
A Two-Stage Classification Chatbot for Suicidal
Ideation Detection

Jin Xuan Chan, Sook-Ling Chua(B), and Lee Kien Foo

Faculty of Computing and Informatics, Multimedia University, Cyberjaya, Selangor, Malaysia
slchua@mmu.edu.my

Abstract. Suicide remains one of the leading causes of death globally and is a
serious public health problem. Compounded by the lack of mental health profes-
sionals and lack of access to mental health services, it is difficult for people with
mental health issues to seek treatment. The advancements in artificial intelligence
have led to the development of mental health digital solution, such as chatbots. A
chatbot is a software application that simulates human conversations with users
through text or voice interactions. Chatbots have been receiving increasing atten-
tion lately for its roles in providing alternative support and helping in filling the
gaps in mental health care. Although there are many chatbots that are widely used
for mental health, they are not designed to detect suicide risk. In this paper, a
two-stage classification chatbot is proposed for suicidal ideation detection.
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1 Introduction

According to the World Health Organisation [1], mental health is defined as “a state of
well-being in which an individual realises his or her own abilities, can cope with the
normal stresses of life, can work productively and is able to make a contribution to his
or her community.” Poor mental health could lead to mental illnesses such as anxiety
disorder and depression, which are serious conditions that may significantly affect the
functioning of daily life.

Suicide is a common impact or risk for individuals with mental illness. About 83%
of the suicide attempters had at least one mental illness [2]. Suicide is one of the leading
causes of death worldwide. In 2019,Malaysia recorded a rate of 5.8 suicides per 100,000
population, which is approximately 5 deaths per day [3].

People with suicidal ideation and those that have taken their own life often have
communicated their suicidal tendencies to mental health professionals [4]. However,
due to the lack of mental health professionals and compounded by the lack of access
to mental health services, it is indeed challenging for people seeking mental health
treatment. Such barriers may lead to a higher incidence of mental health issues and
increase in suicide.

Current intervention requires mental health professionals in screening individuals
for suicide risk. However, it can be difficult as some individuals may attempt to conceal
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suicidal ideation during clinical setting. This greatly impact on missed screening and
prevent early intervention.

The advancements in digital technology and artificial intelligence (AI) have led to
the development of chatbots, which seen as a viable method to supplement the tradi-
tional mental health professionals. Chatbot is an AI software that can mimic human-like
behaviour to interact and conduct conversations with human users either through voice
or text communication [5]. Studies have shown that chatbots can be an alternative and
additionalmental health support particularly in situationwhere people are feeling embar-
rass or discomfort in disclosing their mental health problems to a therapist [6]. Although
there are a number of widely deployed chatbots for use in mental health care provision
(e.g., Woebot, Wysa, etc.), these chatbots are mainly to support those with anxiety or
depression and help users to improve theirmental health. These chatbots are not designed
to identify individuals who may be at risk for suicide.

The main research question that this paper aims to address is “how can a chatbot be
designed to detect suicide risk from text conversation”. The challenge in creating a chat-
bot lies in the ability of the chatbot to initiate conversation, provide appropriate response
based on user’s input and direct them to the mental health professionals, when neces-
sary. In this paper, we propose a two-stage classification chatbot for suicidal ideation
detection.

2 Related Work

This section reviews the related work in suicidal ideation detection. Earlier studies in
suicidal ideation detection applied sentiment analysis to determine user’s emotion on
social media. In the work of [7], they built a suicide dictionary and calculate the semantic
similarity for sentiment classification. In [8], they applied sentiment analysis on Tweet-
based features obtained from user’s profile and followees’ information. However, only
considering the sentiment of a post may not be effective to detect suicidal ideation.

Other studies attempt to extract features related to suicide by generating an n-gram
language structure, which is then used to train supervised learning models for suicide
ideation detection [9, 10]. Although n-gram has shown a number of success in text
classification, it does not capture the long range dependencies among the words in text.

There are studies that attempt to address such limitations with deep learning. In
[11], they employed word embedding technique for feature extraction and proposed a
combined model of long short term memory (LSTM) and convolutional neural network
(CNN) for detecting suicidal ideation in Reddit posts. [13] proposed a C-LSTM model
for learning suicidal ideation connotations. Themodel utilizes CNN for extracting phrase
representation and a LSTM for sentence representation. In the work of [14], they used
a word embedding layer with Global Vectors for Word Representation (GloVe) as the
input layer and a bidirectional LSTM (BiLSTM) to process the sequence of word vectors
to predict the suicide risk from social media contents.

The increasing of suicide rates and the urgency to identify those who are at risk of
suicide have motivated researchers to propose methods for suicidal ideation detection.
Many methods have been proposed in the literature to detect suicidal ideation. However,
current studies mainly focussing on detecting suicidal ideation from forum posts. There
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Fig. 1. A two-stage classification approach of our proposed chatbot

is limited research in using chatbot for suicidal ideation detection. To the best of our
knowledge, this is the first work to investigate the use of chatbot in detecting suicidal
ideation.

3 Proposed Method

We propose to combine a Bidirectional Encoder Representation from Transformer
(BERT) with zero-shot learning in a two-stage classification chatbot system. The first
stage is to determine whether individuals through their conversations with the chabot
have suicidal ideation. The output of this stage will then be passed as input to the sec-
ond stage. In this second stage, a zero-shot learning is applied for intent classification.
Figure 1 shows our proposed chatbot for suicidal ideation detection.

3.1 First Stage: Suicidal Ideation Detection

In this stage, we applied a pre-trained language representation model based on BERT
[15]. BERT is a multi-layered encoder with self-attention mechanism. Since BERT is
bi-directionally trained, it can have a better representation of language context, which
is one of the reasons why BERT is commonly applied for Natural Language Processing
(NLP) tasks [16]. There are works that applied BERT for suicidal ideation [13, 17].

Our BERT model is trained on suicidal dataset obtained from Reddit Suicide Watch
[18]. The data consists of 318797 records. We followed the standard approaches in
text classification for text pre-processing. The posts are lowercased and tokenized, after
removing stop words and punctuation marks. Stratified random sampling was applied
to split the data into 4 partitions. Each partition consists of 15000 records for training
and 10000 records for testing. The distribution of classes, “suicide” and “non-suicidal”
for each partition of training and testing as shown in Table 1. The remaining 218797
records are used for out of sample testing.
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Table 1. Distribution of data for each partition: (a) Training and (b) Testing

(a)

Data partition Classes

Suicide Non-suicidal

Partition 1 9000 6000

Partition 2 9292 5708

Partition 3 9324 5676

Partition 4 9232 5768

(b)

Data partition Classes

Suicide Non-suicidal

Partition 1 6100 3900

Partition 2 6215 3785

Partition 3 6162 3838

Partition 4 6192 3808

Table 2. Performance of BERT model in terms of accuracy, precision, recall and F1-score

Data partition Performance measure

Accuracy Precision Recall F1-score

Partition 1 0.94 0.92 0.92 0.92

Partition 2 0.94 0.92 0.91 0.92

Partition 3 0.94 0.94 0.90 0.92

Partition 4 0.94 0.91 0.93 0.92

Average 0.94 0.92 0.92 0.92

We used the Tensorflow library to train the BERT model. The model consists of an
input layer, a BERT pre-processing layer, a BERT layer, a dropout layer with 0.4 dropout
rate and a sigmoid layer running on NVIDIA Tesla T4 GPU.

Table 2 shows the performance of our model for each data partition. Accuracy,
precision, recall and F1-score were used to measure the model’s performance. Our
BERT model achieved an average accuracy of 0.94 and 0.92 for precision, recall and
F1-score. From the results, the BERTmodels trained on all the four partitions performed
equally well. The model trained on the first partition was chosen as the final model since
it has the same precision and recall rate, which is also the same as the average rate from
the four partitions. This model was evaluated with the out of sample data and achieved
an accuracy of 0.94, F1-score of 0.92. The results showed that our model is able to
effectively detect suicidal ideation and was used to implement in the chatbot.
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Fig. 2. Conversation with the chatbot

3.2 Second Stage: Intent Classification

One of the challenges in developing a chatbot is to recognise the ‘significance’ of a
given text input in order for the chatbot to provide an appropriate response. From the
first stage, if the user is not identified at risk of suicide, then it will proceed to the second
stage for intent classification. Intent classification is generally performed to understand
the intention behind the input text that the chatbot has received.

In this stage, we used the zero-shot model for intent classification. Unlike the tra-
ditional classification model, where it learns from a set of labelled training samples,
zero-shot learns a classifier, where none of the classes are seen in the training set. There-
fore, models trained with zero-shot learning are not required to retrain or fine-tune for
specific task with the help of transfer learning from previously seen classes and auxiliary
information. This makes zero-shot a suitable approach for intent classification.

We applied a pre-trained zero-shot classifier from the Transformer library to classify
the intent of the input text. The aim of this stage is to enable the chatbot in providing
suitable response based on the classified intent and to further engage with the user.

4 Implementation

Weused a combination of contextual and keyword recognition-basedmethods to develop
the chatbot. A list of responses is stored in the JavaScript Object Notation (JSON) file,
where a response is retrieved based on the classified intent. The proposed two-stage
classification approach (Sect. 3) is incorporated into the development of the proposed
chatbot.

Figure 2 shows an example of a user having a conversation with the chatbot. The
chatbot will first greet the user and prompt user for input. Once the user enters a text,
the chatbot will pre-processed the text and pass to the BERT model to determine if the
text has suicide risk. Since no suicide risk is detected, the input text will be passed on to
the zero-shot classifier for intent classification. In this example, the user was requesting
for a joke that will make him or her laugh.

Besides detecting suicidal ideation, the chatbot is also able to detect user’s emotions.
Figure 3 shows an example when a sad emotion is detected and the chatbot will comfort
the user based on the predefined responses listed in the JSON file.

Figure 4 shows an example when suicidal ideation is detected. In this example, the
BERT model classifies the input text as ‘suicide’. When suicide risk is detected, the
chatbot will prompt the user if they need to get any help from the mental health profes-
sionals. If yes, then the chatbot can connect and alert the mental health professionals for
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Fig. 3. Sad emotion is detected

Fig. 4. Suicidal ideation is detected

needed care. Otherwise, the chatbot will continue to engage conversations with the user
expressing concern about their welfare.

5 Conclusion

Current mental health professionals are insufficient to meet the demand to support those
who may need treatment for mental health conditions. This could lead to more suicidal
cases. Therefore, chatbots are suggested to be an alternative mental health support. In
this paper, we proposed a two-stage classification chatbot for suicidal ideation detection.
We have shown the viability of using chatbot in detecting suicidal ideation. We plan to
extend our work to incorporate suicide intent scale to access the severity of the suicidal
ideation through text conversation with the user. Assessing the level of the intent can
help to provide appropriate responses.
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which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter’s Creative
Commons license, unless indicated otherwise in a credit line to the material. If material is not
included in the chapter’s Creative Commons license and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder.
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