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Abstract
User-generated content on social media platforms provides a valu-
able resource for developing automated computational methods
to detect mental health issues online leading to suicidal thoughts
automatically. Although current fully automated methods show
promise, they may produce uncertain predictions, leading to flawed
conclusions. To address this, we propose a novel model called DiGrI,
or Distorted Greedy Approach for Human-Assisted Online Suicide
Ideation Detection, which reformulates suicide ideation assessment
as a selective, prioritized prediction problem. The model incorpo-
rates a novel multi-classifier distorted greedy model that is opti-
mized to operate under various levels of automation and abstains
frommaking uncertain predictions with theoretical guarantees. Our
results show that DiGrI outperforms strong comparative models
including large language models in detecting mental health issues
on a publicly available Reddit dataset. We discuss the empirical and
practical implications, including the ethical considerations of using
DiGrI for online automatic suicide ideation detection involving
humans, if it were to be translated for use in clinical and public
health practice.
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Figure 1: The end-to-end pipeline for online suicide ideation
detection involves utilizing DiGrI to evaluate posts, provid-
ing predicted risk levels alongside corresponding certainty
scores. In the context of a human-assisted approach, these
predictions are categorized into distinct risk levels fromHigh
risk to completely uncertain. DiGrI strategically prioritizes
uncertain and high-risk predictions, flagging them for re-
view by mental health experts and ensuring that uncertain
cases receive prompt attention and intervention. Our key
contribution lies in developing the distorted greedy model.

1 Introduction
According to the World Health Organisation, suicide ideation is
defined as, “Thoughts, ideas, or ruminations about the possibility of
ending one’s life, ranging from thinking that one would be better off
dead to the formulation of elaborate plans.” Each year, on average,
almost 5000 people die of suicide in England and Wales [4]. This
number has increased in recent years due to various factors, includ-
ing the COVID-19 pandemic, social unrest, and economic inequality
[29]. Several factors can cause these conditions, including genetics,
brain chemistry, life experiences, and trauma. Unfortunately, three
out of four people diagnosed with mental disorders do not receive
treatment, which is alarming given the strong correlation between
mental disorders and suicidal intentions [10, 14, 16, 46]. Studies re-
veal that approximately 900,000 individuals globally commit suicide
every year1 which is alarming. This paper focuses on automatic
suicide prediction in a data-driven way, a topic that has garnered
significant attention in recent literature [37].

Recent studies have revealed that individuals suffering frommen-
tal illnesses such as depression and harbouring suicidal thoughts
often vent about personal issues on social media platforms instead
1https://www.who.int/news-room/fact-sheets/detail/suicide
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of seeking professional help [21, 45, 50]. The reasons for this phe-
nomenon range from inadequate funding to cover medical expenses
to a desire to avoid social stigma and a lack of perceived justifica-
tion for seeking medical help [48]. Early detection and intervention
are crucial for improving mental health outcomes, but traditional
methods of suicide ideation assessment are often time-consuming
and expensive [39]. Consequently, there has been increasing inter-
est in leveraging automated machine learning models and natural
language processing (NLP) to identify warning signs for suicidal
intention through user-generated social media posts to mitigate
suicidal risk [9, 18, 37, 40, 50].

Even machine learning models cannot be fully relied upon, es-
pecially for tasks such as automated suicide prediction, as their
performance may not always be guaranteed [5, 39]. This high-
lights the potential benefits of incorporating human feedback into
the automated learning process to enhance the performance of
computational models. Automated learning intertwined with hu-
man feedback is advantageous since humans possess the ability
to understand and reason about complex problems, making sound
judgements even under uncertain conditions. By incorporating hu-
man feedback into the machine learning process, it is possible to
create more accurate and robust models than those trained solely
on data. However, the key challenge lies in preventing humans
from becoming overwhelmed by inaccurate predictions generated
by the learning framework.

To address the above challenge, human involvement can be em-
ployed, where human experts are consulted to check the correctness
of the model’s predictions. This manual involvement can be used to
refine themodel’s training data and improve its overall performance.
Additionally, human experts can be involved in the decision-making
process, ensuring that the model’s predictions are interpreted and
acted upon judiciously. By combining the strengths of automated
machine learning and human expertise, it is possible to develop
more effective and reliable systems for identifying individuals at
risk of suicide. This can lead to timely interventions and improved
mental health outcomes for those most in need [37].

Recently, Sawhney et al. [39] presented the SASI: Suicidality As-
sessment on Social MedIa model that improves automated suicide
ideation prediction by factoring in uncertainty. The SASI model
is a risk-averse and self-aware transformer-based model that re-
frains from making decisions when uncertain about the instance.
The model can accurately predict suicide risk and pass uncertain
cases to human experts. The authors found that their model is
cautious and does not make incorrect predictions in 83% of cases,
thereby improving reliability. In another recent study [5], the au-
thors proposed a new framework for training machine learning
classifiers to operate under different levels of automation. The au-
thors argued that most supervised learning models are trained for
full automation, but their predictions are sometimes worse than
those by human experts in some specific instances. The authors
developed a deterministic distorted greedy model for selecting the
instances to be labelled by a human expert. The model works by
iteratively adding the instance that maximizes the expected im-
provement in the classifier’s performance. The model also takes
into account the cost of labelling each instance by human experts.

Figure 1 illustrates the typical incorporation of the human in-
volvement for suicide risk prediction. Mental health professionals

with specialized expertise in suicide risk assessment act as the hu-
man experts involved. Chronologically arranged user posts are fed
into a standard text classification model that estimates the severity
of suicidal ideation in the individuals. The model then automat-
ically categorizes these predicted levels into risk levels such as
“High”, “Moderate”, or “Low”. This categorization can be further
refined automatically using either predefined threshold values [37]
or, as our novel work proposes, by jointly fine-tuning the model
parameters with the standard classifier, eliminating the need for
static thresholds. Cases where the model is uncertain about its pre-
dictions (indicated by a newly created class) or where the model
estimates high risk are automatically flagged as high-priority in-
stances and routed to the health experts for further evaluation,
along with the certainty score. This prioritization allows health
experts to promptly review cases with high uncertainty, ensuring
timely interventions for those in greatest need.
Contributions:We present a novel human-assisted computational
model (DiGrI) that facilitates automated suicide risk prediction
while minimizing the cognitive burden on human experts by prior-
itizing uncertain predictions to avert critical errors. Unlike prior
works that rely on heuristic models with thresholds including send-
ing all cases to human experts, we replace the heuristic threshold-
based selection mechanism with a theoretically grounded selection
mechanism that provides strong performance guarantees. We in-
tegrate a novel distorted greedy approximation technique with
multiple classifiers as the new abstain function. The role of the
abstain function is to inform the standard classifier whether to
make an automatic prediction or not. We use trained classifiers
to assign weights to a sample, enabling us to assess the proxim-
ity to human annotations. The greedy approximation technique
provides a more nuanced evaluation of the model’s uncertainty.
The objective is then to maximize the evaluation metric of correct
annotations. The greedy classifier selects samples for human re-
view, iteratively selecting the sample with the highest expected
improvement in the evaluation metric. It ensures that the model
selects the most informative samples first, minimizing the cognitive
load on human experts. Our experimental results demonstrate a
substantial improvement over the previous best baseline model on
a publicly available Reddit dataset.

2 Related Work
At the onset of automated mental health issue detection research,
researchers employed a simplistic approach of feeding keywords to
computers to identify posts potentially indicative of mental health
issues [17]. For instance, researchers might use a list of keywords
such as “depressed”, “suicidal”, and “self-harm” to flag posts that
could be concerning. However, this approach was limited because it
did not account for the context of the post or the user’s personal in-
formation [50]. As an illustration, a post that says “I’m so depressed”
might be a cry for help, but it could also be a sarcastic or ironic
comment. Similarly, a post that says “I’m going to kill myself” might
be a suicide threat, but it could also be a metaphor.

To address the limitations above, researchers developed more
advanced models that could analyze various emotional states, mul-
tiple language styles, and peer-to-peer exchanges [6]. This allowed
researchers to consider the effect and seriousness of the statements

5193



DiGrI: Distorted Greedy Approach for Human-Assisted Online Suicide Ideation Detection WWW ’25, April 28-May 2, 2025, Sydney, NSW, Australia

used, creating more accurate detection models. One example is the
Bidirectional Encoder Representations from Transformers (BERT)
model [8], a pre-trained language model that can be fine-tuned for
various tasks, including mental health detection [7]. BERT can learn
the meaning of words and phrases in the context of a sentence, al-
lowing it to better understand the sentiment and meaning of social
media posts ([50]). Another popular example, before BERT, is the
Long Short-Term Memory (LSTM) model [11], a type of neural net-
work that can learn long-term dependencies. LSTMs are well-suited
for tasks such as sentiment analysis and text classification, making
them ideal for mental health detection. In these automated methods,
there is still a risk of false positives and false negatives, and it is
important to involve human experts during decision-making [37].

Given the serious nature of mental health issues and the unpre-
dictability of human nature, the suicide assessment must be handled
with care [39]. Therefore, it is essential to incorporate a human
professional layer into these models to ensure that no lives are lost
due to technological error. There are two additional reasons why
this is important. First, Balazadeh Meresht et al. [2] found that the
collaboration of human professionals and machines in Reinforce-
ment Learning Agents enhances the performance of the algorithm.
Second, in [5] the authors demonstrated that classification with hu-
man involvement under different levels of automation outperforms
full automation levels.

There have been significant advancements in human-machine
collaboration for suicidal thoughts detection [2, 5, 39, 42, 43]. For
example, Sawhney et al. [39] introduced the Suicidality Assessment
on Social Media (SASI) model, which measures the uncertainty of
the machine learning model by expanding the cardinality of the
label space. If the model is too uncertain, it refrains from predict-
ing and asks a human professional to make the final decision. The
preset data coverage parameter controls how often the human is
allowed to intervene. The optimal level of automation has not yet
been determined due to the preset variable. Balazadeh Meresht
et al. [2] proposed using a two-layer Markov decision process and
a reinforcement learning algorithm to find the optimal level of au-
tomation. In [5], the authors developed a distorted greedy model
that learns the fundamental relationship between data and its cor-
responding machine and human error. This model incorporates
the effect of machine and human error into the calculation. Over-
all, research on human-machine collaboration for suicide ideation
detection is still in its early stages, but it has the potential to revo-
lutionize the way we identify and treat these serious conditions.

There are some key differences between the existing SASI model
[39] and our model, for instance, we found that the experimental
results of SASI are not repeatable. During our experiments, we
also found that most of the cases that the model used to flag as
uncertain require human intervention. Besides that, the model is
unaware that there is a human involved. The selection function in
the SASI model is rather ad-hoc because the model’s confidence
cannot be calibrated so that it accurately reflects the likelihood that
the prediction is correct. The set threshold value in the SASI model
further reflects that certain ad-hoc choices must be made to make
the model perform optimally. The fundamental issue with the SASI
model is that it sends all the instances to the human expert which
might overwhelm them if the threshold values are not filtered. Our
framework is also similar in spirit to the recent CLEFT model [33],

but there are several fundamental differences. The key difference
is that CLEFT uses a different loss function, and it does not have a
greedy mechanism to select the most ideal classifiers. The output
from the greedy model maximizes the probability of the model
accurately predicting the correct label and refrains from making a
prediction when it is uncertain.

Active learning is a machine learning technique that allows
algorithms to autonomously select the most informative training
data [35]. This can improve the performance of text classification
by reducing the need for human annotation and accelerating the
learning process. Our work uses active learning by employing a new
greedy model exploiting multiple classifiers. Our model only needs
to make accurate predictions on a subset of the samples, while the
remaining samples are outsourced to a human expert. Our model
contributes to the advancement of human-machine collaboration
models by focusing on the interaction between the machine and
the human expert that will lead to the best joint decision.

The Columbia Suicide Severity Rating Scale (C-SSRS) [32, 39] is
a reliable questionnaire used to measure the severity of suicide risk.
It has three items: Suicide Ideation, Suicide Behavior, and Suicide
Attempt. Each C-SSRS severity class consists of a set of concep-
tually organized questions that describe the respective category.
Responses to these questions across the C-SSRS classes are used
to determine an individual’s suicide risk [27]. One challenge that
researchers face when using the C-SSRS to assess suicide risk from
social media content is the wide range of emotions expressed on
social media. On social media, non-suicidal users may participate
to offer support to others who are deemed suicidal. To address
these challenges, [12] defined two additional classes to the exist-
ing C-SSRS scale: Suicide Indicator that includes individuals who
express suicidal ideation or behaviour on social media, but may
not be at immediate risk of suicide. Supportive (Negative class)
includes individuals who offer support to others who are suicidal
on social media. These two additional classes allow researchers to
more accurately assess suicide risk from social media content and
to identify individuals who may need support.

3 Our Novel Model (DiGrI)
In this section, we describe the technical details of our novel model,
DiGrI. Unlike the SASI model [39], DiGrI does not use an ad-hoc se-
lection function. Instead, we introduce a principled distorted greedy
approach with multiple classifiers that have strong theoretical guar-
antees [5]. While our optimization model is NP-hard, we propose
training an additional model to decide which samples to outsource
to a human. This setting differs from the one proposed in [5], which
uses only a single maximum-margin classifier. Our classification
models are trained on the labelled set. If the model does not make
any mistakes on the training set, we can possibly conclude that the
samples assigned to the classifier during training are representative
of the feature distribution. This means that the classifier will per-
form well on unseen samples from this distribution. However, we
still need to decide whether to outsource an unseen feature vector
from the test set to a human expert. This is because outsourcing all
unseen samples to humans can be expensive or time-consuming.
To address this issue, the model in [5] works by iteratively adding
samples to a set of labelled data that will be used to train a classifier.
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Figure 2: The figure depicting DiGrI for early suicide detec-
tion with multiple classifiers exploiting the distorted greedy
abstain function. Figures in the text classification component
are taken from Wikipedia. [CLS] token represents sentence-
level classification and the [SEP] token is used in the model
to depict the end of one input and the start of another input
in the same sequence input.

At each iteration, the model chooses the sample that is most likely
to be misclassified by the classifier and outsources it to a human
expert for labelling. The model then updates the classifier based on
the newly labelled data. The Distorted Greedy model differs from
the standard greedy model in that it distorts the distribution of the
labelled data. This is done by giving more weight to samples that
are more likely to be misclassified by the classifier.
Problem Formulation:We address the problem of suicide ideation
as a classification task. Our goal is to automatically predict the risk
of a user committing suicide. To determine the likelihood of sui-
cide for a particular user 𝑢𝑖 from a group of users 𝑢1, 𝑢2, ..., 𝑢V ,
whereV denotes the total number of users, we analyzed the post(s)
𝑃𝑖 = 𝑝𝑖1, 𝑝

𝑖
2, · · · , 𝑝

𝑖
𝑇
where each post is sorted chronologically with

𝑇 being the final timestamp of 𝑢𝑖 of posts that they shared on social
media that indicates the most recent post. For the user evaluation,
the Columbia-Suicide Severity Rating Scale (C-SSRS) [32] was uti-
lized, following the method in [3]. C-SSRS manually assigns users
to five risk levels, from Support (SU) to Attempt (AT), with each
level indicating increasing severity. What is defined as a “High” risk
can be manually annotated by the expert, e.g., depending upon the
user set, one may want every prediction above Behavior to be sent
to the human expert as a high-risk instance. This technique has
been adopted in [37]. These five levels define our labelled dataset Y.
To automatically detect suicide in users, we must also expand the
cardinality of the label space by 1, i.e., |Y| + 1 to handle the cases
when the model is uncertain in its predictions (meaning that an
additional label called “Refrain” is introduced). This label is used
when the model is uncertain about the user’s suicidal risk.
Overview of DiGrI: Figure 2 shows the architecture of DiGrI. Our
model has the following key components: 1) Representation learn-
ing model that learns a representation of the input text that captures

the relevant features for classification, 2) Text classification model
that takes the representation of the input text as input and predicts
its class. This model is called the Suicide Ideation Model (SIM) in
[39], and 3) Multiple classifier distorted greedy abstain model that
decides whether to outsource a sample to a human expert for la-
belling. While representation learning and classification models,
i.e., BiLSTM with attention to text classification are common in the
literature [22, 23, 30], our work introduces a novel greedy classifier.

Each social media post made by a user can provide detailed
information about the manifestation of suicidal thoughts over time
as demonstrated in [28]. To capture this temporal property, we
employed the long short-term memory (LSTM) backbones [12, 19,
26, 39]. Each 𝑝𝑖

𝑘
∈ 𝑃 is a natural language text post from the dataset.

We preprocess the text to make it suitable for the machine learning
model. We input the preprocessed text to the vanilla BERT encoder,
which outputs a 786-dimensional semantic vector representation for
every post’s [CLS] token that the user has shared on online social
media denoted as 𝐸𝑖

𝑘
= 𝐵𝐸𝑅𝑇 (𝑝𝑖

𝑘
). In general, we could exploit any

suitable pre-trained language models such as BERT [8] or RoBERTa
[24]. However, we used the BERT model in our work due to its
strong performance. We then pass these semantic vectors to the
text classification model, which is the Bi-LSTM [15] with attention
model in our case denoted as ℎ𝑖

𝑘
= BiLSTM(𝐸𝑖

𝑘
) that gives the

hidden states denoted as x = [ℎ𝑖1, ℎ
𝑖
2, · · · , ℎ

𝑖
𝑇
] where ℎ𝑖

𝑘
∈ R𝐻 and

𝐻 is the latent dimension. The attention model is used to focus
on key latent dimensions [39, 41, 50]. We make predictions using
the MLP with a softmax layer that gives us ŷ, which is a standard
setting in several text classification tasks [22, 23, 30].

Our model’s abstain function exploits the distorted greedy classi-
fier. This classifier consists of a number, 𝛼 , of weak learners, trained
on the training dataset, that predict the class for each instance
with a confidence estimate. In Figure 2, the unique feature of our
framework is the greedy model, which consists of a set of classi-
fiers 𝐶𝛼 ∈ C that complement each other in their properties, e.g.,
discriminative and generative, where |C| is the number of classi-
fiers and 𝛼 <= |C| and ∀𝐶𝛼 ∈ C, there is an output label 𝑌𝛼 . In
DiGrI, we have |C| = 10 due to the computational ease and strong
empirical performance. These classifiers make a collective deci-
sion whether to abstain or predict the instance confidently. Each
classifier predicts an instance with a weight 𝑤𝛼 that denotes its
confidence in its prediction 𝑌𝛼 . These weights are jointly trained
during the backpropagation phase. At each iteration, the model
predicts 𝑦 which is then compared with 𝑦 through the loss function
𝐿(𝑦,𝑦) parameterised by 𝜃 . The Gambler’s loss in our model allows
the “weighted” gradients, from the classifiers, to propagate through
𝑔. The distorted greedy model aggregates the predictions from the
trained classifiers and selects one or more trained classifiers for the
sample data. The predictions and their confidence are then sent to
human experts.

Our objective function can be expressed as the difference be-
tween two functions, 𝑓 = 𝑔−𝜗 , where 𝑔 is monotone, non-negative,
and 𝛾-weakly submodular, and 𝜗 is non-negative and modular as
demonstrated in [5] for a single classification function. The param-
eter 𝛾 represents the degree to which 𝑔 is more sensitive to the mar-
ginal contribution of recently added data points. 𝜗 is a non-negative
and modular function that accounts for the cost of outsourcing a
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data point to humans. It represents a fixed cost associated with each
data point outsourced, regardless of the order in which they are
chosen. This allows us to exploit a recently introduced deterministic
greedy model [5], as well as a more efficient randomized variant
of the model, to obtain approximation guarantees for solving the
problem. This model aims to find a subset of training data points
to outsource to humans for labelling while still maintaining high
overall classification accuracy. The distorted greedy model is based
on the concept of 𝛾-weakly submodular functions. These functions
are a generalization of submodular functions, which are known
to have good approximation guarantees for certain optimization
problems. 𝛾-weakly submodular functions capture the benefit of
outsourcing a data point to humans.

The distorted greedy model in our model with multiple classi-
fiers works by iteratively selecting the data point that maximizes
its marginal contribution to the difference between 𝑔 and 𝜗 . This
means that at each step, the model chooses the data point that
will most improve the overall classification accuracy while also
minimizing the total cost of outsourcing data points. The model
can find a solution that is within a constant approximation factor
of the optimal solution, making it a valuable tool for optimizing
classification models under human assistance. This model is jointly
optimized with a loss function called the Gambler’s loss, which is
the same loss function used in [25, 39]. This joint learning ensures
that the parameters of the model are faithfully trained in a single
coherent space, resulting in improved performance without the
need for a threshold parameter. Overall, this model provides a prin-
cipled approach to optimizing classification models under human
assistance, ensuring that the overall accuracy remains high while
minimizing the reliance on human labelling.

We denote S as the subset of the samples sent to humans where
S ⊂ V and |S| ≤ 𝛽 where 𝛽 is the small subset of users. To
incorporate the cost of outsourcing data, we introduce, into the loss
function, a component that is proportional to the number of samples
outsourced to humans. This term encourages the classifier to make
accurate predictions on the data that it is trained on so that it does
not need to rely on human experts as much. The loss function is
also proportional to the uncertainty of the classifier’s predictions.
As a result, we encourage the classifier to outsource samples that
it is unsure about so that it can improve its performance on these
samples. The loss function, 𝐿𝜃 (𝑦,𝑦) in our model is denoted by:

min
S,𝜃

𝛼∑︁
𝑗=1

∑︁
𝑖∈V\S

𝑙 𝑗 (ℎ𝜃 (x𝑖 , 𝑦𝑖 )) +
∑︁
𝑖∈S

𝜗 (xi, 𝑦𝑖 ), s.t. |S| ≤ 𝛽 (1)

4 Experiments and Results
4.1 Experimental Settings
Dataset: 2.0 Experimental Advanced. Lacks access to real-time info
and some Gemini features. To assess DiGrI’s performance, a public
dataset from [12], focused on identifying suicide risk on Reddit, was
employed. This dataset comprises 500 users, each categorized into
one of five escalating risk levels based on their activity across nine
subreddits related to mental health and suicide. Four practicing
psychiatrists labeled the data utilizing C-SSRS guidelines. Table 1
summarizes the distribution of these risk levels (class labels). This

Table 1: Dataset statistics

Label Percentage (%)

Supportive (SU) 20%
Suicidal Indicator (IN) 20%
Suicidal Ideation (ID) 34%
Suicidal Behavior (BR) 15%
Actual Attempt (AT) 9%

dataset has been widely used to evaluate computational models for
suicide ideation.

While several datasets, including those presented in Ghanadian
et al. [13], focus on suicide ideation, we argue that the dataset
introduced by Gaur et al. [12] is most suitable for our research. This
is primarily due to two key factors: 1) the explicit inclusion of risk
levels, providing a granular understanding of suicide ideation, and
2) its alignment with other Reddit-based datasets, such as the UMDs
Reddit Suicidality Dataset [13], facilitating comparative analysis.
Preprocessing: To mitigate noise and address out-of-vocabulary
(OOV) terms, our pre-processing pipeline includes several steps.
Initially, spelling errors were rectified, and emoticons/emojis were
replaced with corresponding textual representations. Hashtag sym-
bols (#) were removed to separate conjoined words. URLs, numbers,
user mentions, contractions, and lengthened words were standard-
ized. These steps were performed using the emoji and ekphrasis
Python libraries. Additionally, punctuation, repeated words, and
stopwords were removed using standard procedures and regular
expressions.
Hyperparameters: To maintain consistency, experiments were
conducted on the training set utilizing 5-fold cross-validation, with
80 users per fold, consistent with previous research [12, 36]. Hyper-
parameter tuning was performed using grid search. The number of
layers (𝑛) was optimized by testing values within the set (𝑛) ∈ {1, 2,
3}. Other hyperparameters were also varied: dropout rate 𝛿 from 0
to 0.8 in increments of 0.2, hidden dimension (𝐻 ) from 32 to 128 in
increments of 32, learning rate (lr) from 0.001 to 0.01 in increments
of 0.004, and the regularizer parameter 𝛽 from 0 to 3.0 in increments
of 0.3. Optimizers used included Adam, Adamax, and AdamW, with
a batch size of 16. Varying post lengths were addressed by padding
during training, and the model was trained for 150 epochs. Optimal
hyperparameters were determined as: (𝑛) = 2, lr = 0.005, 𝛿 = 0.5, O
= AdamW, and (𝐻 ) = 128.
Evaluation metrics: To evaluate the model’s performance on the
coverage samples, we use graded variants of F1 score, Precision,
and Recall, as described by [12]. Following the work of [12, 39], we
use the following metrics:

𝐹𝑁 =

∑𝑁
𝑖=1 𝐼 (𝑘𝑎𝑖 > 𝑘

𝑝

𝑖
)

𝑁
𝐹𝑃 =

∑𝑁
𝑖=1 𝐼 (𝑘

𝑝

𝑖
> 𝑘𝑎

𝑖
)

𝑁
(2)

In the equations above, in [12], the authors modified the definitions
of false positives (FP) and false negatives (FN). FN is defined as the
ratio of the number of times the predicted suicide risk level 𝑘𝑝 is
less than the actual risk level 𝑘𝑎 to the total number of samples 𝑁 .
FP is defined as the ratio of the number of times the predicted risk
𝑘𝑝 is greater than the actual risk 𝑘𝑎 to 𝑁 .

Let 𝑃𝑇 represent the total number of test samples, 𝑃𝑐𝑜𝑟𝑟+𝑟𝑒 𝑓 𝑟𝑎𝑖𝑛
denote the count of samples either accurately predicted or abstained
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from, 𝑃𝑟𝑒 𝑓 𝑟𝑎𝑖𝑛 indicate the total number of abstained samples, and
𝑃𝑖𝑛 signify the number of incorrect predictions within the abstained
group. We further define two metrics: Robustness and Fail-Safe
Rejects (FSR).

𝑅𝑜𝑏𝑢𝑠𝑡𝑛𝑒𝑠𝑠 =
𝑃𝑐𝑜𝑟𝑟+𝑟𝑒 𝑓 𝑟𝑎𝑖𝑛

𝑃𝑇
, 𝐹𝑆𝑅 =

𝑃𝑖𝑛

𝑃𝑟𝑒 𝑓 𝑟𝑎𝑖𝑛
(3)

Robustness measures the proportion of samples that are either
correctly categorized or flagged for immediate review. Fail-safe
rejects quantify the percentage of rejected samples that were, in
fact, incorrect. A higher fail-safe rejects score indicates reduced
workload for human moderators, as fewer non-critical samples will
require their attention.

4.2 Baseline Models
For use in the traditional models described below, we concate-
nated several language-based features (LBFs) into a single vector
for each post. These LBFs comprised the psychological Linguistic
Inquiry and Word Count (LIWC), part-of-speech counts, and term
frequency-inverse document frequency [34].

TraditionalMethods: We tested four traditional machine learn-
ingmodels: 1) SVM+RBF [1]: This classifier employs an SVMwith a
Radial Basis Function kernel and hinge loss as the objective function,
using the previously generated LBF vector as input. 2) SVM-L [1]:
This model utilizes an SVM with a linear kernel (𝑐 = 1.5) and hinge
loss objective function, taking the aforementioned LBF vector as
input. 3) RF [38]: This approach uses a Random Forest classifier
with the Gini Impurity metric as the objective function, utilizing
the previously derived LBFs. 4) MLP [1]: employs a Multilayer
Perceptron with two hidden layers, each containing 64 neurons. It
uses the LBFs as input and log loss as the objective function.

Deep Learning Methods: We evaluated seven deep learning
models: 1) Context CNN [12]: This model utilizes GloVe embed-
dings [31] to represent user posts, which are then concatenated
and processed by a contextual CNN. 2) Suicide Detection Model
(SDM) [3]: Posts are converted into fine-tuned FastText embeddings
and subsequently fed into an attention-based long-short-term mem-
ory (LSTM) network. 3) ContextBERT [26]: The winning model
of the 2019 CL Psych Classification Competition [49], this model
encodes Reddit posts using BERT and passes them to a GRU. 4)
SISMO [36]: Word representations generated using Longformer
are passed to an attention-based bidirectional LSTM (BiLSTM) with
ordinal loss as the objective function. 5) MentalBERT: [20]: A
recently developed transformer-based model, a variant of BERT,
specifically designed for text mining in mental health. 6) MentalL-
laMa: [47]: A recent model based on LLaMa [44] that formulates
interpretable mental health analysis as a text generation task. 7)
SASI [39]: A risk-averse, self-aware transformer-based hierarchical
attention classifier designed to abstain from uncertain predictions.

4.3 Experimental Results
Overall comparison: The results in Table 2 demonstrate the su-
perior performance of our proposed method compared to several
baseline approaches in identifying online health information related
to suicide risk. Deep learning models, including DiGrI, surpass tra-
ditional methods like SVM with RBF, SVM-L, RF, and MLP, which

Table 2: DiGrI was evaluated against multiple baselines,
demonstrating a statistically significant improvement (p <

0.005) over the second-best performing method (underlined),
as determined by the Mann-Whitney U test.

Model GP GR FScore FSR Robustness

SVM+RBF 0.53 0.51 0.52 - -
SVM-L 0.60 0.45 0.52 - -
RF 0.68 0.49 0.57 - -
MLP 0.45 0.59 0.51 - -

Contextual CNN 0.65 0.52 0.59 - -
ContextBERT 0.61 0.57 0.60 - -

SISMO 0.62 0.62 0.62 - -
MentalBERT 0.64 0.64 0.64 - -

MentaLLaMA-7B 0.66 0.65 0.65 - -

SASI (Cov 100%) 0.65 0.54 0.60 - 0.43
SASI (Cov 85%) 0.65 0.55 0.59 0.75 0.51
SASI (Cov 50%) 0.65 0.55 0.61 0.58 0.81

DiGrI (Cov 100%) 0.68 0.62 0.65 1 0.25
DiGrI (Cov 85%) 0.72 0.65 0.69 1 0.36
DiGrI (Cov 50%) 0.77 0.85 0.81 0.96 0.76

depend on manually engineered features. This improved perfor-
mance is due to deep learning models’ ability to effectively capture
contextual information and the complexities of a user’s mental
state.

Sequential deep learning-based methods, such as DiGrI, show-
case superior performance compared to CNN-based methods, possi-
bly due to their capacity to capture more extended temporal context.
DiGrI consistently outperforms SASI across different coverage lev-
els, signifying its robustness in handling varying degrees of content
coverage. Most importantly, we also outperform recently developed
highly effective language models MentalBERT and MentalLlaMa.

Furthermore, our findings underscore the significance of DiGrI’s
ability to avoid committing to erroneous predictions, as indicated
by its superior FSR (Fail-Safe Reject) scores. The Mann-Whitney
U test confirms the statistical significance (𝑝 < 0.005) of these
performance improvements, emphasizing the superiority of DiGrI
over the tested baseline methods. We conclude that DiGrI stands
out as an effective and robust approach for identifying suicide risk in
online health information. Its superior performance across various
coverage levels and the statistical significance of its improvements
reinforce its potential as a reliable tool for content moderation in
mental health contexts.
Coverage and Performance Trade-off:We conducted an evalua-
tion of the proposed Greedy classifier and SASI across a spectrum of
target coverage values, adjusting the threshold parameter in SASI.
As illustrated in Figure 3 and supported by the data in Table 2, the
trade-off between coverage and performance becomes apparent.

For the DiGrI, maintaining a high Fail-Safe Reject (FSR) of 1.00
at all coverage levels, it achieves a competitive FScore, with values
ranging from 0.61 to 0.99. This emphasizes the DiGrI’s strength
in consistently avoiding false negatives, particularly evident in its
FScore performance at 100% coverage. In contrast, SASI demon-
strates varying performance metrics across coverage levels. While
achieving a respectable FScore, its FSR values fluctuate, suggesting a
trade-off between false negatives and false positives. Notably, DiGrI
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Figure 3: DiGrI (left) v/s SASI (right): changes in performance
metrics with increasing coverage

consistently outperforms SASI in terms of FScore, showcasing the ef-
fectiveness of our approach. Our analysis reveals that DiGrI strikes
a favourable balance between coverage and performance. At 90%
coverage, it outperforms SASI statistically, maintaining a perfect
FSR score of 1.00. This underscores the potential of DiGrI in achiev-
ing competitive performance while efficiently moderating content.
We conclude that DiGrI exhibits adaptability to varying coverage
requirements, offering competitive performance compared to the
state-of-the-art SASI model. The results underscore the importance
of careful consideration in selecting the optimal coverage threshold
for real-world deployment, with DiGrI emerging as a promising
solution in achieving a balanced trade-off between coverage and
performance.

Taking into account the performance trade-off, we propose that
the optimal data coverage for DiGrI lies between 50% and 60%.
This range allows for robust model performance while ensuring
a manageable workload for human moderators. This underscores
the potential of DiGrI in balancing performance and moderation
workload, even in the face of trade-offs.
Ablation analysis: We systematically investigate the impact of
introducing individual components to our proposed model under
varying coverage settings (Table 3). Initially, employing the Suicide
Ideation Model (SIM) [37] as the base model yields a consistent
FScore of 0.53 across different coverage rates (50%, 85%, and 100%).
Subsequently, augmenting SIM with the Gambler Loss (GL) [37]
demonstrates a notable enhancement, resulting in FScore improve-
ments to 0.61, 0.59, and 0.60 for 50%, 85%, and 100% coverage, re-
spectively. Remarkably, the most substantial performance gains
are observed in DiGrI. The FScore experiences a significant boost,
reaching 0.81, 0.69, and 0.61 for the respective coverage rates. This
underscores the strength of DiGrI in improving the model’s pre-
dictive capabilities, particularly evident in scenarios where full
coverage is essential. In conclusion, the cumulative effect of the
combined components, especially the distorted Greedy model, re-
sults in a robust and high-performingmodel across diverse coverage
settings, affirming its efficacy in enhancing the overall predictive
accuracy of the proposed approach.
Analysing different classifiers: The evaluation of Mean Squared
Error (MSE) across varying coverage rates reveals nuanced perfor-
mance patterns among different classifiers (Table 4). The distorted
Greedy classifier consistently demonstrates superior predictive ac-
curacy, yielding lower MSE across the entire spectrum of coverage
rates. This consistent performance underscores the reliability of the
distorted Greedy classifier in minimizing errors. Other classifiers
exhibit more variable behaviour, with fluctuations and increasing

Table 3: Ablation analysis: F-scores are averaged across 10
folds. The asterisk (*) denotes that the proposed method
yielded a significant performance improvement (p < 0.05)
compared to other variants, as determined by the Mann-
Whitney U test.

Model Cov (50%) Cov (85%) Cov (100%)

SIM 0.53 0.53 0.53

SIM+Gambler loss (GL) 0.61 0.59 0.60

DiGrI 0.81* 0.69* 0.61*

Table 4: MSE Graphs

Classifier\Cov 0.2 0.4 0.6 0.8 1

AdaBoost 0.45 0.56 0.68 1.22 1.12

MLP 0.20 0.65 0.47 1.29 1.13

KNeighbor 0.36 0.32 0.40 0.93 1.25

RandomForest 0.23 0.30 0.97 1.10 1.04

Gaussian Process 0.86 1.31 0.80 1.02 1.31

Decision Tree 0.38 0.36 1.33 0.94 0.82

XGB 1.47 0.83 0.97 1.32 1.29

GaussianNB 0.96 0.50 1.57 1.54 1.29

Gradient Boosting 0.18 0.30 0.47 0.95 1.00

Distorted Greedy 0.08 0.10 0.33 0.78 0.88

trends in MSE across different coverage rates. The findings high-
light the robustness of the distorted Greedy classifier and emphasize
its potential suitability for applications demanding consistent and
accurate predictions. However, it is also crucial to consider model
interpretability and computational efficiency when selecting the
most appropriate classifier for specific tasks.

The analysis of various classifiers with FScore across diverse
coverage rates reveals distinctive performance patterns (Table 5).
AdaBoost, MLP, KNeighbor, and RandomForest exhibit fluctuating
performances, displaying variable FScore values across different
coverage rates. Gaussian Process and Decision Tree also demon-
strate diverse performances. XGB and Gradient Boosting exhibit
variability in FScore, while GaussianNB demonstrates fluctuations
peaking at higher coverage rates. Notably, the Greedy model con-
sistently outperforms other classifiers, showcasing an ascending
trend in FScore values with increasing coverage rates. This stead-
fast performance of the Greedy model underlines its efficacy in
achieving higher predictive accuracy, making it the optimal choice
for suicide risk assessment within this analytical framework.
Qualitative Analysis: The key advantage of DiGrI is in its ability
to exercise caution and refrain from making misleading predictions,
particularly over high-risk samples. In our study involving 4 users
(Figure 4), we highlight instances where DiGrI demonstrates its
nuanced decision-making. Notably, DiGrI refrains from committing
to predictions for high-risk users, assigning them a high priority
for immediate review and response. Even when DiGrI correctly
predicts the risk level of user C, it chooses to refrain, possibly due
to a cautious approach prompted by phrases such as “take my life”
in the user’s timeline. This cautious prioritization is indicative of
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Table 5: Difference classifiers v/s coverage.

Coverage 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

AdaBoost 0.45 0.56 1.10 0.68 1.12 1.22 0.74 0.88

MLP 0.20 0.65 0.68 0.47 0.94 1.29 2.91 1.13

KNeighbor 0.36 0.32 0.42 0.30 0.23 0.93 0.89 1.25

RandomForest 0.23 0.20 0.21 0.97 0.77 1.10 0.74 1.04

Gaussian Process 0.86 1.31 0.88 0.80 1.11 1.02 1.39 1.31

Decision Tree 0.38 0.36 0.08 1.33 1.55 0.94 1.19 0.82

XGB 1.47 0.83 1.84 0.97 1.34 1.32 1.28 1.29

GaussianNB 0.96 0.50 1.52 1.57 1.34 1.54 1.74 1.29

Gradient Boosting 0.08 0.30 0.12 0.33 0.51 0.95 1.28 1.00

Distorted Greedy 0.08 0.10 0.12 0.47 0.54 0.78 0.91 1.13

DiGrI’s commitment to ensuring the utmost accuracy, especially
for users already at a relatively high risk.

Examining User B, who exhibits a very low sign of risk, DiGrI
confidently highlights without the need to refrain. Conversely, for
User D, DiGrI makes a confident yet erroneous prediction. Despite
the misstep, as the user is not deemed high risk, DiGrI assigns
the same priority level as the true risk label. While this particular
example may not be a cause for concern, it sheds light on scenarios
where DiGrI, despite confidence, may assign a low-risk score to a
high-risk user.

The qualitative analysis presented in Figure 4 illuminates insights
into the predictive performance of DiGrI relative to the strong base-
line, SASI. The visual representation in Figure 4 provides a nuanced
examination of ground truth instances, revealing the heightened
decision-making acumen of DiGrI. Particularly noteworthy is the
case of User C’s post, wherein DiGrI demonstrates a judicious ap-
proach by refraining from making a prediction, thereby mitigating
the risk of potential inaccuracies observed in the original SASI code.
This discerning behaviour underscores the efficacy of the embedded
distorted Greedy model within DiGrI, attesting to its capability to
navigate uncertainty judiciously.

Furthermore, the instances involving Users A, 198, and 332 un-
derscore the consistent superiority of DiGrI over the original SASI
code. DiGrI exhibits a commendable ability to accurately predict
outcomes where SASI encounters limitations, further corroborat-
ing its enhanced predictive accuracy. The qualitative findings col-
lectively emphasize the practical advantages of DiGrI in content
moderation applications, showcasing its propensity to not only
outperform the baseline but also exercise caution and refrain from
predictions in instances where SASI falters. These observations
contribute valuable insights into the nuanced decision-making ca-
pabilities of DiGrI and its potential as an advanced tool in the
domain of content moderation.

4.4 Discussion
By leveraging trained classifiers, DiGrI effectively resolves the issue
of inconsistent FSR scores. These classifiers, adept at distinguishing
between refrain and non-refrain samples, contribute to the overall
robustness. The distorted Greedy abstain function, guided by the
classifier with the highest refrain accuracy, ensures consistently
high FSR across diverse coverage values (10 - 100%). DiGrI offers

Figure 4: DiGrI leverages user prioritization. We display ac-
tual user labels alongside predicted labels, also noting when
DiGrI opted to abstain from prediction. Additionally, we il-
lustrate how DiGrI categorizes users into priority levels. To
safeguard user privacy, all examples have been paraphrased
using a moderate disguise strategy.

a superior and precise solution to challenges encompassing low
FScore due to diminished prediction accuracy, uncertainty in refrain
weight distribution from the abstain function, low robustness score
resulting from inaccurate refrains, and sensitivity issues related to
adjusting coverage values.
Inconsistent Fail-Safe Rejects: The SASI model [39] exhibited
inconsistent Fail-Safe Rejects (FSR) scores. In an attempt to rectify
this issue, the authors experimented with various loss functions,
such as Gambler’s loss, Ordinal loss, Gambler plus Ordinal loss,
and Cross Entropy loss. Notably, the highest graded metric scores
were achieved with the Gambler’s loss function. However, it was
observed that Gambler’s loss function only led to an increase in
FSR with data coverage higher than 70%.

In contrast, DiGrI employs trained classifiers for the classifica-
tion of refrain and non-refrain samples. The heightened accuracy
of these classifiers makes them well-suited for discerning the sam-
ples warranting refrain. By allowing the distorted Greedy abstain
function to select the trained classifier with the highest refrain
accuracy, DiGrI consistently achieves high FSR across coverage
values ranging from 10% to 100%. This strategic approach enhances
the robustness of DiGrI, providing a more reliable solution to the
challenge of inconsistent FSR scores, as demonstrated in the results.

5 Conclusions
We introduce a newmodel for suicide detection that integrates selec-
tive prioritization into deep learning-based risk assessment. DiGrI
exhibits intrinsic self-awareness, choosing to refrain from predic-
tions under uncertainty and instead designating these instances for
high-priority review. Quantitative evaluation on real-world data
confirms DiGrI’s effectiveness, demonstrating that it successfully
avoided high-risk situations by abstaining from incorrect predic-
tions in 83% of cases.
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