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X Abstract

Diploma Thesis

KNOWLEDGE DISTILLATION ON NEURAL NETWORKS FOR
ORDINAL SUICIDE IDEATION DETECTION ON SOCIAL MEDIA

Stavros Gazetas

Abstract

Suicide ideation is a serious and urgent social problem that requires scalable and effective
tools to detect it. To provide the appropriate support and intervention, it is crucial to identify
those who are having suicidal thoughts as soon as possible. However, the difficulty of effi-
ciently addressing suicidal ideation is made more challenging by the fact that existing models
in this field sometimes have significant computational costs, which restricts their accessibil-
ity and prevents their widespread deployment. A response-based knowledge distillation (KD)
strategy is proposed in an effort to overcome the shortcomings of existing models while also
acknowledging the urgency and significance of suicide ideation detection. This method aims
to improve the usability and scalability of models for detecting suicidal ideation by lower-
ing computing costs while preserving performance. The knowledge from a high-performing
teacher model, SISMO, is condensed into smaller and more computationally effective student
models in the suggested response-based KD strategy to overcome these difficulties. SISMO
performs better than the state-of-the-art models, especially when it comes to identifying high-
risk users, by using an ordinal formulation. The KD process greatly lowers computing costs
and the number of parameters needed for detection by transferring the knowledge and per-
formance of the teacher model to the student model, making it possible to use these models
on platforms with limited resources. This thesis makes a contribution to the creation of work-
able and approachable solutions for the detection of suicidal ideation. This development has
important ramifications for suicide prevention since it provides prompt identification and

support for people experiencing suicidal thoughts.

Keywords:
Suicide ideation detection, Model compression, Knowledge distillation, Machine learning,

Deep learning, Teacher-student models, Ordinal formulation, Risk assessment
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Chapter 1

Introduction

Suicide is a major issue in the modern world. Many people experience suicidal ideation
due to stress and anxiety caused by the fast pace of modern life. The probability that people
with suicidal ideation commit suicide is around 30% [|1]]. This results in more than 700,000
people around the world committing suicide each year [2]. In this era, social media thrives,
and people find a way to express their feelings through it. Posts on social media are a very
common occurrence, but many of them underlie the hardships that the user is going through.
This opens up the path to understanding the user and preventing them from any harmful ac-
tion. Machine Learning (ML) and specifically Deep Learning (DL) have emerged as methods

of interpreting social media posts in an effort to detect ideation and prevent suicide.

There have been many approaches to identifying suicide ideation through social media.
O’Dea et al. (2015) [3] proposed using Twitter posts in order to discover patterns that imply
suicidal thoughts via classification with Support Vector Machines and Logistic Regression.
However, more recent attempts, such as Sawhney et al. (2018) [4] and Aldhyani et al. (2022)
[5] have implemented deep learning techniques to tackle this problem (Recurrent Neural Net-
works, Long Short-Term Memory, Convolutional Neural Networks and Bidirectional Long
Short-Term Memory). Deep learning can be a really effective solution to suicide ideation
detection. Deep learning architectures perform with very high accuracy without particularly
employing complicated techniques. These methods usually outperform classic machine learn-

ing approaches, if the text preprocessing is carried out correctly [f].

Neural networks perform at a high rate on text classification, which includes suicide
ideation detection. When accuracy needs to be improved, it is very common to increase the

number of hidden layers and neurons in the architecture. These changes result in an increase

1



2 Chapter 1. Introduction

in the number of the model’s parameters (weights and biases associated with each neuron).
In deep neural networks, there may be millions of parameters that need to be learned, making
the optimization process computationally intensive and challenging. However, these param-
eters are crucial for the neural network to effectively model complex patterns in the input
data and make accurate predictions.

With the prevalence of large neural networks with millions of parameters, model com-
pression is emerging as a promising solution. Knowledge Distillation (KD) is a compres-
sion method that shows great potential and effectiveness in tackling this problem [[7]. There
have been many attempts to utilize KD to significantly reduce the parameters of the model
while retaining accuracy. Previous works usually refer to a “teacher” model, which is a large
model with millions of parameters, that is used to train a smaller ”student” model to mimic
the teacher’s behavior [8, 9, [10]. This way, the knowledge is transferred to the student model,
which is able to predict very accurately, despite having significantly fewer parameters.

In the domain of suicide prevention, there have been few attempts to use KD in order
to reduce the computational cost. Most models that are used for this purpose are typically
very large and complicated. Applying KD to suicide ideation detection models has several
potential advantages, such as improved model efficiency, generalization, interpretability, and

transferability across different platforms and datasets.

Contribution

This thesis proposes a new distillation framework that is designed to be parameter-efficient.
It forges a connection between two separately developing literatures: suicide ideation detec-
tion and knowledge distillation. This allows us to use knowledge distillation on the large and
complicated models of suicide ideation detection and transfer the knowledge to smaller and
more parameter-efficient models. Based on experiments, we can utilize the ground truth la-
bels to diminish the discrepancy in performance between the teacher and student models. In

summary, the contributions of this thesis are:

* Proposition of a parameter-efficient knowledge distillation framework on the suicide

ideation detection domain.

* Theoretical and experimental evidence shows that the framework can facilitate knowl-
edge transfer by reducing the gap between teacher and student while achieving great

accuracy.



Chapter 2

Related Work

2.1 Suicide Ideation Detection Methods

Suicide ideation is a very serious and complex matter with a huge impact on families
and communities. Addressing this issue is a priority for many researchers. Detecting suicide
ideation can be catalytic for preventing suicide attempts. Various approaches have been made
to detect suicide ideation in social media posts. ML and DL techniques have shown very

promising results and are commonly used in recent papers.

2.1.1 Machine Learning Methods
Support Vector Machines

SVM is frequently used in the domain of suicide ideation detection [[1 1, 12, 13, 14]. Amini
etal. (2016) [[13] proposed using SVM in order to assess the high-risk groups for suicide on a
dataset derived from a study conducted in Hamadan Province, west of Iran, in 2010 [[15]. SVM
achieved great accuracy, outperforming other models such as DT, LR, and ANN, especially

in the highest risk group.

Logistic Regression

Correspondingly, LR has been employed within the same papers [11, 12, 13, 14]. Specifi-
cally, Aladag et al.(2016) [[14] implemented LR in order to detect suicidal ideation in a dataset
composed of 508,398 Reddit posts from suicidal subreddits. Along with SVM, LR had the

best performance, being the favorite due to its simplicity.

3



4 Chapter 2. Related Work

Random Forest

Lastly, another common ML method applied in this domain is RF []11, 14, 16]. RF can
perform really well in suicide ideation detection tasks. Usually, RF can match the perfor-
mance of the most used commonly ML methods in suicide ideation detection, SVM and LR,

or even surpass them depending on the task [|16].

2.1.2 Deep Learning Methods
Convolution Neural Network

CNN shows great promise in the field of suicide ideation detection [[17, 18, 19]. Manas
Gaur et al. (2019) [[17] proposed a CNN model in an attempt to assess the severity of suicide
risk in social media posts, by analyzing a total of 270,000 users and 8 million posts from
suicidal subreddits. CNN outperformed the other models (RF, SVM, FFNN) as a result of the

use of specific domain knowledge resources and discriminating features.

Long Short Term Memory

LSTM is a really great solution for tackling the problem of suicide ideation detection
[18,]19, 20]. It is a widely used model for this matter and can be combined with other models,
such as CNN to produce even better results [18]. Lei Cao et al. (2019) proposed SDM, an
LSTM model with attention that surpasses other classic ML approaches by performing well

on people’s implicit and anti-real contrary expressions.

BERT-based

BERT was created to assist computers in comprehending natural language and the context
of sentences [21]]. This makes it a very useful tool in the domain of suicide ideation detection,
and many papers have proposed Bert-based models [22, 23]. Matthew Matero et al. (2019)
[22] employed BERT to catch the linguistic features of tweets and fed the results to a RNN-

based architecture, which performed better than Bert-based LR.
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2.2 Knowledge Distillation Techniques

Neural networks show great promise in the domain of suicide ideation detection, but
their large size and complexity make them challenging to deploy. Knowledge distillation is
a very common solution to this problem and has been applied several times with different
approaches, such as Data-Free KD, Self-Distillation and Channel distillation [24, 25, 26].
While there have been relatively few attempts to use KD for suicide ideation detection, this
technique has been a common practice in other very relevant fields like emotion detection,
depression detection, and mental health prediction [27, 28, 29].

Recently, Cobeli et al. (2022) [30] introduced the usage of KD in optimism/pessimism
detection in tweets. Towards this end, three different strategies were investigated, classic KD,
patient KD and multi-task KD [[7, 31, 32], by training DL models on other complementary
tasks and transferring the knowledge to the student model.

In the field of depression detection, Wu et al. (2023) [33] proposed Mood2Content model,
which combines emotional and textual features. Using KD, Mood2Content combines longi-
tudinal contextual information from Twitter posts with the daily emotional status updates of
COVID-19 patients to predict their risk of developing depression.

Furthermore, Zeberga et al. (2022) [34] applied KD in the domain of mental health pre-
diction. The knowledge was transferred from a pretrained BERT model to a smaller Dis-
tilled BERT surpassing the other state-of-the-art methods. The application of knowledge
distillation (KD) to BERT models has been shown to improve their efficiency and enable

them to be deployed on resource-constrained devices [35].






Chapter 3

Methodology

3.1 Proposed Model (SISMO)

The proposed model presented in this thesis is motivated by the work of Ramit Sawhney
et al. (2021) [36]. Sawhney introduced SISMO (Suicide Ideation Detection on Social Media
using an Ordinal formulation), a hierarchical attention model that accounts for the graded
nature of increasing suicide risk levels. In order for this to be achieved, the model utilizes
a soft probability distribution approach since each level is of different importance and not
all incorrect predictions are flawed to the same degree. SISMO was evaluated on real-world
Reddit data annotated by clinical experts. It outperformed all the other methods mentioned
in the paper, making it one of the best candidates for tackling the problem of suicide ideation

detection on social media.

3.1.1 Defining the Problem

The main objective is to identify the suicide risk level of a particular user through the
analysis of their social media posts over time. Based on a modified version of the Columbia-
Suicide Severity Rating Scale (C-SSRS) that is suitable for social media, a formal approach
is established in order to evaluate the users’ suicide risk [37, 38]. According to the scale, there
are five different categories a user can belong to. Those categories are Supportive (SU) < Indi-
cator (IN) <Ideation (ID) < Behavior (BR) < Attempt (AT) [36]. Observing the increasing risk
between these categories, it can be concluded that their relationship is ordinal. Given this fact,
this problem of suicide risk assessment can be addressed as an Ordinal Regression problem,

which is essentially a multi-classification task [39]. Each user u; € U = {uq, ua, ..., u,} is
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8 Chapter 3. Methodology

classified based on his posts P, = {p,pj, ..., p, }, which are given in chronological order.

I') Yy IU 0.1 0.2m0_2|_)CFDSS Entropy | 5{ ~

Loss

Fully Ordinal
Soft Labels: softmax(¢) C°[';';:rt3d ~  Regression
a Layer
L o ommg -
One-hot vector '
Temporal
: - s Attention
[ Attention Layer  [------~ Layer
| \ -
! | 1
D e — e
Bidirectional '™ 20, .. L2 [ Sequentia
LSTM Layer b ! Tprat h%gé‘;ﬁ%
| by % Ry : > ¥ by :
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| | |
Longformer layer €1 e2 er
Post
QPTTTTTTSsTsssmmm t"""T """"""" t"'; ~ Embedding
! Layer
: User Posts y 4l b2 2 0cC or : Y

Figure 3.1: SISMO - Model Overview and Components

[36]

3.1.2 SISMO Components
Post Embedding Layer

The first layer of the neural network is the user post embedding layer that incorporates
word-level attention [36]. With the intention of gaining insights into the users’ mental health,
SISMO utilizes Longformer, a pre-trained language model, which generates the post-level
embeddings that help discover patterns associated with suicide risk [40]. Each historical post
p! is tokenized and then encoded using Longformer, with the encoded representation denoted

as e} = Longformer(p}).
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Sequential Context Modeling

This layer consists of a Bidirectional LSTM, which enables the model to extract time-
based features from each user’s posts over time. LSTMs are appropriate for modeling a user’s
social media posts since they are capable of capturing long-term dependencies [41]. The goal
is to analyze the posts as a whole and not each one individually, due to the fact that this
can provide a more versatile indication of the user’s mental health, which can alter over time.
Each subsequent post p! is encoded as e! and transformed into a contextualized representation
h! by considering the context of past and future posts. This is achieved by concatenating the

hidden state vectors of the LSTM in both the forward and backward directions [36].

Wi=LSTM(e, hi_ ) 3.1)
YWi=rsTM(e, hi ) (3.2)
hi = [0}, W] (33)

The BiLSTM network, given that H is the dimension of each hf;, converts the encoded

posts [ef, ..., e%.] into contextual representations [hy, ... h7.] € R¥*7.

Temporal Attention Layer

As for the attention layer, SISMO utilizes a temporal attention mechanism that is designed
to acquire variable weights that are adaptable to each post’s contextual representations. The
purpose of this mechanism is to emphasize posts containing discernible indicators of suicide

risk. These posts are then combined into a larger aggregation.

T .

ini i exp(a;)

a, = ahy, a; = = 3.4)
; >ty exp(ay)

a: = ¢"tanh(W, h! +b,) (3.5)

where W, € RT>*H b, ¢ R” and ¢ € R”" are the network parameters. The attention

based representation of a user’s posts is denoted with a,.
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Ordinal Regression Layer

The last layer of the model is a fully connected layer with input a;. The output of this layer
is denoted as y, = W,a; +b,, with W, € R**# and b, being model parameters. The symbol
A represents the number of the risk levels. The classification confidence vector is produced
by utilizing the sequential order of the risk categories.

SISMO is trained by minimizing an ordinal regression loss and using soft labeling in order
to represent the ground truth [42]. The soft labels are computed as probability distributions of
ground truth labels, denoted as 'y = [yo, y1, - - - , 4], for each true risk level r, € Y = {SU =
0,IN =1,ID =2 BR=3,AT = 4} = {r;}}_,. For each risk level r; the probability is:

€7¢(thri) v 3 6

i = i € .
A apETTE A 0
o(re,mi) = alry —ri|Vr; €Y (3.7)

The cost function ¢ measures the extent to which the actual risk level r; differs from the
predicted risk level r; € Y and penalizes it accordingly. The parameter a determines the
degree of punishment for predicting a risk level that is not accurate.

Once the probability distribution y for the ground truth label has been computed, the

cross-entropy loss is then computed using the classification score y.

no A
L= 3y lou, (3:8)

3.2 Knowledge Distillation Strategy

The objective of knowledge distillation is to create a smaller student model that can ef-
fectively gain the knowledge and insights gathered by a larger teacher model. In this case,
the goal is to use SISMO, which is a very complex model with a high number of parameters,
and distill the knowledge into a student model with significantly reduced parameters.

In order to distill the knowledge we follow offline distillation [43]. The teacher model
(SISMO) is pre-trained, as instructed by the original paper [36]. Then, a variation of SISMO
with reduced parameters is created and used as a student model. The student model is trained
by adopting a distillation loss function, with the purpose of transferring the knowledge that

was acquired during the training of the teacher model.
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3.2.1 Response-Based Knowledge Distillation

The knowledge is transferred with a response-based distillation strategy that utilizes the

following distillation loss function L” [44, 45].

minL? = yL% + (1 —~)L" (3.9)

where L is the cross-entropy loss of the student model and L7 is the the prediction error
of the teacher model in Eq. B.§ on the training data. The hyper-parameter v € [0, 1] regulates
the relative importance given to the two losses. When + is set to a high value, the error
is biased towards minimizing the errors of the student model, which ignores the knowledge
imparted by the teacher model [44]. The distillation loss function L allows the student model

to emulate the behavior of the teacher, while significantly reducing the model parameters.

3.2.2 Progressive Reduction of Student Model Parameters

To evaluate the effectiveness of knowledge distillation in the proposed SISMO model,
three variations of the same model with gradually reduced parameters are created. These mod-
els are referred to as SISMO*, SISMO**, and SISMO*** respectively. The initial model has
the most extensive set of parameters, followed by the second model with a reduced number of
parameters, and finally the third model with the most limited set of parameters. Creating these
variations, aims to investigate the impact of reducing model complexity on the knowledge
transfer process. Each model is evaluated using the same set of metrics and their performances
are compared to that of the original, undistilled model. This analysis provides insights into
the effectiveness of knowledge distillation in reducing the model size while maintaining or

improving model accuracy.






Chapter 4

Experiments

4.1 Dataset

The data derives from a Reddit annotated dataset of 500 users. The original dataset in-
cluded 270,000 users with 8 million posts from 15 mental health related subreddits and was
processed by Manas Gaur et al. (2019) [38]. The final version of the dataset was developed
with the help of four practising psychiatrists. The first step towards that was negation detec-
tion, which was used in order to eradicate the non-suicidal users [4€]. They proceeded with
a user and content overlap analysis, that aimed to remove the redundant users that were very
similar to others, as their post content was overlapping. The final users were randomly se-
lected from the remaining users after the above analysis, and each user was annotated in one
of the five increasing suicide risk levels under the C-SSRS guidelines. The annotated data
was composed of 22% supportive users, 20% users with suicidal indication, 34% users with

suicidal ideation, 15% users with suicidal behaviors, and 9% users that attempted suicide.

4.2 Evaluation Protocol

To evaluate the performance of the proposed KD strategy, several evaluation metrics are
employed. Specifically, Graded Recall (GR), Graded Precision (GP), and F1-Score are used
[47]. GR and GP are modifications of Recall and Precision, which are commonly used in
classification tasks. These metrics are calculated through the alterations that are suggested by
[38]. In order to integrate the order between the risk levels,the formulations of False Positive

(FP) and False Negative (FN) are adjusted as follows:

13
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Nt D a Nr a D
STt : ST (e F
FP Zz:l (7; > 7’1)’ FN Zz:l ](\;; > rz) (41)

where N7 is the size of the test data, r* is the actual risk level, and r? is the predicted risk
level. Therefore, FP is defined as the ratio of the number of times 7” is greater than r* over

N7 and FN is defined as the ratio of the number of times r? is less than 7* over Nr.

Graded Recall

This metric measures how many of the actual positive observations are correctly identi-
fied by the algorithm. GR can be computed by dividing the number of true positives (TP) by

the sum of true positives and false negatives [47]].

TP

GR:TP+FN

(4.2)

Graded Precision

This metric refers to the number of observations that the algorithm has predicted as pos-
itive and, among them, how many are actually positive. GP can be computed by dividing the

number of true positives by the sum of true positives and false positives [47].

TP

P=—_
P = TpFp

(4.3)

F1-Score

This metric is used to provide an overall measure of the model’s performance by com-

bining the GP and GR scores. F1-Score is the harmonic mean of GP and GR [47].

P
F1-Score =2 x % (4.4)
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4.3 Models

4.3.1 Examined models

For the purpose of assessing the performance and effectiveness of the proposed approach,
several models are selected. In addition to comparing the distilled models with the original, a
number of state-of-the-art methods, that have gained prominence in the field are introduced.

These models include the following:

* SVM+RBF [13]: Using TF-IDF (Term Frequency Inverse Document Vectorization),a
language vector is generated for each user’s posts [48]. This vector representation is
then fed into a Support Vector Machine (SVM) with a Radial Basis Function (RBF)
kernel. The RBF kernel is parameterized with o = 0.24, and the SVM is trained with
a cost parameter ¢ = 5. This configuration will allow the textual data to be efficiently

processed and classified by the model.

* Random Forest [49]: The language vectors, produced through TF-IDF vectorization,
were utilized as input for Random Forest. In this approach, Random Forest is applied

with 500 trees, where each tree node consists of 9 predictor variables.

* BERT+BIiLSTM [50]: The combination of BERT and BiLSTM is employed to en-
hance the representation of the posts. The embeddings that are produced by BERT are
fed to a BILSTM layer in order to capture the sequential dependencies of the posts. Fur-
thermore, an attention layer is applied to highlight important features in the contextual

representations.

* BiLSTM+Attn [51]: The BiLSTM+Attn model incorporates Longformer embeddings
in its architecture. Longformer embeddings are used for the collection of longline de-
pendencies and contextual information in posts. The model uses a BILSTM layer to
process the embeddings and extract sequential patterns from the data. In addition, an
attention mechanism is used for highlighting important characteristics and improving

the representation of the posts.
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4.3.2 Experimental Models and Settings

The experimental models encompass the teacher (SISMO) and student (SISMO*, SISMO**,
and SISMO***) models that are used in the KD procedure. Each student model is composed

of distinct configurations based on the original teacher model.

» SISMO: The teacher model is fine-tuned to achieve optimal performance. The selected
hyperparameters are: hidden layer size H = 512, number of BiLSTM layers n = 2,

learning rate [ = 0.01, dropout o = 0.3 and control parameter o« = 1.8.

» SISMO¥*: The first student model adapts the same hyperparameters except for the num-
ber of BILSTM layers and the hidden layer size, having n = 1 and H = 128. This

achieves a highly reduced set of parameters in comparison with the teacher model.

« SISMO**: The second student model aims to further reduce the number of parameters

by decreasing the hidden layer size H to 64.

* SISMO***: The third student model, similarly, has an even smaller number of hidden

layer size H = 32.

The base version of Longformer is fine-tuned using Hugging-face’s Transformers library.
All the above models are implemented with PyTorch and optimized using mini-batch AdamW
with a batch size of 8. The models are trained for 50 epochs, including early stopping with
patience of 5 epochs, as instructed by [36]. The median testing performance is reported over
15 runs, meaning that 15 teacher (pre-trained) models are created in order to train the same

number of models for each student. Each run is conducted with random initialization.

4.4 Performance Evaluation

In table the performance of all the models is reported. SISMO significantly outper-
forms all the examined models. This superior performance is primarily the reason SISMO is
selected as the teacher model. Although SISMO exhibits superior performance, it becomes
apparent that the model incurs a high computational cost, as evidenced by the number of
parameters, which is 12.606 million. The proposed KD approach aims to reduce these pa-

rameters while maintaining performance.



4.4 Performance Evaluation 17

Parameters | Compression Evaluation Metrics
Model
M) Rate Graded | Graded | FScore
Precision | Recall
SVM+RBF [[13] 4.836 — 0.565 0.566 0.555
Random Forest [49] 0.179 — 0.545 0.666 0.601
BERT+BiLSTM [50] 2.135 — 0.619 0.525 0.581
BiLSTM+Attn [51] 6.305 — 0.722 0.538 0.591
SISMO [36] 12.606 — 0.690 0.587 0.639
SISMO* 0.986 93.2% 0.681 0.590 0.639
SISMO** 0.444 96.5% 0.705 0.587 0.648
SISMO*** 0.209 98.4% 0.681 0.569 0.630

Table 4.1: Model Performance

The median of the results over 15 runs is reported. The student models’ median perfor-
mance is reported for the best ~ for each student. Bold denotes the best performance.

Italics denote second best. The number of parameters is denoted in millions.

The student models, namely SISMO*, SISMO**, and SISMO***, demonstrate the ef-
fectiveness of knowledge distillation in achieving model compression. Through KD, these
student models are able to capture and transfer the knowledge from the teacher model while
also achieving a reduced parameter count. The performance of the teacher model is main-
tained by the students, which indicates that the knowledge and decision-making capabilities
of the teacher model have been precisely distilled. The student models have a significantly
lower number of parameters compared to the teacher. This fact adds up to the effectiveness
of the proposed approach, as the student models can match the teacher with limited compu-

tational resources.

It is observed that SISMO performs better than the other state-of-the-art models at higher
risk levels [36]. This enhancement can be explained by SISMO’s ordinal formulation, which
punishes predictions based on how far off the anticipated risk is from the actual risk as mea-
sured by the C-SSRS scale. The other models, in contrast, take into account every misclassi-
fication equally without taking the size of the divergence into account. In Fig. itis shown

that the misclassified users that belong to AT are classified either in ID or BR, which indicates
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that SISMO prioritizes the high risk users.
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Figure 4.1: Confusion Matrices

Normalized Confusion matrix for the median of the test results. Instances of the actual
risk level are represented by rows, whereas instances of the predicted risk level are
represented by columns. The percentage of accurate predictions is represented by the

values of the diagonal elements.

Following the behavior of the teacher, the student models act in a comparable manner.
The first student, SISMO*, surpasses the teacher in the AT class prediction, which means
that the application of KD assists the student in the prediction of high-risk users. It can also
be observed that reducing the parameters of the student model results in less accurate predic-
tions at higher risk levels. While SISMO** and SISMO*** match the teacher’s performance,
SISMO* utilizes KD better than the other student models.
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4.5 Parameter Tuning

FScore

is presented in Fig. #.2. The value of y ranges from 0.1 to 0.9, with a 0.1 step. This aids in the

The impact of the hyperparameter v (Eq. B.9) on the performance of the student models
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Figure 4.2: Impact of parameter ~ on the prediction accuracy.

comprehension of how gamma affects the distillation process and how the teacher influences

the students. The median FScore of 15 runs is reported for each ~. For SISMO* the best

value is found to be 0.3 and 0.4 (the model performs equally well for both ~ values), for
SISMO** it is 0.2 and for SISMO*** it is 0.3. It is observed that for the value of 0.1 the

distillation process focuses on the teacher, meaning that the student’s training is limited to

the teacher’s knowledge. The best performances are reported for  values in the range of 0.2

to 0.4. As for the higher v values, the performance of the distilled models is reduced because

the student model receives limited guidance from the teacher model during training.






Chapter 5

Conclusion

In this work, a response-based knowledge distillation (KD) approach is proposed for
model compression in the domain of suicide ideation detection. The overriding aim is to
decrease the computational cost while maintaining the teacher’s performance. Several exper-
iments are conducted using various models, including state-of-the-art methods, and their per-
formances are compared with our proposed teacher model (SISMO). The results demonstrate
that SISMO, with regard to evaluation metrics such as Graded Precision, Graded Recall and
F1 Score, is superior to other models. In particular, the ordinal formulation ,which focuses

on high risk users, makes it suitable for this specific task.

However, SISMO is expensive in terms of computational cost and has a large number of
parameters. In order to address this, KD is applied to transfer the knowledge from the teacher
model into smaller student models (SISMO*, SISMO**, and SISMO**%*). The knowledge is
able to be distilled in an efficient manner, while the number of parameters is greatly reduced.
The performance of the teacher model is maintained by the students, indicating the success
of the knowledge distillation process. This research indicates that knowledge distillation is
an efficient approach for model compression in suicide ideation detection. By compressing
the teacher model into smaller student models, a significant reduction in computational cost
is achieved while preserving performance. This has practical implications, as the student
models can be deployed with limited computational resources, making them more accessible

and scalable.

21
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Future Direction

Knowledge Distillation (KD) is a promising strategy with enormous potential for the fu-
ture of suicide ideation detection. The use of KD can be improved even more as this field
of study and development advances by utilizing advanced techniques like continual learn-
ing, multimodal fusion, and context-aware modeling. The resulting advances will make it
possible to develop more precise and reliable models that can identify subtle patterns and en-
vironmental cues linked to suicidal ideation. Additionally, combining KD with other cutting-
edge technologies like affective computing and natural language processing can aid in early
intervention and provide a deeper understanding of people’s mental states.

The future of KD in detecting suicidal ideation lies in its ongoing improvement and in-
tegration with advanced methods, which will eventually result in more efficient and widely
available options for suicidal prevention and support. This method helps mental health pro-
fessionals better understand the elements influencing suicidal thoughts while also lowering
computational needs and improving model interpretability. KD has the potential to increase
scalability, democratize access to reliable detection technologies, and offer prompt assistance

to people who are contemplating suicide.
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