapter 7 revisits the hypothesis presented in Chapter 1, summarizes the
contribution of this dissertation, and provides future research directions related to this work.
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CHAPTER 2
BACKGROUND AND RELATED WORK
The disruptive talk detection framework presented in this dissertation is situated at the intersection
of dialogue modeling, natural language processing, and deep learning-based collaborative learning
analytics. This chapter provides a review of previous research on dialogue modeling with regard
to both dyad and multi-party conversations in various domains and provides a brief overview of
the different classification tasks studied along with features and modeling approaches used. In
addition, we review previous works that investigated automatic analysis of multi-party
conversation within computer-supported collaborative learning environments. Our primary focus
is on describing the natural language processing and machine learning techniques researchers have
explored, along with the task-specific features they have utilized.
2.1 Dialogue Modeling
2.1.1. Dyad Conversation Modeling
Automatic analysis research on dyad dialogue systems often focuses on determining the user’s
intent, which is essential for an automatic dialogue system to provide appropriate responses to the
user (Ahmadvand, Choi, & Agichtein, 2019; Crook et al., 2009; Grau et al., 2004; Kim, Cavedon,
& Baldwin, 2010; Maraev et al., 2021). To cope with the high demand in dialogue act classification
in dialogue modeling, Crook et al., (2009) investigated the use of a Dirichlet process mixture
model, which is an approach to developing Bayesian nonparametric mixture models, as a means
of clustering dialogue utterances in an unsupervised manner and analyzed the clusters in terms of
possible dialogue acts. They utilized human-computer dyad conversation in Spanish about
information of train fares and timetables, where each utterance is treated as a bag-of word and
clustered according to the relative counts of word occurrences. Kim, Cavedon, & Baldwin (2010)
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investigated the effectiveness of various linguistic features combined with classical machine
learning classifiers, namely support vector machines (SVMs), naïve Bayes (NB), and conditional
random fields (CRFs), for dialogue act classification in dyad conversation. The experimental
results using online chat forums on information delivery suggested the CRF classifier in general
performed better than other baseline modeling approaches for different combinations of linguistic
features including bag-of-words, unigrams, and other auxiliary features including structural
information, utterance dependency, author information, etc. To perform dialogue act classification
in task-oriented dialogue in a web-based tutor on introductory computer science for university
students, Ha et al., (2012) investigated the use of nonverbal features from student posture along
with features from text-based chat interaction (i.e., n-grams), dialogue context (i.e., utterance
position, utterance length, previous author, and previous tutor dialogue act), and task context
features (i.e., previous task action, task begin flag, task activity flag, and last compile status). Using
these features, the authors investigated three classifiers: maximum entropy (ME), NB, and CRFs.
The experimental results showed that ME classifiers using all types of features (i.e., lexical,
dialogue context, task context, and posture features) performed the best, while CRF-based models
generally performed worse than other classifiers.
More recently, Ahmadvand et al., (2019) proposed a deep-learning based contextual
dialogue act classification model which used a transfer learning approach; the model was initially
trained on human-human conversation, then fine-tuned with human-machine conversation data. In
contrast to most previously proposed dialogue act classification models where they focused on
utterance-level dialogue act classification, the model takes the dialogue context into account.
Results on the Switchboard dataset showed that the proposed contextual dialogue act classifier
outperformed utterance-level state-of-the-art baseline models. Li et al., (2019) proposed a domain-
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independent dual-attention hierarchical recurrent neural network for dialogue act classification
with an assistance of an utterance auxiliary topic classification task. The model utilized a dual taskspecific attention mechanism with CRF, and latent Dirichlet allocation (LDA) for the unsupervised
topic modeling approach. The model was tested on three public datasets including dyad and multiparty group conversation, and the experimental results showed that the proposed model generally
performs well on various datasets compared to baseline modeling approaches. Maraev et al.,
(2021) investigated the role of laughter in detecting dialogue act classification. In the proposed
approach, the authors added a <laughter> token in the utterance if the speaker’s utterance contains
laughter, which is normally ignored in transcribing using a speech recognition system. The
experimental results showed that BERT-based dialogue act classifier utilizing the <laughter>
token outperformed the model without the token.
Although the dialogue act classification is the most popular task in dyad dialogue
modeling, a wide range of other classification tasks were also investigated including conversation
topic classification, sentiment classification, and emotion recognition (Lane et al., 2005; Park et
al., 2019; Bertero et al., 2016). Lane et al. (2005) proposed a scalable dialogue speech recognition
modeling approach for hierarchical topic classification in Japanese dyad conversation about basic
travel information. The proposed architecture performs hierarchical topic classification via a twolevel approach: first, the model detects the topic, and second, speech recognition is performed by
applying a topic-dependent language model. Recently, Park et al., (2019) investigated a wide range
of machine learning approaches for automatic detection of topics in patient-provider interactions
from primary care office visits. The authors utilized GloVe word embedding representations and
compared sequential and non-sequential classifiers. The authors investigated CRFs, hidden
Markov models (HMMs) and hierarchical gated recurrent units (GRUs) for the sequential
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approaches, and logistic regression, SVMs, and GRUs that uses the current utterance only for the
non-sequential approaches. The experimental results showed that sequential models showed
higher accuracy at each utterance level, and higher precision at the visit level, while non-sequential
models had higher recall at the visit level. Bertero et al. (2016) proposed an approach to enable an
interactive dialogue system to recognize user emotion and sentiment in real time by adding
“empathy” to a conversational dialogue system. The authors utilized a speech dataset from TED
talks for emotion classification and transcribed text for the sentiment classification task. They
utilized convolutional neural networks (CNNs) for user emotion classification from raw audio
samples and utilized word embedding vectors pretrained using Twitter along with CNN
architecture for the sentiment classification, which were later compared with other word
embeddings pretrained using a movie review dataset.
2.1.2. Multi-Party Conversation Modeling
Compared to the dyad conversation modeling, more diverse tasks have been explored using multiparty conversation by adopting asynchronous and entangled nature of group conversations, such
as dialogue act prediction using group thread history, thread detection, bullying and toxic message
detection within group conversations (Anikina & Kruijff-Korbayova, 2019; Blackburn and Kwak,
2014; Ekiciler et al., 2021; Kim, Cavedon, & Baldwin, 2012; Min et al., 2021; Tan et al., 2019).
Kim, Cavedon, & Baldwin (2012) investigated various classical machine learning
approaches (i.e., Naïve Bayes, support vector machines, and conditional random fields) using
contextual, structural, keyword, and dialogue interaction-based features of utterances for dialogue
act classification in multi-party live chat datasets. Experimental results on two different types of
live chat data showed that the model using a conditional random field classifier with contextual
and keyword features achieved the highest performance. As a sub-task of a disaster response
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mission knowledge extraction task, Anikina and Kruijff-Korbayova (2019) proposed a deep
learning-based Divide&Merge architecture for predicting dialogue acts in a robot-assisted disaster
response team communication with roles (e.g., Mission commander, Team Leader, Operator).
They applied LSTMs for the current utterance and convolutional neural networks for the context
thread history (Divide), then concatenated the output representations from each part for the final
dialogue act classification (Merge). This approach along with using trainable GloVe embeddings
(Pennington, Socher, & Manning, 2014) achieved the best performance compared to the other
competitive baseline neural network-based models. Min et al., (2021) investigated the use of
dialogue act prediction modeled with conditional random fields (CRFs), variants of bidirectional
LSTMs, and ELMo contextualized word embedding approaches, in multi-party team
communication for providing adaptive team training support. The experimental results showed
that CRF-based models outperform multi-task and single-task variants of stacked bidirectional
LSTMs-baed models.
As multiple participants are involved in multi-party chats, disentanglement of the
conversation based on relevancy is another important task, which could enhance the relevance rate
of conversational agents (Shamekhi et al., 2018), or improve summarization quality (Zhang and
Cranshaw, 2018). Tan et al. (2019) proposed a context-aware thread detection architecture that
automatically captures conversation threads in multi-party and multi-thread conversation. To
predict what existing thread the current utterance involves (or whether it creates a new thread),
they proposed three different approaches: 1) Take the last k messages for each thread in history,
encode them using LSTMs with the current message as the last input of the LSTM, then use all
output representations from all threads for the final thread prediction, 2) take the last k messages
for each thread in history, apply separate LSTMs for the thread history and current message, then

13
utilize attention mechanisms for the output representations, and 3) combine the output
representations from first and second approaches using their proposed dynamically-gated
combination method, where the weight is determined by the distance between the L2 norm of
context embedding, computed using the attention weights, and the L2 norm of hidden state of
LSTM-encoded current message. Evaluations of the proposed approach on three public datasets
suggest that the final combined approach outperforms previous state-of-the-art models.
Another essential task in multi-party conversation is handling cyberbullying.
Cyberbullying is a serious issue in online-chat, thus detecting bullying or toxic behavior is critical
to protect users. Specifically, there has been increasing interest in investigating toxic behavior
within multiplayer games, such as in massive online battle arena (MOBA) games, where players
engage in team-play and try to combat other teams within virtual online game environments, which
have received considerable attention (Kordyaka 2018). Adinolf and Türkay (2018) investigated
how game players perceive and cope with the toxic behaviors within eSports games, such as
multiplayer first-person shooter games or MOBA games (Adinolf and Türkay, 2018). To win in
MOBA games, players need to cooperate and communicate with their team members to coordinate
their in-game actions. However, the competitive nature of MOBA games can result in toxic
behavior from some players (Kwak and Blackburn 2014). Blackburn and Kwak (2014)
investigated the use of random forest classifiers for the automatic detection of toxic behavior,
utilizing in-game performance, user reports, and chat data from League of Legends. The
conversation data from this game consisted of 590,000 utterances, which were labeled via
crowdsourcing on whether the conversation was toxic or not by users of a disciplinary system. The
prediction results indicated that the most effective features are the opponent’s in-game
performance, the number of submitted user reports, and the offenders’ valence score, which
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quantifies the “goodness” or “badness” of a word (Blackburn and Kwak, 2014). Kwak and
Blackburn (2014) later analyzed the linguistic behavior of toxic players using the same data set.
They found that players behave normally at the beginning of the game, however, they started to
exhibit toxic behavior after some point as the game progressed, which supports one of their
findings that toxic players constantly chat towards the end of the game (Kwak and Blackburn
2014). Recently, to combat the growing issue of gender bias in the game industry (i.e., maledominated) and the presence of verbal abuse and cyberbullying toward female players (Bryter,
2019), Ekiciler et al. (2021) presented the linguistic analysis of gender-based toxic language usage
in a Dota 2 chat dataset and investigated Naïve Bayes classifiers with three different Laplace
smoothing parameters (i.e., α = 0, 1, 2) as an automatic approach for sexist toxic comment
detection. The prediction results suggest the promise of the proposed approach for detecting sexist
toxic messages, and the findings from the qualitative analysis revealed that the significant
prevalence of gender discrimination in online games, mostly from young males and intense players
(Ekiciler et al., 2021).
The characteristics of multi-party dialogue, such as the presence of multiple conversation
threads in a group sequence or gender discrepancy between the languages each group use, can be
present in student dialogues within collaborative game-based learning environments. Devising an
automatic approach to disruptive talk detection in collaborative game-based learning environments
using student dialogue was inspired by work described above.
2.2. Automatic Analysis of Group Conversation in Computer-Supported Collaborative
Learning Environments
Natural language processing techniques, such as latent semantic analysis (LSA), and other
machine learning techniques have been applied to group dialogue in collaborative learning
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environments, particularly in CSCL systems (Carpenter et al., 2020; Dascalu et al., 2018;
McNamara et al., 2017; Nikiforos, Tzanavaris, & Kermanidis, 2020; Trausan-Matu, Dascalu, &
Rebedea, 2014). Trausan-Matu et al. presented a tool that incorporates textual and gestural
interactions within collaborative groups, where LSA was used to identify topics, semantic
similarities, and links between utterances (Trausan-Matu, Dascalu, & Rebedea, 2014). Later,
Dascalu et al. presented a cohesion network analysis method to evaluate students’ participation in
CSCL conversations, utilizing basic text mining techniques such as tokenization, lemmatization,
part-of-speech tagging, and LSA and LDA-based semantic similarity scores as cohesive links used
to build a cohesion network analysis graph (Dascalu et al., 2018).
Effective facilitation is vital in CSCL environments to guide discussions such that positive
learning experiences are provided for all students. To support the facilitation process, efforts have
been made to explore the automatic detection of specific types of talk in collaborative learning. Ai
et al. (2010) presented the analysis of transactive conversation within group classroom discussions
in middle school math classrooms. They focused on exploring how cognitive conflict can benefit
the problem-solving process and investigated the use of automatic analysis of transactive
utterances using Naïve Bayes, support vector machines, and decision trees trained on a variety set
of features (e.g., lexical features, speaker information, LSA scores). The prediction results
indicated that the decision tree classifier trained on the feature set, which consists of lexical
features, utterance length, human-annotated topic change indicator (binary), and speaker
information, outperforms the other classifiers and feature combinations. (Ai et al., 2010).
At times, students’ talk can cause disruptions that impede collaborative learning processes.
Recent work investigating bullying and off-task behavior in collaborative learning environments
investigated different word embedding approaches and a wide range of classic machine learning
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and deep learning techniques (Carpenter et al., 2020; Nikiforos, Tzanavaris, & Kermanidis, 2020).
Nikiforos et al. investigated the automatic detection of aggressive behavior (i.e., bullying) within
student dialogues in two k-12 CSCL environments. They adopted unigrams as the wordrepresentation approach and investigated machine learning techniques, including Naïve Bayes
classifiers with Laplace smoothing, decision tree classifiers, and feedforward neural networks. The
prediction results indicated that deep learning-based approaches outperform other classic machine
learning approaches (Nikiforos, Tzanavaris, & Kermanidis, 2020). Carpenter et al. investigated
the use of dialogue analysis to determine if students’ messages were either on-task or off-task
during the collaborative game-based learning process. To devise a reliable off-task behavior
detection model, they investigated three different word embedding approaches (i.e. Word2Vec,
ELMo, BERT), different length of previous utterances, and two deep learning and classical
machine learning classifiers trained on a feature set which consists of various contextual
information extracted from the student chat messages. The empirical evaluations of different
modeling approaches suggest that the LSTM-based off-task behavior detection model utilizing
BERT embedding outperforms other modeling approaches. (Carpenter et al., 2020).
Approaches to detecting disruptive talk in collaborative game-based learning environments
should consider the unique characteristics of student conversation in collaborative learning
settings. In this regard, work described above inspired the features used in the proposed disruptive
talk detection model, as well as some of the baseline modeling approaches used in this work.
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CHAPTER 3
DISRUPTIVE TALK DETECTION IN COLLABORATIVE GAME-BASED LEARNING
ENVIRONMENTS
This chapter presents a high-level architecture of a collaborative game-based learning environment
that incorporates a disruptive talk detection module. Figure 3.1 provides a conceptual illustration
of how collaborative game-based learning environments can utilize disruptive talk detection
modules to help scaffold collaborative learning.

Figure 3.1. Collaborative game-based learning environments with disruptive talk detection
and adaptive intervention.

During gameplay, student text-based chat interactions and their individual and
collaborative gameplay activity are captured by the learning environment through a logging
system. For each utterance, a fixed number of previous messages and the corresponding gameplay
interaction are extracted, then feature engineering is performed on each data source. The resulting
features and student attributes acquired via pre-survey and prior knowledge assessments are used
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to induce the disruptive talk detection model. Following this process, the trained disruptive talk
detection model makes predictions of whether the current utterance is disruptive or not. Once the
system detects the disruptive talk, it can enable the adaptive intervention integrated within
collaborative game-based learning environments directly. The system also can notify the teacher
via a dashboard that the situation needs to be handled, which will also enable the adaptive
intervention mechanism with more sophisticated feedback from the teacher. Examples of adaptive
intervention can include personalized feedback and auto-facilitation.
This dissertation research presents a disruptive talk detection framework in collaborative
game-based learning environments focusing on investigating two parts: 1) the deep learning-based
disruptive talk detection modeling approach, and 2) the feature engineering for text-based chat
interaction and individual and group-level gameplay interaction capturing both cognitive and noncognitive aspects of collaborative learning. Teacher dashboard and adaptive intervention
mechanism are not included within the scope of this research.
The first part includes the model design and evaluation. The preliminary work of this
research investigated various types of word embedding approaches and machine learning
classifiers where the evaluation results indicate the promise of a deep sequential modeling
approach along with contextualized word embeddings using transformer-based pre-trained
language models for disruptive talk detection in collaborative game-based learning environments
(Park et al., 2021). To enhance the predictive performance, the advanced disruptive talk detection
modeling investigates a sequence dropout training mechanism to handle group dynamics in multiparty conversation, and a user-aware modeling approach to capture the individual and group
sequence representation.
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Feature engineering for game-based learning environments is critical to capture latent
aspects of student learning which could help machine learning model inference. The second part
of this dissertation research includes feature engineering for disruptive talk detection framework
in two levels: individual student-level and group-level. As in single player game-based learning
environments, individual gameplay actions can serve as an important feature set for detecting
disruptive talk of target student’s utterance by reflecting the student’s potential for disrupting other
group members. In addition to this, group-level features can be utilized in the collaborative gamebased learning environment. As students work together for a shared goal during the collaborative
activity, the group-level features likely reflect whether one or more group members disrupt the
students.
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CHAPTER 4
DISRUPTIVE TALK DETECTION DATA CORPORA
This chapter presents the collaborative game-based learning environment utilized in this work.
Chapter 4.1 presents ECOJOURNEYS, which focuses on middle school ecosystem learning, and the
collaborative dialogue corpus we are using. Chapter 4.2 presents study participants and procedures
from two data collections using ECOJOURNEYS. Chapter 4.3 presents the disruptive talk annotation
protocol. Chapter 4.4 presents a qualitative analysis of disruptive talk within the dialogue corpus.
4.1 ECOJOURNEYS – Collaborative Game-Based Learning Environment
ECOJOURNEYS is a collaborative game-based learning environment that has a curricular focus on
middle school ecosystem science (Figure 4.1). In this learning environment, students visit a virtual
remote island and are asked to investigate what is causing a mysterious illness with fish throughout
the island. To solve the mystery, students collaborate in groups of four within the game, where
each student works on a different laptop and meets peers in the virtual game world.

Figure 4.1. ECOJOURNEYS collaborative game-based learning environment.
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During gameplay, individual students investigate the fish illness by gathering information
and interacting with virtual characters. The virtual characters act as local experts who provide
details regarding ecosystem concepts and the unfolding narrative (e.g., “Dissolved oxygen is an
abiotic factor or non-living components that animals and plants need to live.”). After investigating
and collecting information, students gather at a virtual whiteboard within the game to share and
categorize the information they have collected into different components and discuss the most
likely cause of the fish illness. Throughout the problem-solving activity within the game, students
are encouraged to share ideas, ask questions, and negotiate with their team members via the ingame chat interface (Figure 4.2).

Figure 4.2. In-game chat interface and virtual whiteboard.
This built-in chat system is available throughout gameplay. For each group, a facilitator,
who is either a researcher or a teacher, asks questions and encourages students to share their
thoughts with other group members via the in-game chat interface. Facilitators can monitor
students’ activities and conversations using a separate in-game view and intervene to guide
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students’ learning. Facilitators can select messages from a set of pre-authored messages or provide
free-form messages using the in-game chat interface.
4.2 Dataset
The ECOJOURNEYS collaborative game-based learning environment was used in two classroombased studies. Students were either in the sixth or seventh grade (11-13 years old) and played
ECOJOURNEYS during six classroom periods (Figure 4.3).

Figure 4.3. Students playing ECOJOURNEYS.
In total, 21 groups with 84 students (4 students per group) were involved in the two studies.
From the 21 groups, this dissertation research utilizes data from 18 groups consisting of 72 students
(31 female and 41 male) who consented to the study and completed all the activities in the
collaborative game-based learning environment. There are 9,236 chat messages available in the
study dataset, with 2,440 messages from a facilitator and 6,796 messages from students. We only
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consider the students’ messages during the disruptive talk detection modeling working under the
assumption that facilitators would not produce disruptive talk. On average, students in each group
sent 382.4 messages (min = 89, max = 900, SD = 229.7).
Before and after the game, students took the same pre-test and post-test on ecosystems to
determine whether engaging in the collaborative game-based learning environment improved their
science content knowledge. The content knowledge test was refined between the two studies, so
students were provided a different set of questionnaires. Study 1 test consisted of multiple-choice
questions, open-ended questions, a performance-based question, fill in the blank questions, and
short-answer questions. The maximum possible score for the test was 42. Study 2 test consisted of
multiple-choice questions only. The maximum possible score for the test was 32. A paired t-test
comparing pre-test and post-test for both studies showed that student learning gains were
statistically significant with α = 0.5 (Table 4.1).
Table 4.1. Pre-test and post-test statistics from both studies.
Pre-test

Post-test

Mean

SD

Mean

SD

Study 1

13.36

3.92

15.64

3.54

Study 2

26.57

3.57

27.85

3.77

4.3 Disruptive Talk Annotation
This dissertation research adopted a binary annotation scheme, disruptive talk and non-disruptive
talk, adapted from previous work on disruptive talk analysis (Borge & Mercier, 2019). We labeled
student utterances as disruptive talk if they could distract the rest of the group members from
learning and could interfere with deeper learning by continually interrupting the learning activity.
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Otherwise, we labeled the utterance as non-disruptive talk. Table 4.2 shows examples of disruptive
and non-disruptive messages and each class’s definition.
Table 4.2. Example utterances of disruptive and non-disruptive talk.
Class

Definition

Example

Disruptive
Talk

Talk that distracts other students from
learning and interferes with deeper
learning by continually interrupting
the learning activity.

“I want to be right I'm gonna
correct you I am right”
“Um yea. yep, you can't work”

Normal talk that does not disrupt
group members.

“if [the fish] don’t come to the top
to breath then they are not going to
breath at all”
“It could also be in the water quality
section”

Non-Disruptive
Talk

Two human annotators labeled the students’ chat-based dialogue collected during the
study. Approximately 20% of the corpus was labeled by both annotators and an inter-rater
agreement of 0.8 was achieved using Cohen’s Kappa, indicating substantial agreement among the
annotators (Cohen, 1960). All utterances labeled differently between the two annotators were
discussed. A label was chosen for each utterance for which there was disagreement before
proceeding with labeling the remainder of the corpus. Then, the remaining utterances
(approximately 80% of the corpus) were split in half and independently labeled by the annotators
(approximately 40% each). The distribution of disruptive and non-disruptive utterances among the
dataset was determined to be 1,864 (27.4%) and 4,932 (72.6%), respectively.
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4.4 Disruptive Talk Analysis
Before we apply machine learning techniques to detect disruptive talk, we attempt to analyze the
disruptive talk in our dataset to better understand the dataset and determine which features can be
helpful for model training. We examine 1) the distribution of disruptive talk across student groups,
individuas, gender, and prior knowledge levels, 2) how each groups’ disruptive talk ratio (i.e., the
total number of disruptive messages / total number of messages) affects individual and group
learning outcomes, 3) how the facilitator (i.e., researchers or teachers) intervention ratio (i.e., total
number of facilitator messages / total number of messages) affects the amount of disruptive talk in
student groups, and 4) the distribution of words that appeared in both disruptive and non-disruptive
talk in our dataset.
4.4.1 Disruptive Talk Distributions
From the annotated data, we discovered that the variance of disruptive talk across students is
relatively high compared to the average (M = 31.59, SD = 48.97). This might indicate a small
number of groups or students were constantly sending the disruptive talk. These students could
introduce bias into the dataset, and this bias could be incorporated into the models during training,
negatively impacting their generalizability. To avoid such a situation, we analyzed how disruptive
talk is distributed across groups and individual students to determine whether to include the student
data with high frequency of disruptive talk. Table 4.3 shows the number of utterances labeled as
disruptive talk and non-disruptive talk across 18 groups.
Although the majority of groups played the game for the same amount of time, there is
considerable variability in the overall number of messages exchanged across the group. Also, when
a large amount of disruptive talk is seen, the group appeared to send a large number of messages
in general (e.g., Group 12 or Group 13). This may suggest that some groups have more talkative
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students than others. This table provides a rough understanding of how the amount of disruptive
talk varies across the groups in our dataset; however, it is crucial to also assess the ratio at which
groups engaged in disruptive talk.

Table 4.3. The number of disruptive and non-disruptive talk across 18 groups
Group ID

Number of
disruptive talk

Number of nondisruptive talk

Total

1

17

125

142

2

65

152

217

3

219

704

923

4

51

315

366

5

87

386

473

6

0

235

235

7

66

346

412

8

96

152

248

9

10

344

354

10

68

253

321

11

120

235

355

12

378

826

1204

13

280

657

937

14

0

635

635

15

239

567

806

16

23

582

605

17

47

353

400

18

98

505

603

Figure 4.4 shows the disruptive talk ratio (i.e., the ratio of disruptive talk to total messages)
across different groups. Here we can see that eight groups (Groups 2, 3, 8, 10, 11, 12, 13, and 15)
had a disruptive talk ratio over 20%, with one group, Group 8, reaching nearly 40% of total
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messages including disruptive talk. On the other hand, there exist groups with less than 5 percent
(i.e., Groups 9 and 16) or even no disruptive talk in group chat (i.e., Groups 6 and 14).

Figure 4.4. Disruptive talk ratio (The number of disruptive talk / The total number of
messages exchanged within the group) across different groups. There is no disruptive talk
present in Group 6 and Group 14.
Figure 4.5 shows the histogram of the number of disruptive talk sent by individual students.
We can see that the chart is right skewed, indicating that there is a small subset of students who
mainly sent the disruptive messages. From this data, we were able to identify 6 outliers. These
students, however, were scattered throughout five different groups, representing roughly 30
percent of entire number of groups (i.e., 18 groups) participated in our study. This might indicate
that it is not uncommon to see one or two students intentionally disrupt other student during the
collaborative activity by constantly sending disruptive talk. Therefore, it is essential to include
these outliers (i.e., students with a high frequency of disruptive talk) in disruptive talk modeling.
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Figure 4.5. Histogram of the number of disruptive talk sent by individual students.

Lastly, it is important to see that if there are any differences in gender and prior knowledge
levels. Figures 4.6 and 4.7 show the disruptive talk ratio across gender and pre-test scores based
on a tertile split (i.e., Low, Medium, High). A tertile split was adopted to create a balanced
distribution among all classes while avoiding potential data sparsity issues. The Welch’s t-test
result on gender groups shows that male students are more likely to engage in disruptive talk than
female students (p < 0.01), and students who achieved low performance on their pre-test
assessment tend to engage in more disruptive talk compared to students who achieved high
performance (p < 0.05). Although these patterns need to be further analyzed with a sufficiently
large dataset with different gender- and knowledge-level groups, it could be possible that students’
gender and prior knowledge level could serve as strong predictive features in detecting whether a
message is disruptive or not.
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Figure 4.6. Histogram of the disruptive talk ratio across gender.

Figure 4.7. Histogram of the disruptive talk ratio across pre-test score levels.
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4.4.2 Disruptive Talk and Facilitator Intervention Frequency
Figure 4.8 shows the distribution of the ratio of the facilitator’s messages over the disruptive talk
ratio of each group, which shows a strong negative correlation (r = -0.62). This indicates that an
appropriate level of facilitator intervention is needed to reduce students’ disruptive talk that could
interfere with the group learning process. This also suggests that without proper facilitation, we
would likely observe increased disruptive talk in the groups. The automatic disruptive talk
detection framework can 1) help teachers by informing them when to support students by
identifying disruptive moments, 2) assist teachers in preemptively guiding students to avoid
engaging in excessive disruptive talk, and 3) assist the system in providing students with adaptive
feedback when disruptive talk is detected.

Figure 4.8. Facilitator intervention ratio (# of facilitator’s chat messages / total # of messages)
over disruptive talk ratio (# of disruptive chat messages / total # of student messages) of each
group.
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4.4.3 Disruptive Talk and Individual/Group Learning
Figure 4.9 and Figure 4.10 show the distribution of disruptive utterances of each group over the
normalized individual and group learning gains. Figure 4.9 (Normalized individual learning gain)
and Figure 4.10 (Normalized group learning gain) show that there is no strong relationship between
the disruptive talk ratio and the individual and group learning gain (r = -0.07 and r = -0.43,
respectively). However, it should be noted that the groups had human facilitators who monitored
the chat and intervened continuously throughout the learning process. Thus, as discussed in
Chapter 4.4.2, the presence of the facilitation might have helped students from being distracted by
disruptive talk. On the other hand, this weak correlation might also suggest that in some groups,
students independently decide on what is an acceptable level of disruption and then allow those
disruptions to occur, or they agree to ignore it and focus on the assigned task, meaning that students
themselves can effectively manage disruptions.

Figure 4.9. Normalized individual learning gain over disruptive talk ratio of each group (# of
disruptive chat messages / total # of student messages).
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Figure 4.10. Normalized group learning gain over disruptive talk ratio of each group (# of
disruptive chat messages / total # of student messages).

4.4.4 Linguistic Analysis of Disruptive Talk
We analyze the distribution of words that appeared in disruptive and non-disruptive talk. Table 4.4
shows the top 15 discriminative unigrams of disruptive and non-disruptive messages, obtained
based on the word frequencies.
The set of top 15 words from the non-disruptive talk mainly contains game-related words
(e.g., “note,” “column,” “food”). This suggests that a large part of non-disruptive messages is task
related. On the other hand, the set of top 15 words in disruptive messages contains several negative
words (e.g., “boo,” “nopy”), while none of these words were used in the content of the game.
Although “chat” and “enter” are highly ranked in the disruptive category, they are seemingly nondisruptive; we observed from the dataset that students disturbed other group members by typing
“[entered chat]” constantly, which is also the message that the system generates whenever a student
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enters a message. The nicknames ranked in positions 11 and 12 of disruptive talk were observed
from the dataset where one student kept annoying another student by calling them with unwanted
nicknames. Although we rarely observed bullying-related words in our dataset, student
conversation can be detrimental depending on the students in a group. In such situations, our
disruptive talk detection model can be especially beneficial for enhancing student behavior and
group members’ learning experience.

Table 4.4. Top frequent words from disruptive and non-disruptive talk.
Rank

Disruptive Talk

Non-Disruptive Talk

1

“chat”

“note”

2

“enter”

“think”

3

“name”

“water”

4

“like”

“yes”

5

“boo”

“need”

6

“brother”

“column”

7

“nopy”

“food”

8

“yes”

“okay”

9

“nope”

“space”

10

“do”

“air”

11

Nickname1

“one”

12

Nickname2

“let”

13

“exit”

“fish”

14

“beep”

“say”

15

“exit”

“know”

34
CHAPTER 5
DISRUPTIVE TALK DETECTION MODELING
In the preliminary work, we investigated a disruptive talk detection framework for collaborative
game-based learning that automatically detects disruptive talk during in-game text-based group
conversations. The effectiveness of the model was evaluated with a dialogue dataset collected from
students’ interactions with ECOJOURNEYS. We investigate three classification models (i.e., Naïve
Bayes, GRUs, and LSTMs) utilizing a range of dialogue-based linguistic representations and
student attributes.
5.1 Feature Extraction
The disruptive talk detection framework in the preliminary work utilizes the linguistic features
from student utterances and student attributes (i.e., gender and prior knowledge level) to determine
how those features collectively contribute to prediction performance.
First, we conducted a text cleaning pass as we observed from the data that a large portion
of middle school students’ chat messages, especially the disruptive messages, are informal (e.g.,
slang, abbreviations). Table 5.1 shows the list of text cleaning approaches with examples. We
expect these text cleaning approaches can prevent losing the meaning of utterances, thus they may
be able to improve the disruptive talk detection. Following the text cleaning pass, we processed
the cleaned students’ utterances with NLTK to tokenize utterances, remove stop words, perform
lemmatization, and remove white space and punctuation (Bird, Klein, & Loper, 2009).
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Table 5.1. Text cleaning approaches
Text Cleaning Approach

Example

Cleaned

Removed lengthening words1

“Helllllllo”

“Hello”

Replaced slang2

“dis”, “k”

“This”, “Ok”

Spelling correction3

“who dat”,
“Srry”

“Who that?”, “Sorry

Replaced abbreviated words

“don’t”, “can’t”

“do not”, “cannot”

Replaced emojis4

“:-)”

“Happy”

Next, we transform the tokenized chat message into a vector representation. We investigated
three commonly used representations:
1. Bag-of-Words, which only considers the occurrence of words in the message.
2. Static word embedding, which maps each word to a fixed, distributed vector representation.
3. Contextualized word embedding, which maps each word to a distributed vector
representation that dynamically changes depending on the context.
First, the Bag-of-Words approach creates a word dictionary containing words that are used in
the training corpus only. Then each tokenized message is converted to a vector with the dimension
of the number of words in the dictionary plus one additional dimension, representing the
“unknown” word, which covers all words that are not present in the training dataset. This addresses
the out-of-vocabulary issue that can emerge during the testing phase. The vector for the Bag-of-

1

http://sentiment.christopherpotts.net/lexicons.html

2

https://www.computerhope.com/jargon/c/chatslan.htm

3

https://github.com/Azd325/gingerit

4

https://pc.net/emoticons/
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Words approach only contains zero or a positive number indicating how many times the specific
word appears in the message. The number of distinct words across folds in our cross-validation
evaluation ranges from 1,546 to 1,557.
Second, we adopt Word2Vec as our static word embedding method, which uses neural
network models to represent words in a continuous vector space where semantically similar words
are mapped to nearby points (Mikolov et al., 2013). We employed a word embedding set that was
trained with the Google news dataset, which consists of over 100 billion words, and each word is
represented in 300-dimensional latent features (Mikolov et al., 2013). For the sentence embedding
of each chat message in our work, we averaged the embedding of all words in a sentence.
Third, we adopt a state-of-the art contextualized word-embedding approach, Bidirectional
Encoder Representations from Transformers (BERT) (Devlin et al., 2018), which utilizes masked
language models with a self-attention mechanism to pre-train deep bidirectional representations
from unlabeled text by jointly conditioning on both left and right context of input sentences
through multiple layers. Pre-trained BERT or fine-tuned BERT models have been used in a wide
range of NLP tasks, including text classification and question answering, where they achieved
state-of-the-art performance over other contextualized embeddings, such as ELMo and GPT
(Devlin et al., 2018; Ethayarajh, 2019).
We adopted a pre-trained BERT model, DistilBERT, a distilled version of BERT, that is a
small, fast, cheap, and light Transformer model (Sanh et al., 2020). DistilBERT consists of 6 layers
in the encoder with 40% fewer parameters than the BERT-base model and outputs 768dimensional vectors for each word. We utilized the DistilBERT model that was trained on the
Wikipedia dataset. For the sentence embedding of each chat message in our work, we used an
output vector of the very first token (i.e., [CLS]), which is a special token inserted in front of the
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input sentence in the BERT architecture, rather than taking the average of the output embeddings
of all the sentence words, since it effectively represents the essence of the input sentence and thus
has been often used for BERT-based classification tasks (Devlin et al., 2018). We used the pretrained BERT model without a fine-tuning process to ensure a fair comparison to the competitive
methods based on Bag-of-Words and Word2Vec with respect to the representational capacity and
impact on the performance of disruptive talk prediction.
Furthermore, we use additional linguistic features for the chat messages inspired by prior
work in off-task behavior prediction (Carpenter et al., 2020). First, we include the number of
characters in the original chat message. We observed from the dataset that the disruptive messages
tend to be shorter than the non-disruptive messages since students often try to annoy other team
members by sending multiple short messages. Second, we include the Jaccard similarity
(Niwattanakul et al., 2013) between the chat message and the game’s text content (e.g., virtual
character dialogue, narration) to capture content similarity, since the messages that contain the
same words as the game content are more likely to be non-disruptive. Third, we include the
sentiment of the chat message. The sentiment of messages can serve as a predictor for the
disruptive talk detection model since negative sentiment messages are more likely to be disruptive
than positive messages. For measuring sentiment, we used a valence-aware dictionary of sentiment
reasoning (VADER) model (Hutto and Gilbert 2014) included in NLTK. We conjectured that these
additional linguistic features might provide additional evidence for the disruptive talk detection
models. Also, we examined two additional features, students’ gender, and their ecosystems pretest score. These features were chosen since previous studies suggested that gender and prior
knowledge level can influence students’ negative behavior patterns in CSCL environments
(Guiller and Durndell, 2007; Malmberg et al., 2015; Tomai et al., 2014). Lastly, because disruptive
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talk is judged by the annotators considering a series of chat messages from the group, rather than
a single message, we pre-process the data so that each data point retains the contextual information
containing the history of previous messages from the group communication.
5.2 Modeling Disruptive Talk Detection
To identify the best performing model for detecting disruptive talk within collaborative gamebased learning, we compare the models by varying the followings components:
1. Linguistic representations of utterances: Bag-of-Words, Word2Vec, and BERT.
2. Machine learning algorithms for classification: long short-term memory (LSTM) networks,
gated recurrent unit (GRU) networks, Naïve Bayes classifiers.
3. The number of previous messages in the history utilized as context for classifying the
current message: 5, 10, 15, or 20.
The linguistic features introduced in the previous chapter (i.e., the number of characters, the
content similarity, and the sentiment), and gender and pre-test features are used consistently for all
models. Figure 5.1 shows our framework using a context length of 5. LSTMs are a variant of
recurrent neural networks (RNNs) designed to capture long-term sequential patterns by
overcoming conventional RNNs’ vanishing and exploding gradient problems (Hochreiter and
Schmidhuber, 1997). LSTM-based approaches have been introduced in a variety of computational
sequence-labeling tasks, including speech recognition and machine translation, where LSTMbased approaches have shown state-of-the-art performance (Schmidhuber, 2015; Yu et al., 2019).
As we described above, disruptive talk is highly dependent on the context messages that
dynamically changes across time. Thus, we hypothesize that LSTM-based models will achieve
higher performance than classical approaches by capturing the latent sequential patterns embedded
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in the series of chat messages. We set the number of hidden units to 64, batch size to 32, and the
number of epochs to 20 while using early stopping with a patience of 5 to avoid overfitting.

Figure 5.1. Illustrated LSTM-based disruptive talk detection model with a context length of 5.
(A) In order to classify whether the target utterance is disruptive or not, the previous 5 utterances
are added sequentially to each LSTM cell. (B) Input vector of each LSTM cell consists of six
parts; 1) Chat embedding: each pre-processed chat message is converted to a vector
representation based on the word representation choice (i.e., Bag-of-Words, Word2Vec, BERT),
2) Jaccard similarity between the original chat message and the game text content, 3) Original
chat message length, 4) One-hot encoded sentiment of the chat message (Positive, Neutral,
Negative), 5) One-hot encoded gender with an additional feature for the facilitator, and 6) Onehot encoded Pre-test score based on a tertile split.
5.3 Model Evaluation
We evaluate the performance of the disruptive talk detection models using the area under the
receiver operating characteristic curve (AUC). AUC is one of the commonly used evaluation
metrics for binary classification problems in machine learning, which represents the classification
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model’s ability to separate between classes. The ROC curve shows the trade-off between true
positive rate (TPR, or Recall) and false positive rate when varying the threshold values. An AUC
of 1 indicates the classifier can perfectly discriminate between two classes, and 0.5 indicates the
classifier cannot discriminate between two classes. We use AUC as our primary evaluation metric.
We also evaluate the performance of the models using the area under the precision recall
curve (PR-AUC) since AUC can give over-optimistic scores when the number of positive and
negative classes are not balanced (Davis and Goadrich, 2006; Saito and Rehmsmeier, 2015) and if
classifying positive class is more important than the negative class. the ROC curve, the PR curve
shows trade-off between precision (y-axis) and recall (x-axis) for different threshold values. It
should be noted that when evaluating models based on the PR-AUC, it is essential to compare the
performance with the PR-AUC of a no-skill model (i.e., Dummy classifier), as the baseline
performance varies a lot depending on the task and the data distribution.
Despite the imbalanced nature of our data corpora, we place greater emphasis on AUC
because it is equally important to detect the positive class (Disruptive) and negative class (NonDisruptive). We would want to accurately detect the disruptive talk, but at the same time, we would
not want to intervene based on a false positive decision. Given that the purpose of the model is to
assist collaborative learning activity in general, we would expect the model to accurately identify
both disruptive talk and non-disruptive talk, both of which are of equal importance.
For baseline classifiers, we adopted another popular deep sequential model, gated recurrent
units (GRU), and a widely used classical machine learning model, Naïve Bayes classifiers which
have been successfully used in prior text classification work (Frank and Bouckaert, 2006; Raschka,
2014; Xu, 2018). For the Naïve Bayes models, all input utterances are concatenated. The model’s
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performance is compared for three dimensions; classifier type, word embedding approach, and
length of previous utterances considered.
We apply stratified group level 10-fold cross-validation to avoid data leakage between
training and testing data and retain the class distribution across folds. For each fold, we split the
training data into a training and validation set to perform the early stopping based on the validation
set. The distribution and the size of the validation set is the same as the test set. The data split
technique was applied after processing each data point to be a set of messages containing selected
context length (i.e., 5, 10, 15, 20) of previous utterances. For the performance comparison, we
report the average AUC and the average PR-AUC of 10 folds. These settings were consistent
across different modeling techniques and word representation approaches. Finally, for statistical
comparisons of models, we adopt the Friedman test, which is the non-parametric statistical test for
multiple machine learning classifiers over multiple data sets, with a post-hoc analysis with the
Wilcoxon signed rank test, as the AUC and PR-AUC values of 10 folds do not necessarily follow
the normal distributions (Demšar, 2006).
5.4 Results and Discussion
Table 5.2 shows the results of all different modeling combinations for detecting disruptive talk.
Each AUC and PR-AUC value is the average number of the 10-fold cross-validation results.
In terms of AUC, deep sequential model-based approaches (i.e., LSTM and GRU)
significantly outperform Naïve Bayes models, suggesting that it is important for the model to know
the sequential relationship between the input utterances rather than considering all utterances
simultaneously. However, within the deep sequential modeling approaches, there are no significant
differences between LSTM-based and GRU-based disruptive talk detection models, which
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suggests that both approaches can effectively model the long-term dependency in the sequence of
chat messages in our task (Figure 5.2).

Table 5.2. Prediction results of disruptive talk detection models across language representations
(Bag-of-Words, Word2Vec, and BERT), context window lengths (5, 10, 15, 20), and classifiers
(LSTM, GRU, and Naïve Bayes (NB)). The best performance of each classifier and evaluation
metric is marked in bold, and the best performance across the modeling approaches marked in *.
Context
Model
No Skill
(Baseline)

Input

Length

N/A

BERT

LSTM

Word2Vec

Bag-ofWords

BERT
GRU
Word2Vec

AUC

PR-AUC

N/A

0.5000

0.2466

5

0.8360

0.5479

10

0.8321

0.5504*

15

0.8270

0.5425

20

0.8363*

0.5440

5

0.7728

0.4320

10

0.7620

0.4258

15

0.7573

0.4257

20

0.7535

0.4130

5

0.7883

0.4489

10

0.7733

0.4394

15

0.7784

0.4334

20

0.7701

0.4556

5

0.8342

0.5162

10

0.8299

0.5280

15

0.8323

0.5413

20

0.8328

0.5331

5

0.7736

0.4321

10

0.7608

0.4278

15

0.7632

0.4248

20

0.7637

0.4399
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Table 5.2 (continued).

GRU

Bag-of-words

BERT

NB

Word2Vec

Bag-ofWords

5

0.7795

0.4466

10

0.7767

0.4442

15

0.7634

0.4234

20

0.7699

0.4533

5

0.6658

0.5081

10

0.6436

0.4792

15

0.6288

0.4612

20

0.6138

0.4433

5

0.5775

0.5141

10

0.5372

0.4482

15

0.5367

0.3563

20

0.5426

0.3701

5

0.5532

0.3901

10

0.5568

0.4462

15

0.5425

0.5126

20

0.5352

0.5112

Figure 5.2. Best-performing model for each classifier, achieved by all BERT-based models.
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With respect to the AUC performance across the different word embedding approaches,
models utilizing BERT significantly outperform other models using Word2Vec and Bag-of-Words
word embedding approaches. These results suggest that considering the meaning of words that can
vary in different contexts is helpful to predict disruptive talk, and it holds more information than
just counting the word that appears in a sentence (Figure 5.3).

Figure 5.3. Best-performing model for each word-embeddings, achieved by all LSTM-based
models.
With respect to the number of previous chat messages (i.e., context), it is clear with Naïve
Bayes classifier that models with a shorter message sequence lengths (i.e., 5, 10 previous chat
messages) achieved better predictive results than the ones with the longer message sequence length
(i.e., 15, 20 previous chat messages). This could be due to our approach of concatenating all
previous messages for the Naïve Bayes classifier input, which significantly increases the number
of input vector dimensions for the longer message sequence length models compared to the shorter
message sequence length models. The best AUC was achieved by the model using LSTM, BERT
contextualized word embedding and a context length of 20. However, the result distribution of 10fold cross-validation in Figure 5.4 shows that models utilizing the different lengths of previous
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utterances perform similarly to each other. Thus, there is no apparent aspect of whether knowing
the shorter history is better for disruptive talk detection, or vice-versa.

Figure 5.4. Best-performing model for different context lengths of LSTM and BERT-based
models.
As expected, the statistical significance test with Friedman test for the four LSTM and
BERT-based models showed no significant difference between the model performances. This
demonstrates that there is no consistent aspect of context lengths; sometimes longer and consistent
disruptive messages from the multiple group members help detect the disruptive talk, but in other
times, the longer sequence consists of multiple conversation threads (e.g., one thread includes the
disruptive talk, the other thread includes content or task-related discussion) could delude the
models’ inference of utilizing information from all messages. One key part of the advanced
modeling is inspired by this result, which aims to handle the issues present in multi-party
conversations.
In terms of PR-AUC, disruptive talk detection using all modeling approaches significantly
enhanced the no-skill PR-AUC performance, which demonstrates the effectiveness of the proposed
disruptive talk detection framework, regardless of the classifier types. Like the AUC results, deep

46
sequential-based models utilizing BERT significantly outperform the models using Naïve Bayes
classifiers or other word embedding approaches, and there are no statistically significant
differences between models using different lengths of previous utterances (Figures 5.5 – 5.7).

Figure 5.5. Best-performing model for each classifier, achieved by all BERT-based models.

Figure 5.6. Best-performing model for each word-embeddings, achieved by all LSTM-based
models.
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Figure 5.7. Best-performing model for different context lengths of LSTM and BERT-based
models.
5.5 Summary
Analysis results on a dialogue corpus obtained from 72 middle-grade students’ chat data in a
collaborative game-based learning environment suggest that male students and students with low
pre-test scores are likely to engage in disruptive talk more often during the learning process.
Furthermore, the negative correlation between the facilitator intervention and the disruptive talk
ratio indicates the proper intervention could be helpful in reducing disruptive talk among groups.
The weak correlation between the disruptive talk and learning outcomes, which might have
stemmed from either facilitators or students’ abilities to manage the disruptive situations, suggests
a second use case for disruptive talk models, encouraging students to discuss with group members
to manage disruptions. The findings on the automatic disruptive talk detection models indicate that
deep sequential modeling-based disruptive talk detection reliably predicts disruptive talk,
suggesting that they offer the potential for analyzing and supporting effective collaborative
learning.
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CHAPTER 6
IMPROVING DISRUPTIVE TALK DETECTION MODELING
This chapter discusses ways to enhance the performance of the disruptive talk detection model.
We investigate feature extension using students’ individual- and group-level game interaction, as
well as the adoption of advanced deep learning-based modeling approaches capable of handling
the unique characteristics inherent in multi-party dialogues. All modeling approaches are
compared with the best-performing baseline model from the preliminary work described in
Chapter 5.
6.1 Game-Interaction Feature Extension
Richer game interaction information is expected to improve the performance of the disruptive talk
detection model given that preliminary work has shown that a deep sequential model applied to
student text-based group conversation holds promise for detecting disruptive talk. We anticipate
that an extended feature set that makes use of student game interaction will bring additional
information that can assist model inference. The feature investigation is performed in two different
levels: the first level is the individual student level, and its purpose is to capture the individual
game interaction associated with the student who issued the target utterance; the second level is
the group level, and its purpose is to capture the collaborative aspects of the game interaction.
During the collaborative activity, students work together toward a common goal. Because of this,
it is likely that the features at the group level will reflect whether one or more group members
disrupt the other students.
For individual student level game interaction, in-game actions were extracted from the
trace log data. Table 6.1. shows the 21 available actions in ECOJOURNEYS. Research on student
modeling in game-based learning environments often makes use of actions, with the assumption
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that they can properly reflect the various types of actions that students are engaged in while playing
the game (Baikadi et al., 2016; Min et al., 2016). We extract the number of action types that
occurred between utterances, in contrast to previous works, which frequently used the sequence of
player actions towards a goal in a game-based learning environment. Thus, we will be able to entail
some situations that have the potential to reflect the disruptive nature of the students. It is possible
for a disruptive student to repeatedly click on random things within a short period of time (i.e.,
between utterances), which may indicate that the student is having trouble focusing on the desired
learning material presented in the game. In order to accurately take into account the volume of
each action, we added these actions using a count vector.

Table 6.1. Actions available in ECOJOURNEYS.
Started

Spoke To

Changed Column

Disconnected From

Moved To

Moved

Connected To

Ended

Voted

Received Chat Message

Activated

Submitted

Opened

Moved From

Deleted

Sent Chat Message

Changed State Of

Revealed

Closed

Created

Selected

In addition, game scenes were extracted in order to determine when specific utterances
were created and in which phase of the game they were created. Constant messages are more likely
to be disruptive if they are sent during the individual investigation phase, which is when students
are supposed to interact with NPCs in the game, unless they need some advice from other group
members or the facilitator. It is possible that students could send messages to ask for help with any
problem they encounter during the investigation phase, but we observed from the data analysis
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phase that such utterances were not frequently sent. There are a total of 34 unique game scenes
available in ECOJOURNEYS. Initially, we tried utilizing a one-hot vector with all available game
scenes (i.e., Dimension = 34), but this strategy did not result in a significant performance
improvement. It is possible that this happened because, from the model’s perspective, similar types
of game scenes are treated as completely unique scenes, resulting in sparsity. Thus, we did not use
the full list of the game scenes; rather, we grouped the game scenes into five distinct categories
according to the types of actions students are engaged in (e.g., investigation, collaborative
discussions, etc.) and the function of the game scenes.
Table 6.2. contains a complete list of game scenes and their associated categories. A onehot encoded vector representations with a length of five (i.e., The number of scene categories) are
utilized in the process of adding scene features. This individual game interaction feature set is
added to the vector representation of each utterance as shown in Figure 6.1.

Table 6.2. Game scenes and associated categories.
Category
Game phase

Scenes
Lobby, Start, Introduction, Small Talk, Problem Introduction,
End

Lab

Cyan Lab, DO Lab, Maria Lab, Water Lab, Decomposers Lab

Collaboration

Brainstorming Board 1, Brainstorming Board 2,

phase
Investigation
CollaborationWaiting

Brainstorming Board 3
Hatchery Inside (5 Types), Hatchery Outside (5 Types),
FlorFarm, Aerator
College Hallway, College Outside (4 Types), Whiteboard
Finished, Whiteboard Waiting, Collaboration Conference Room
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For group-level features, we take each group’s equity levels (i.e., equal contribution level),
time duration, and volume of the talk from the target student (i.e., the number of messages from
the target student within the time window).
In a collaborative learning setting, it is ideal for there to be equal participation and equal
opportunity for everyone involved in order to ensure that every participant gets the most out of the
collaborative learning experience. Efforts have been made to design for equitable participation in
collaborative game-based learning environments including rules for participation (Housh et al.,
2021). Therefore, including the equity level could provide information about whether students are
participating equally in given activities, such as the chat in this particular case. We measure the
group’s equity level using the variance among the number of utterances from each student. If the
conversation is not equally distributed among the group members, it is likely some students are
dominating the conversation and potentially interfering with other students’ learning opportunities.
The equity level (variance) values are normalized before they are added to the disruptive talk
detection model.
The same assumption (i.e., if a student dominates the conversation, he or she is likely
annoying other students), is applied to the volume of the target student’s talk within the utterance
window; if the target student dominates the conversation (i.e., the volume of the talk is high), it is
likely that the student disrupts other students, rather than allowing other students to participate in
the conversation. Lastly, because shorter time spent by students in creating messages could mean
that the messages are meaningless and thus potentially disruptive to other group members, we
extract the time duration (seconds) of the message sequence using the logged time stamps in the
trace log data. Like the equity level, the volume of the talk and the time duration are also
normalized before being added to the model.
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In contrast to the individual-level game interaction features, the group-level features are
added in a distinct step and only once, in conjunction with a trainable dense layer. The disruptive
talk detection model then can be trained on two separate networks, LSTMs using the sequence of
individual-level features consisting of sentence embedding, linguistic features, student gender and
student pre-test score, and individual-level game interaction features, and a 1-layer Neural
Network using the combined group-level game interaction features. After that, the output
representations from both networks are combined in order to make the final disruptive talk
prediction. Figure 6.1 shows the disruptive talk detection framework with the game interaction
feature extension.

Figure 6.1. Disruptive talk detection framework with game interaction feature extension. The
individual-level features are added at each time stamp, while the group-level features are
added only once in a separate network.
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Finally, because some important aspects of disruptive messages could have been discarded
during our text cleaning phase in preliminary work, we investigated two additional linguistic
features that could be helpful for disruptive talk detection; 1) whether an utterance consists of all
capital letters (e.g., “WHAT ARE YOU TALKING ABOUT?”), and 2) whether an utterance
consists of lengthening word (e.g., “Whyyyyyyyy”). For example, the use of all capital letters in a
message often evoke anger and can invoke annoyance from other students if they are sent
repeatedly on purpose. Constantly elongating words in a message could also irritate other students
because it would consume a large space in a chat interface. Even though these features need to be
cleaned up before applying pre-trained word embeddings, which are typically trained on formal
words, knowing these aspects could help the disruptive talk detection model make an inference on
the utterance. Figure 6.2. shows the illustration of how these extended linguistic features are added.

Figure 6.2. Disruptive talk detection framework with linguistic feature. Extended linguistic
features include 1) whether the utterance is all capital, and 2) whether the utterance contains
elongated words.
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The performance of the models with extended game interaction features and linguistic
features are examined individually to determine the contribution of each feature set. We set the
baseline model as the model with the best performance from our preliminary work, which utilized
LSTM, BERT contextualized word embeddings, and 20 context length. As a reminder, the training
for this model was done on data that included text-based chat interaction between students, student
gender, and prior knowledge level. All of the modeling approaches discussed in this chapter keep
the same features and modeling components. We adopt the same evaluation metrics, AUC and PRAUC, and statistical significance test (i.e., Wilcoxon Signed Rank Test) as used in our preliminary
work.

Table 6.3. Disruptive talk prediction results with feature extension. The best performance of
each evaluation metric is marked in bold, and * indicates a statistically significant difference
compared to the baseline.
Model

AUC

PR-AUC

Baseline

0.8297

0.5426

Linguistic

0.8325

0.5426

Game Interaction

0.8449*

0.5532

Table 6.3. shows the average AUC and PR-AUC values of 10 folds. With respect to AUC,
the model with both the linguistic feature addition and the model with the game interaction feature
addition both outperform the baseline approach. The model utilizing game interaction features
performs the best, with a statistically significant performance enhancement (p < 0.05). The
distribution of 10-fold cross-validation results in Figure 6.3. shows the clear enhancement
observed with the game interaction feature extension. With respect to PR-AUC, the linguistic
feature addition does not bring a performance enhancement, while the game interaction feature
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extension model outperforms the baseline. The weaker results from the linguistic feature extension
could indicate that further experiments would be required to verify the effectiveness of the feature
addition, or there could be some dimensional bias toward the 768-dimensional sentence embedding
compared to the 2-dimensional additional linguistic features.

Figure 6.3. AUC distributions of feature extended and baseline models.

Figure 6.4. PR-AUC distributions of feature extended and baseline models.
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The performance enhancement from the extended game interaction features suggests that
incorporating the in-game activities of students, in addition to the in-game locations where those
activities were performed, is helpful to determine whether students are potentially engaged in
disruptive talk in collaborative game-based learning environments. These results were expected
because there can be multiple lines of trace log data between utterances, thus using only chat data
and associated linguistic features was not sufficient, even though our task was to identify disruptive
talk from the chat interaction. With all these game interaction features, we could say that this model
is capable of predicting disruptive behavior, going beyond just predicting disruptive talk.
6.2 Sequence Dropout Training Mechanism
From the preliminary work using student text-based chat interaction, we were able to determine
that varying the history message length does not affect the performance of the disruptive talk
detection model. It is possible that this is because of the differences in the conversational dynamics
among the various student groups. In contrast to dyad conversations, group conversations may
include multiple conversation threads, which could make it challenging for the model to learn
consistent and generalized aspects coming from the variations in the length of the chat history. In
order to address this problem, we adopt a sequence dropout approach, which is one of the discourse
perturbation methods described by Koupaee et al., 2021. This method is applied to the sequence
inputs so that the model is able to learn different representations from the same context messages
at each epoch as part of an approach to model regularization. For the given group sequence, the
model randomly drops utterances with a sequence dropout rate of r, ranging from 0 to 0.5, with
the exception of the target utterance. This sequence dropout rate can either be fixed or it can be
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chosen at random from a normal distribution. Figure 6.5 illustrates how the sequence dropout
approach is applied throughout the training process.

Figure 6.5. The sequence dropout training approach with a fixed rate of r. For the same
training input sequence, the model drops r times the total number of inputs randomly. If r is
chosen at random, different numbers of inputs will be removed every epoch.

We believe that the disruptive talk detection model will be able to learn generalized patterns
by observing the same context message sequence from multiple dimensions. It is anticipated that
the sequence dropout approach will help the model avoid any potential overfitting that could occur
from noisy chat sequences from multiple participants. It should be noted that the sequence dropout
mechanism described here is different from the dropout technique that is typically used for
recurrent neural networks, which involves dropping hidden units for the linear transformation of
the inputs or the recurrent state, where as the sequence dropout mechanism drops the entire input
at random time stamps. The sequence dropout is only applied during the training phase to achieve
effective training through model regularization.
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Table 6.4 shows the performance of the sequence dropout-based regularization approach
across different sequence dropout rates and random choice, compared to the baseline modeling
approach. Because dropping utterances is a random process, we ran each model five times, then
took the average of the values from five runs for each fold. Finally, we averaged the averaged 10fold values for the model comparison (Table 6.4). Again, the baseline model is the best-performing
disruptive talk detection model from the preliminary work; we did not run this model five times
as the results would be the same without the sequence dropout approach.

Table 6.4 Sequence dropout models across different dropout rates (r). The best performance of
each evaluation metric is marked in bold, and * indicates a statistically significant difference
compared to the baseline with a= 0.05.
Sequence Dropout Rate (r)

AUC

PR-AUC

Baseline (r = 0)

0.8292

0.5504

Random (0, 0.5)

0.8557*

0.5649

0.1

0.8413

0.5492

0.2

0.8426

0.5466

0.3

0.8507*

0.5517

0.4

0.8543*

0.5494

0.5

0.8498*

0.5526

In terms of AUC, every model that utilized a sequence dropout rate which was not fixed at
zero (fixing the dropout rate at zero is equivalent to the baseline model) outperformed the baseline
model. When tested with the Wilcoxon signed rank test, all modeling approaches except for the
models where r = 0.1 or 0.2 showed statistically significant differences when compared to the
baseline model (p < 0.05). The best performance was achieved by the model with random r.

59
Among the sequence dropout models, there were no significant differences in the performances,
except for the models using r=0.1 or 0.2. These results might suggest that learning patterns from
different sequence combinations was helpful for the disruptive talk detection model. However,
dropping too few utterances (i.e., 10%-20%) is unlikely to meaningfully enhance performance. In
terms of PR-AUC, the model with random r demonstrated improved performance compared to the
other competitive modeling approaches, although the difference is not statistically significant
when compared to the baseline (p=0.161). This can also be seen in the distributions of the results
of the 10-fold cross validation for both evaluation metrics, where there are more obvious
differences in comparison to the baseline AUC than PR-AUC (Figure 6.6 and Figure 6.7).

Figure 6.6. AUC distributions of the sequence dropout training approach with a fixed
sequence dropout rate (r) from 0.1 to 0.5, and a random r from a normal distribution.
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Figure 6.7. PR-AUC distributions of sequence dropout training approach with a fixed
sequence dropout rate (r) from 0.1 to 0.5, and a random r from a normal distribution.
Lastly, we discovered from our repeated experiments (i.e., 5 executions) for all models
using sequence dropout during training that the coefficients of variation (i.e., standard deviation /
mean) of all sequence dropout approaches are less than 1, which indicates that there is a low
amount of variance between the values. This may imply that that the models were reliably trained
despite the randomness that resulted from dropping a different set of utterances from dialogue
sequences in each run.
The performance enhancement with the sequence dropout training mechanism suggests
that the conversation sequences may have contained noise due to the presence of multiple
conversation threads, and that the model had some trouble determining how to extract the essential
parts of the conversation sequences that could help with disruptive talk prediction. It is possible
that the model was given the opportunity to learn multiple combinations of utterances from the
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same sequence as a result of the random dropping of a different subset of sequences at each training
epoch. It is possible that this would have had the same effect as including additional training data,
which is known to be effective for training machine learning models in a variety of tasks. In
addition, the model with the random sequence dropout rate produced the best performing results,
and this could indicate that it is important to not only randomly drop the sub-sequences, but also
vary the length of the chat sequences during the same training, which could add more effect. This,
again, could have brought the effect of introducing additional training data.
We observed that the sequence dropout approach had a greater effect on performance than
the game interaction feature addition described in chapter 6.1. This might indicate that dealing
with the modeling or training approach could be more effective than introducing additional
features, or it could suggest that the baseline model suffered more from the noise in chat sequences
due to multiple participants than the lack of information for the disruptive talk prediction task.
6.3 Attention-Based User-Aware Network
In our preliminary work, we included the student gender and pre-test scores at each timestamp;
however, due to dimensional bias, it is possible that these factors may not effectively represent the
characteristics of the utterances produced by different students in the group. When it comes to
predicting disruptive talk based on the current message and sequence of previous utterances, we
hypothesize that separate modeling of the characteristics of target user-specific utterances, as
opposed to utilizing messages from all group members equally without differentiating which
message is from which participant, could bring improved predictive performance.
In the beginning stages of the effort to address this problem, we attempted to add speaker
identification into the baseline model as an additional feature in the hope that this would assist the
disruptive talk detection model in remembering which utterance is from which student in a group.
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This would allow the model to be trained based on the characteristics of each user over time.
Unfortunately, this strategy did not result in any noticeable differences in model performance. This
may have been caused by the dimensional bias toward the other available features, or it may be
that the model does not actually require the accumulated information from students who are not
the target user in order to perform disruptive talk prediction for the target utterance.
Instead, we propose a user-aware network that incorporates a target user-specific network
that embeds the utterance histories of the target user as well as a separate network for modeling
group-level utterances. Together, these two networks make up the user-aware network for our
disruptive talk detection task. We also apply the attention mechanism adapted from Bahdanau et
al., (2014) to this output user representation and the hidden states of each time stamp in order to
give weights to the group sequence output based on the user characteristics. This is done so that
the output is more relevant to the target user. Figure 6.8 shows a visual representation of this

Figure 6.8. Illustration of the attention-based user-aware network. This figure illustrates what
happens when the target message is from user 2.
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attention-based user-aware network. The game interaction features and the sequence dropout
approach are not applied in this model.
Let 𝑚!" refer to the word embedding features of the 𝑗#$ message from user 𝑖 from n
number of group utterance histories, 𝐺𝑟𝑜𝑢𝑝%&' , including the current one.
𝐺𝑟𝑜𝑢𝑝%&' = *𝑚(( , 𝑚() , 𝑚() , 𝑚)) , 𝑚(* , ⋯ , 𝑚"! -

!+(,⋯,.

!
From this group sequence, we have a user sequence 𝑈𝑠𝑒𝑟/&'
that only includes the utterances from

the user i.
!
𝑈𝑠𝑒𝑟/&'
= {𝑚(! , 𝑚)! , ⋯ , 𝑚"! }
!
The user network takes the utterance sequence, 𝑈𝑠𝑒𝑟/&'
, from the target-user only, then outputs a
!
user embedding, 𝑈𝑠𝑒𝑟&01
.
!
!
𝑈𝑠𝑒𝑟&01
= 𝐿𝑆𝑇𝑀8𝑈𝑠𝑒𝑟/&'
9

We can get the attention score (𝛼# ) between the user embedding and the hidden state at each LSTM
time stamp of the group sequence.
!
𝛼# = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑈𝑠𝑒𝑟&01
⋅ ℎ# )#+(…3

Using this attention score, we can get the user-aware group sequence embedding.
3

𝐺𝑟𝑜𝑢𝑝&01 = C 𝛼# ∗ ℎ#
#+(

Finally, we get the output probability by using a sigmoid function that takes as input an embedding
of User i and Group embedding via concatenation, then determines if the last utterance (e.g., 𝑚)"
in Figure 6.8) given to the model is an instance of disruptive talk with a threshold value of 0.5.
!
𝑂 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊4 ∗ (𝑈𝑠𝑒𝑟&01
+ 𝐺𝑟𝑜𝑢𝑝&01 ))
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We anticipate that this attention-based user-aware approach will help the model's inference on the
target utterance by supplying specific information about the target student characteristics
embedded by the user-specific network, while simultaneously attending to the related utterances
from the group sequence. This should help the disruptive talk detection model draw more accurate
conclusions about the target utterance. The user-specific network will be used to accomplish this
goal by providing specific information about the target student characteristics embedded within
the network.
Table 6.5 shows evaluation results of the baseline model and the attention-based useraware network for disruptive talk detection. Our attention-based user-aware modeling approach
significantly outperformed the baseline modeling approach with respect to AUC (p = 0.053) with
an alpha of 0.1, while it also brings improvement in terms of PR-AUC (p = 0.278). The resulting
distributions of 10-fold cross validation are shown in Figure 6.9 and 6.10, and they demonstrate
that the attention-based user-aware network performs noticeably better in AUC, despite showing
less clear performance differences with respect to PR-AUC. These results may suggest that adding
a network targeting user characteristics to an existing network through modeling group-level
utterances helps improve predictive performance of disruptive talk detection.
Table 6.5 Results for the attention-based user-aware network (User-Aware). The best
performance of each evaluation metric is marked in bold, and * indicates a statistically
significant difference compared to the baseline with a= 0.1.
Model

AUC

PR-AUC

Baseline

0.8292

0.5504

User-Aware

0.8480*

0.5691
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Figure 6.9. AUC distribution of the attention-based user-aware network (User-Aware)
compared to the baseline approach

Figure 6.10. PR-AUC distribution of the attention-based user-aware (User-Aware) network
compared to the baseline approach.
The performance enhancement from the user-aware approach suggests that having the userspecific network was helpful for the model to identify whether the target utterance is disruptive or
not. This might be because the user-specific network focuses on how the messages of target
students have been developed without being affected by other student messages. The model
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obtains a clearer sense of the user’s potential to be disruptive. In addition, it is possible that giving
more attention to the hidden states that are closer and more relevant to the target user embedding
was able to clean up the potentially noisy group sequence representation for the final disruptive
talk prediction, which was a concern for our baseline model.
Compared to the game-interaction feature extension and the sequence dropout approach,
the user-aware network performs marginally better than the game-interaction feature extension,
but the difference was not statistically significant. This may suggest that bringing in additional
information from game interaction and refining the existing information are nearly of equal
importance for our disruptive talk detection task. However, we observed more of a difference
between the user-aware network and sequence dropout models: the sequence dropout model
outperforms the user-aware network. As described above, we could conclude that training a
disruptive talk detection model with different data points by completely dropping some of the
utterances randomly throughout the training phase, rather than training the model with the same
data points iteratively, produced the best results for the given chat sequences.
6.4 Combined Models
We observed performance enhancements by utilizing game interaction features, sequence dropout
training mechanism, and attention-based user-aware network approaches, and discovered that the
sequence dropout approach was the most helpful way to improve the disruptive talk detection
performance. However, it is possible that the performance enhancement from each of the proposed
approaches came from different dimensions, thus it is possible that we will be able to see the model
improve even further if we combine these approaches. Here we conduct additional experiments in
order to determine which model has the best performance, comparing the baseline used previously
in this chapter, single approaches detailed earlier, and models that make use of a combination of
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these approaches. In total, we examine and compare the following eight different modeling
approaches:
•

Baseline (The best performing model from preliminary work)

•

Game Interaction Feature Addition

•

Sequence Dropout (with random r)

•

Attention-Based User-Aware Network

•

Game Interaction Feature Addition + Sequence Dropout

•

Game Interaction Feature Addition + Attention-Based User-Aware Network

•

Sequence Dropout + Attention-Based User-Aware Network

•

Game Interaction Feature Addition + Sequence Dropout + Attention-Based User-Aware
Network

The random choice for the sequence dropout rate is the one that we used in this chapter because it
produced better results in terms of AUC and PR-AUC than the other methods that used fixed
sequence dropout rates. In order to reduce the likelihood of any chance arising from the
randomness of the sequence dropout rate as well as the dropped messages in the same sequence,
for each model that uses the random sequence dropout approach, we ran it five times. Because we
made the assumption that utterances from the same user are consistent (i.e., it is unnecessary to
drop messages from the user-only sequence), we did not remove anything from the user network.
Results in Table 6.6 show our disruptive talk detection models with each proposed
approach (i.e., Game Interaction, Sequence Dropout, and User-Aware) as well as the models
combining two approaches and the unified model using all three approaches. As we have already
observed, all single-approach models outperformed the baseline – the sequence dropout approach
brings the largest performance enhancement, followed by the user-aware network and the game
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interaction feature addition. This, again, might suggest that dealing with multi-party conversation
challenges is more helpful than introducing additional features or modeling target user-specific
characteristics.

Table 6.6. Disruptive talk prediction results of combined models. The best performance of each
evaluation metric is marked in bold, and * indicates is a statistically significant difference
compared to the baseline with a= 0.1.
Model

AUC

PR-AUC

Baseline

0.8297

0.5426

Game Interaction (GI)

0.8449*

0.5532

Sequence Drop (S)

0.8557*

0.5649

User-Aware (U)

0.8480*

0.5691

GI+S

0.8586*

0.5644

GI+U

0.8500*

0.5643

S+U

0.8673*

0.5978*

GI+S+U

0.8616*

0.5834

Regarding the combination of the game interaction feature addition and sequence dropout
approach (i.e., GI+S) compared to the game interaction-only (GI) and the sequence dropout-only
(S) models, the combined model outperformed the game interaction only model markedly while
not improving as much over the sequence dropout-only model. These results might suggest that
the performance enhancement from the sequence dropout approach dominates the one from the
game interaction feature extension. However, a different modeling or training approach better
suited for the game interaction data may yield improvements beyond the sequence dropout
technique, which suggests a promising direction for future research.
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Regarding the combination of the game interaction feature addition and the attention-based
user-aware approach (i.e., GI+U) compared to the game interaction-only (GI) and the user-awareonly (U) models, the combined model did not bring any significant performance enhancement
compared to the game interaction-only model, as well as for the user-aware-only (U) model, while
there was a slight performance enhancement with respect to the averaged values. This may suggest
that these two approaches handle the challenges of modeling disruptive talk detection at nearly the
same level, indicating that combining them did not result in a significant improvement.
With respect to the combination of the sequence dropout approach and the attention-based
user-aware approach (i.e., S+U) compared to the sequence dropout-only (S) and the user-awareonly (U) models, the combined model significantly outperformed the sequence dropout-only
model (p < 0.1), and the user-aware only (U) model (p < 0.01) in terms of AUC, our primary
evaluation metric, with an alpha of 0.1. These results suggest that the combination of the sequence
dropout approach and the user-aware approach has a synergetic effect leading to improved
disruptive talk detection prediction.
Finally, we compare the unified model that combines all proposed approaches (GI+S+U)
compared to the single approaches, and each of the combined approaches. Compared to the single
approaches, the unified model outperformed the game interaction-only model, the sequence
dropout-only model, and user-aware-only model. Compared to each of the other combinations, the
model only significantly outperformed the game interaction and user-aware network combined
model (GI+U) (p = 0.053 for AUC and p = 0.080 for PR-AUC) and performed worse than the
sequence dropout and user-aware network combined model (S+U). This might indicate that that
the performance enhancement from the sequence dropout and user-aware network truly was
helping the model inference on disruptive talk, while the extended feature set addition somehow
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degrades that synergetic effect from the combination. This is an interesting finding and would
require more investigation of how to handle the rich game information so that the model gets the
most out of the available information.
The best performance was achieved by the Sequence Dropout + User-Aware (S+U) model
with a significant enhancement compared to the baseline approach for both evaluation metrics
(p<0.01 for AUC and p=0.053 for PR-AUC) with an alpha of 0.1. It outperformed the models
using each of the three proposed mechanisms individually, (i.e., the G, S, and U models). In
addition, the model outperformed all the other combinations: Game Interaction + Sequence
Dropout (GI+S), Game Interaction + User-Aware network (GI+U), and the unified framework
consisting of all proposed approaches (GI+S+U). Notably, the S+U model achieved a statistically
significant enhancement compared to the Game Interaction + User-Aware network model on both
evaluation metrics (p < 0.01 for AUC and p = 0.053 for PR-AUC).

Figure 6.11. AUC distributions of combined models using game interaction (GI), sequence
dropout (S), and user-aware (U) approaches compared to the baseline and single-approach models.
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Figure 6.12. PR-AUC distributions of combined models using game interaction (GI),
sequence dropout (S), and user-aware (U) approaches compared to the baseline and singleapproach models.
By combining all approaches that enhanced the disruptive talk detection performance, we
discovered some interesting findings. First, even though there were combined models that showed
only a very slight performance overall, the introduction of additional methods brought about a
performance improvement, except in the case of the unified model that incorporated all of the
proposed approaches. This may imply that each approach handles different aspect of challenges
the disruptive talk detection model faces. Second, we observed that adopting the sequence dropout
approach resulted in the largest performance improvements when compared to the models without
it (e.g., GI+S+U significantly outperformed GI+U model, and S+U model significantly
outperformed U model). This might suggest that the sequence dropout approach is the most helpful
approach that could possibly handle challenges that are associated with multi-party dialogue
modeling, while the performance can be improved even further by including more student game
interaction data or by introducing a user-specific network. Lastly, the implementation of an
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additional effective approach does not necessarily result in an improvement in performance.
Considering the S+U model, adding game interaction features to this model (i.e., GI+S+U) made
the performance worse. It is possible that this was due to overly complicated modeling, which
involved a large number of interaction features, multiple networks that are trained at the same time,
and continual dropping of sequences at random. These findings, however, need to be validated by
further experiments that include more training data.
6.5 Summary
We have extended the previously proposed disruptive talk detection model by investigating
extended feature engineering and advanced modeling approaches. To extend the feature set beyond
linguistic features from the text-based chat interaction, student game interaction data was
investigated with respect to both the individual student level and the group-level collaboration
perspectives. To effectively deal with group conversation dynamics, a sequence dropout approach
was adopted to train the model to learn a more generalized representation from the text-based
student group conversation. To better incorporate the target user-specific representation, a separate
attention-based user-aware network, which consists of only the history messages and
corresponding features of the target user, was added to the framework. Finally, a comparison of
each proposed modeling approach with models that combine all the proposed approaches was
conducted to see if the combined models could further enhance disruptive talk detection
performance. Experimental results suggest that each of the game interaction feature extension,
sequence dropout, and attention-based user-aware network approaches bring a significant
enhancement compared to the baseline modeling approach, while the model that incorporates a
user-aware attention network and a random sequence dropout training mechanism performed the
best.
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CHAPTER 7
CONCLUSION
Detecting disruptive talk in collaborative game-based learning environments is critical to
achieving a high-quality collaborative learning experience. Automated disruptive talk detection
can enable collaborative game-based learning environments to manage undesirable
communicative activities. This can result in an improved learning experience for students, which
in turn can lead to improved student learning gains. Thus, it is critical that models used for this
purpose are accurate and reliable. Additionally, addressing the challenges of multi-party dialogue
is essential in student dialogue modeling in collaborative game-based learning environments.
This dissertation has described a disruptive talk detection modeling framework for
collaborative game-based learning environments. The preliminary work demonstrated the
potential of deep sequential modeling approaches for disruptive talk detection, with the assistance
of contextualized word embeddings and feature engineering approaches that can be helpful for the
model inference. We extended the disruptive talk detection framework research by adopting
student game interaction features and a more sophisticated deep learning-based modeling approach
considering the unique characteristics of multi-party conversation modeling.
The core components of the deep learning-based disruptive talk detection framework
include collaborative learning analytics, natural language processing, and group dialogue
modeling. The preliminary work investigated various word embedding approaches, from a
traditional word count-based approach to a more contemporary contextualized word embedding
approach, along with linguistic feature engineering approaches. Experimental results suggest that
deep sequential disruptive talk detection modeling with contextualized word embeddings
outperformed other non-sequential classic machine learning and conventional word vectorization
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approaches. We further enhanced the disruptive talk detection model by investigating extended
feature engineering at the individual level and at the group level, and approaches to deal with group
dynamics in multi-party group conversation. Experimental results showed significant
enhancements from all proposed approaches, with the combined sequence dropout and attentionbased user-aware model having the largest performance enhancement.
The findings regarding the automatic disruptive talk detection models indicate that deep
sequential modeling-based disruptive talk detection reliably predicts disruptive talk with the
support of multi-party dialogue modeling approaches, suggesting that these models offer the
potential for analyzing and supporting effective collaborative learning.
7.1 Hypotheses Revisited
This dissertation investigated the following hypotheses that address different components of the
presented disruptive talk detection framework.
•

Hypothesis 1: Deep sequential model-based disruptive talk detection models utilizing
contextualized word embedding approaches will achieve higher AUC and PR-AUC than the
models using classical machine learning approaches or static word embedding approaches in
a stratified group 10-fold cross-validation on the ECOJOURNEYS corpus.
The disruptive talk detection model shown in this work, which utilized deep sequential
modeling, Long-Short Term Memory Networks (LSTMs) and Gated Recurrent Units (GRUs),
and BERT contextualized word embeddings, outperformed the other competitive baseline
models utilizing Naïve Bayes, Bag-of-Words, and word2vec word embedding approaches.
This hypothesis is accepted.

•

Hypothesis 2: A deep sequential model-based disruptive talk detection model utilizing game
interaction features at the individual level and at the group level will achieve a higher AUC
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and PR-AUC than a model using text-based chat data only in a stratified group 10-fold crossvalidation on the ECOJOURNEYS corpus.
The LSTM- and BERT-based disruptive talk detection model adopting additional game
interaction features at the individual level (i.e., actions and game scenes) and at the group
level (i.e., equity, time duration, the volume of the talk) outperformed the model which only
utilized the text-based chat data, student gender and pre-test score.
This hypothesis is accepted.
•

Hypothesis 3: A deep sequential model-based disruptive talk detection model utilizing a
sequence dropout approach will achieve higher AUC and PR-AUC than the same model
trained only on the full sequence in a stratified group 10-fold cross-validation on the
ECOJOURNEYS corpus.
The LSTM- and BERT-based disruptive talk detection models with a sequence dropout training
mechanism outperformed the ones trained without the sequence dropout training mechanism,
and in particular, the model with a random sequence dropout rate achieved the best
performance.
This hypothesis is accepted.

•

Hypothesis 4: A deep sequential model-based disruptive talk detection model utilizing a target
user-specific representation will achieve higher AUC and PR-AUC than a model using a
group-sequence representation only in a stratified group 10-fold cross-validation on the
ECOJOURNEYS corpus.
The LSTM-BERT-based disruptive talk detection model with the attention-based user aware
network outperformed the model trained on group sequence representations only.
This hypothesis is accepted.
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•

Hypothesis 5: A deep sequential model-based disruptive talk detection model utilizing a
sequence dropout approach, game interaction features, and a target user-specific representation
in combination will outperform the models adopting each approach individually in a stratified
group 10-fold cross-validation on the ECOJOURNEYS corpus.
The LSTM-BERT-based disruptive talk detection models with combined approaches (i.e.,
Game Interaction + Sequence Dropout, Game Interaction + User-Aware, Sequence Dropout
+ User-Aware, and Game Interaction + Sequence Dropout + User-Aware) outperformed the
baseline model. The best performing model adopted the sequence dropout and the user-aware
approaches, and the model utilizing all approaches decreased performance.
This hypothesis is partially accepted.

7.2 Future Work
There are several promising directions for future work. First, it will be important to test our
disruptive talk detection model’s capability in other computer-supported collaborative learning
environments to test the generalizability of our model. As each game-based learning environment
is designed for a specific target learner group with a unique game phase, learning material, and
types of logged data, customized feature engineering will be required to appropriately test the
model’s generalizability. The generalizability test could also explore the model’s ability to detect
other types of talk that are important in collaborative learning and helpful for enhancing students’
learning experiences and learning gains. For example, being able to detect how well students
participate in accountable talk during collaborative activity within collaborative game-based
learning environments will assist teachers as well as the learning environment’s intervention
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mechanism. Again, this would necessitate task-specific analysis and feature engineering to
appropriately assess the generalizability of the model.
In terms of future work regarding multi-party dialogue modeling, there are several
directions that can be explored. Although our attention-based user-aware network performed better
than the models from the preliminary work, it could be helpful if the disruptive talk detection
model takes the characteristics of all participants in a group into account in addition to the target
user. Furthermore, alternatives to the random sequence dropout approach, where the model
randomly drops a different subset of the input sequence at every epoch, could be explored.
Potential alternatives include a distance-based dropout approach or thread detection technique
(Mayfield et al., 2012; Tan et al., 2019).
Finally, it will be important to implement the disruptive talk detection model in a real-time
setting and investigate how well it informs adaptive support for collaborative student learning. To
be able to implement the model in a real-time setting, additional experiments would be required to
find out the best threshold value for the disruptive talk detection model to determine whether the
current message is disruptive or not. Note that our evaluation metrics, AUC and PR-AUC, are
metrics that consider the trade-off between true positive rate and false positive rate (AUC) or
precision (PR-AUC) when varying the threshold values. Also, when designing an appropriate
intervention policy, stakeholders should decide whether to intervene every time the model detects
disruptive talk or intervene less frequently.
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