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ABSTRACT: Suicide has been identified as a major global public health issue. It is 

reported that there are many uses of  mental health-related disclosures via social media 

platforms. There have also been reports indicating that  there may be a means to provide 

timely interventions using automated systems to detect suicidal ideations  within user-

created texts. However, previous models have demonstrated limitations in detecting 

suicidal  ideations due to class imbalance issues, poor context understanding capabilities 

and the failure to generalize  well when trained using other data sources. The objective of 

this paper is to develop and evaluate a novel  Stacked Transformer Ensemble Framework 

(STEF), which utilizes three different transformer-based  architectures: BERTweet, 

RoBERTa and DistilBERT at the probability level and employs a probabilistic  XGBoost 

classifier as its final decision-making component. These architectures were selected 

because they  represent complementary domains of knowledge and have demonstrated 

success when used individually  for NLP tasks. The STEF was tested using the 

Generalized Suicide Detection Dataset, which consists of  57,306 social media posts with 

a large degree of class imbalance (approximately 92% suicidal) and  employed a class 

weighted cross-entropy loss function to address the uneven distribution of classes when  

training the transformers. Results indicate that the STEF outperformed each individual 

baseline architecture  for all metrics including precision (98.26%), recall (99.05%), ROC-

AUC (99.65%) and MCC (88.44%).  An additional evaluation consisting of a tenfold cross 

validation assessment across seven different  configuration options further supported the 

STEFs ability to perform consistently regardless of the data  used for testing. These results 

support the concept that combining multiple domain-specific transformer based 

architectures using meta learning provides a substantial improvement over individual 

transformer based models for identifying individuals who are at a higher risk for suicide. 

Therefore, this model  demonstrates potential as a viable solution for both clinical and 

social media based mental health  monitoring. 
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1. INTRODUCTION 

Suicide is one of the most common cause of death world-wide, according to the WHO there are around  700,000 deaths per 

year from self-inflicted harms [1]. For many years, clinical research has attempted to  

develop ways to identify those at risk of suicide however the stigma of mental health problems and the  reluctance of at-risk 

people to seek help has made it difficult to find these individuals [2]. Social media  platforms have changed the way humans 

communicate, allowing users to express feelings of distress,  ideations and hopelessness in digital environments that clinicians 

and researchers could not access before  [3]. As a result, Natural Language Processing (NLP) and Machine Learning (ML) 

techniques have become  useful tools to analyze these digital expressions in order to identify at-risk individuals. In addition to 

NLP  and ML, several types of algorithms were developed to analyze these digital expressions. Some of the first  algorithms 

used were lexicon based approaches and classical classifiers including support vector machines  (SVM) and logistic regression. 

These earlier systems had difficulty recognizing the complex, semantic  relationships found within suicidal communications [4]. 

Deep learning architectures specifically  convolutional neural networks (CNNs) and recurrent neural networks (RNNs) were 

later developed and  offered some improvement but continued to struggle with identifying long range relationships and using  

colloquialisms that are specific to social media text [5]. The transformer revolution was initiated when  Vaswani et al. [6] 

introduced the attention mechanism followed by BERT [7], RoBERTa [8], and other  domain-adaptive variations, transforming 

the standards for nearly every NLP task. Specifically, BERTweet  [9], trained on 850 million tweets, is specifically tailored for 

the type of microblogging language found on  social media platforms like Twitter and Reddit. However, each individual 

transformer approach is  vulnerable to overfitting when training on unbalanced datasets and lacks multiple representative 

features  needed to accurately generalize across different types of social media data [10].  

Ensemble learning has been identified as a method of improving predictive reliability by utilizing a  combination of diverse 

base learner models [11]. More specifically, stacked generalization (or stacking)  uses a meta-learner trained on the output 

probabilities of a set of base models that allows for non-linear  combination of the complementary feature spaces produced by 

each base model [12]. Meta-learners based  on gradient boosted trees especially XGBoost [13] have shown superior performance 

in combining base  model outputs because they can capture second-order interaction effects among the base model outputs  

while maintaining both speed and interpretability. Although both transformer architectures and ensemble  methods offer unique 

advantages individually for suicide risk detection, the incorporation of both methods  systematically for detecting suicide risk 

continues to be underdeveloped. Most existing studies rely solely  upon either a single pre-trained model or basic average 

ensembles without fully leveraging the  complementary linguistic representations encoded by each of the distinct transformers 

[14]. Additionally,  the inherent class imbalance in real-world suicide datasets i.e., the number of posts indicating suicide far  

exceed the number of posts indicating no-suicide are often managed solely through oversampling  techniques rather than being 

balanced during training via weighted-loss functions [15]. 

This paper bridges this gap through the development of the Stacked Transformer Ensemble Framework  (STEF). STEF utilizes 

BERTweet, RoBERTa, and DistilBERT as independent base learners, combines  their probabilistic output vectors into a six 

dimensional vector for input to an XGBoost meta-classifier. The  main contributions of this paper include:  

∙ A novel multi-staged ensemble framework integrating Twitter-specific, general-domain, and  knowledge-distilled transformer 

models for suicide risk classification.  

∙ An ensemble strategy that combines the probability levels of each base model to produce a compact  six-dimension vector 

representing inter-model agreements/confidence. This represents a feature level concatenation-free strategy.  

∙ Empirical validation through 10 fold stratified cross-validation and ablation testing across seven  configurations. Statistical 

comparisons to each of the baseline transformer models will also be  presented.  

∙ Comprehensive treatment of severe class imbalance through use of class weighted cross entropy  loss function during training.  

The rest of this paper will follow this outline: Section II provides a review of relevant literature; Section III  describes our 

proposed methodology; Section IV outlines how we implemented our methodology; Section  V contains empirical findings; 

and Section VI includes conclusions and recommendations for future  research.  
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II. RELATED WORKS  

The field of detecting suicidal ideation through text analysis has developed dramatically since 2010. It  started with simple rule-

based lexical resources, advanced to sophisticated applications of deep learning  and then to using pre-trained language models. 

In this section, we review fifteen representative studies  conducted during the last decade, discussing the methodology each one 

used, their main results, and what  they were unable to accomplish.  

Ji et al. (2021) proposed an approach based on graph structures that combined interaction graphs among  users with BERT 

encoding to assess suicide risks for individuals posting messages on Reddit. They showed  that their method was able to obtain 

competitive values of the F1 score by considering temporal  relationships existing among cross-posts; however, the 

computational costs associated with this method  would prevent it being implemented in real time [16]. Cao et al. (2019) have 

proposed a multi-task learning  framework combining the objectives of emotion classification and suicide detection on a set of 

tweets.  Although the multi-task learning strategy improves the ability of the model to generalize, the use of LSTMs  limits the 

possibility of representing dependencies occurring at a distance [17]. Coppersmith et al. (2018)  examined patterns present in 

messages posted by users who had been previously diagnosed with mental  

illness and found that these could also be detected prior to crisis onset using CNNs working at the level of  characters. Although 

the CNNs demonstrate the capability to represent shifts in linguistic behavior before  a crisis occurs, their inability to capture 

semantics relative to contextualized representations such as those  produced by embeddings or transformers limit their 

applicability to a wide range of contexts [18]. Sinha et  al. (2021) have used BERT to perform fine-grained binary classification 

for suicide on a dataset obtained  from Reddit’s SuicideWatch community and reported an accuracy value of 93.4%. However, 

when the  same model is applied to other communities, there is a substantial degradation in performance which  suggests that 

there may be domain specificities in how well the model performs [19]. Tadesse et al. (2020)  used both long short-term memory 

networks and TF-IDF features to develop a hybrid model capable of  performing suicidal ideation detection. The hybrid model 

performed better than either component alone  with respect to recall, but still suffered sensitivity to variations in vocabulary 

distributions within different  datasets [20]. Matero et al. (2019) used XLNet to determine the degree of severity of suicidal 

ideation risk  levels on the CLPsych shared task corpus. The permutation-based language modeling capabilities of XLNet  

allowed for richer contextual representations than those of BERT, but were limited by insufficiently sized  sets of labeled data 

[21]. Mishra et al. (2019) used a combination of convolutional neural networks and  bidirectional long-short term memory 

networks with attention mechanisms to classify messages describing  suicidal ideations vs non-suicidal ideations, and reported 

an F1 score of 91.2%. However, because neither  network leveraged pre-trained contextual embedding representations, the 

capacity of the two networks to  generalize across differences in stylistic expressions was limited [22]. Wolohan et al. (2018) 

used both  linguistic inquiry and word count (LIWC) features as input into support vector machines to identify both  depression 

and suicidal risk in messages posted on Reddit. Results indicated that although psycholinguistic  features retain some 

information regardless of whether deep learning methods are employed or not, the  manual development of LIWC features 

limits their scalability across large message collections [23].  

Du et al. (2021) proposed a multi-modal approach that integrated both user behavioural metadata (posting  frequency, etc.) and 

text posted online through cross-attention transformers for assessing suicide risks. The  author reveals that multi-modal fusion 

led to higher precision, however, structural metadata required for  multi-modal fusion are often unavailable in real-world 

environments [24]. Murarka et al. (2021) fine-tuned  RoBERTa for classifying depression, anxiety and suicidal ideations across 

multiple communities within  Reddit. This method shows that fine-tuning a general-domain pre-trained model with domain-

specific fine tuning leads to effective zero-shot transfer. However, the class imbalance issue is not addressed [25]. Ghosh  et al. 

(2020) tested DistilBERT as a lighter-weight alternative to BERT for mental health-related text  classification. The author 

demonstrated that knowledge distillation resulted in retaining 95% of the  performance of BERT at 60% of the model size. Liu 

et al. (2022) proposed a dual-stream transformer model  employing both clause-level and document-level attentions to classify 

suicide notes, obtaining an accuracy  

rate of 96.1% [27]. Haque et al. (2021) tested a variety of traditional machine learning algorithms including  Support Vector 

Machines (SVM), Random Forest (RF) and Recurrent Neural Networks (RNN) along with  fine-tuned BERT on a common 

dataset for evaluating performance on tasks related to the detection of  suicidal behaviors and depression. Aladağ et al. (2018) 

tested GRU-based recurrent networks utilizing pre  
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trained GloVe embeddings for suicide ideation detection on Twitter, achieving an accuracy rate of 88.7%.  However, the method 

did not employ contextual pretraining and therefore failed to provide sufficient  resolution to ambiguously semantically phrased 

sentences in social media [29]. Huang et al. (2023)  introduced MentalBERT, a pre-trained language model adapted specifically 

to mental health and  demonstrated improvements in F1 scores ranging from 2-4% compared to standard BERT when tested  

against benchmark datasets measuring performance in terms of detecting suicide and depression [30]. Table  1 epitomizes a 

comprehensive comparative study of the works discussed above.   

Table 1 Comparative summary of related work 

Authors (Year)  Methodology  Key Results  Limitations 

Ji et al. (2021) [16]  Graph-BERT,   

community modeling 

High F1 on Reddit  High computational cost 

Cao et al. (2019) [17]  Multi-task LSTM  Improved   

generalization 

Limited long-range   

dependency 

Coppersmith et al. (2018)  

[18] 

Character CNN  Pre-crisis detection  Lacks semantic depth 

Sinha et al. (2021) [19]  Fine-tuned BERT  93.4% accuracy  Domain specificity 

Tadesse et al. (2020) [20]  LSTM + TF-IDF  86.4% accuracy  Vocabulary sensitivity 

Matero et al. (2019) [21]  XLNet fine-tuning  CLPsych SOTA  Data scarcity 

Mishra et al. (2019) [22]  CNN-BiLSTM +   

Attention 

91.2% F1  No pre-trained   

embeddings 

Wolohan et al. (2018) [23]  LIWC + SVM  Informative   

features 

Not scalable 

Du et al. (2021) [24]  Multi-modal   

transformer 

Improved precision  Requires metadata 

Murarka et al. (2021) [25]  Fine-tuned RoBERTa  Strong transfer  Class imbalance ignored 

Ghosh et al. (2020) [26]  DistilBERT analysis  95% of BERT perf.  No ensemble study 

Liu et al. (2022) [27]  Dual-stream   

transformer 

96.1% accuracy  Needs large corpora 
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The synthesis of prior work reveals three persistent gaps: (1) single-model dependency limiting  representational diversity; (2) 

inadequate handling of class imbalance beyond oversampling and (3) absence  of principled meta-learning fusion across 

complementary transformer families. The proposed STEF  framework directly addresses the aforementioned limitations. 

III. PROPOSED METHODOLOGY  

The Stacked Transformer Ensemble Framework (STEF) comprises five operational stages: data ingestion  and preprocessing, 

independent transformer fine-tuning, probability-level feature fusion, XGBoost meta learning, and ensemble prediction. Fig. 1 

illustrates the overall architecture.  

Figure 1 Hybrid Transformer Ensemble Framework 

 

A. Dataset Description  

The Generalized Suicide Detection Dataset consists of 57,306 social media posts collected from kaggle  platform, annotated 

for binary suicide risk classification. Table 2 summarizes dataset statistics. 

. Table 2 Dataset Statistics  

Attribute  Value 

Total Samples  57,306 

Suicidal Posts (Label = 1)  52,519 (91.65%) 

Non-Suicidal Posts (Label = 0)  4,787 (8.35%) 

Number of Features  4 
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Classification Type  Binary 

Train / Test Split  80% / 20% (Stratified) 

Random Seed  42 

 

Suicide detection datasets often suffer from extreme class imbalances due to the nature of suicidal behavior.  This imbalance 

hinders the ability of machine learning algorithms to learn effective representations that  capture both suicidal and non-suicidal 

behaviors. In this study, a class-weighted loss function is chosen  during transformer training to address the 10.97:1 class 

imbalance present in our dataset. Four features are  included: clean_text (preprocessed post content), label (binary target), 

token_count, and domain (source  identifier).  

B. Data Preprocessing Pipeline  

A standardized preprocessing pipeline was applied prior to tokenization. For transformer inputs, the  following operations were 

sequentially executed:  

• Removal of null and missing values to ensure training data integrity  

• Text normalization: conversion to lowercase and stripping of redundant whitespace • URL, hashtag (#), and mention 

(@) removal to reduce noise from platform-specific metadata • Emoji handling: emoji-to-text conversion for BERTweet; 

removal for RoBERTa and DistilBERT • Contraction expansion (e.g., “don't” → “do not”)  

• Repeated character normalization (e.g., “noooo” → “no”)  

• Stopword removal and lemmatization for auxiliary analysis  

• Stratified 80/20 train-test split preserving class proportions  

C. Stage 1: Base Transformer Models  

Three pre-trained transformer models were independently fine-tuned for binary suicide classification: 

BERTweet (vinai/bertweet-base): This model uses a RoBERTa-based structure with a 12-layer encoder  (125M parameters). 

It is trained on 850 million tweets using byte-pair encoding (BPE) and has a Twitter specific tokenizer. Since most mental health 

discussions occur in short-form on platforms like Twitter,  BERTweet is especially well-equipped to handle mental health 

vocabulary [9].  

RoBERTa (roberta-base): This is a robustly optimized BERT-pretraining method that uses 12 transformer  layers (125M 

parameters) and removes the next sentence prediction (NSP) task. This allows for better  contextualization and avoids creating 

biases toward certain types of sentences [8]. DistilBERT (distilbert-base-uncased): As opposed to other larger BERT 

structures, DistilBERT retains  97% of BERT’s capabilities but uses 40% fewer parameters. It does this through teacher-student 

training  across 6 transformer layers (66M parameters), making it less computationally expensive than some of the  other 

options. Despite being smaller, DistilBERT still performs competitively when compared against many  of the larger BERT mo 

E. Stage 3: XGBoost Meta-Learner  

The goal of the XGBoost learner is to optimize a regularized objective function that includes both a  differentiable convex loss 

component (the negative log loss function), and a regularization penalty  component (complexity penalty) that encourages 

sparsity within the resulting model. The final  classification function is:  

𝑦ˆ = (𝑧) ,  𝑦ˆ ∈ {0,1}           (2) 

𝐿(𝜃) = ∑𝑁
𝑖=1 𝐿(𝑦𝑖 , 𝑦ˆ𝑖) + ∑𝐾

𝑘=1 (𝛾𝑇𝑘 +
1

2
𝜆‖𝑤𝑘‖2)       

 (3) 
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F. Class-Weighted Loss Function 

Since there is such an extreme class imbalance present in the dataset, a class-weighted cross entropy loss is  applied during 

training to help encourage learning of the minority class.  

A. Input Tokenization 

Given a raw text sequence s, each transformer tokenizer T maps s to a sequence of integer token IDs: 

                                                                    (6) 

where V is the vocabulary of the respective model (BPE for BERTweet and RoBERTa; WordPiece for  DistilBERT) and n ≤ 

128 (maximum sequence length with truncation applied).  

B. Transformer Encoding 

Each transformer model f applies multi-head self-attention over L layers. For a single attention head, the  attention output  is 

computed as: 

                                                                                               (7) 

where Q ∈ ℝⁿˣᵈᵏ, K ∈ ℝⁿˣᵈᵏ, V ∈ ℝⁿˣᵈᵛ are the query, key, and value projection matrices, and dₖ is the key  dimensionality 

scaling factor. The [CLS] token representation h_[CLS] ∈ ℝᵈ is passed to the classification  head. 

C. Classification Head 

Each transformer's classification head applies a linear projection followed by softmax normalization: 

                                                                            (8) 

                                                                                                       (9) 

yielding probabilities P(Suicidal | x) and P(Non-Suicidal | x) = 1 − P(Suicidal | x).  

D. Evaluation Metrics 

The following standard metrics are used to evaluate model performance, where TP = True Positives, 

TN =  True Negatives, FP = False Positives, FN = False Negatives: 

                                                                                              (10) 

                                                                                                           (11) 

                                                                                                                (12) 

                                                                                                    (13) 

                                                                              (14) 

 The Matthews Correlation Coefficient (MCC) is particularly important for imbalanced classification tasks  as it accounts for all 

four confusion matrix quadrants and yields a balanced measure even when class sizes  differ significantly [31]. Cohen’s Kappa  

(κ) measures inter-rater agreement between predicted and actual  labels: 
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                                                                                                                         (15)                                                          

V. IMPLEMENTATION DETAILS 

A. Hardware and Software Environment 

Component Specification 

Platform Kaggle Notebook with GPU 

GPU NVIDIA Tesla T4 (16 GB VRAM) 

CUDA Enabled 

Python 3.x 

PyTorch 2.x 

Transformers HuggingFace Transformers 

XGBoost Latest Stable Release 

Scikit-learn Latest Stable Release 

  

B. Transformer Hyperparameters 

Parameter Value 

Maximum Sequence Length 128 tokens 

Batch Size 16 

Learning Rate 2 × 10⁻⁵ 

Optimizer AdamW 

Training Epochs 3 

Evaluation Strategy Per Epoch 

Random Seed 42 

Weight Decay 0.01 
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C. XGBoost Hyperparameters 

Parameter Value 

n_estimators 200 

max_depth 4 

learning_rate 0.05 

subsample 0.80 

colsample_bytree 0.80 

eval_metric logloss 

random_state 42 

 

The AdamW optimizer [32] was used for transformer fine-tuning because it incorporates decoupled weight  decay regularization 

into an adaptive learning rate mechanism, thus preventing overfitting during training  on the corpus without disrupting the 

learning process. In accordance with best practices for transformer fine-tuning [7], a learning rate of 2×10⁻⁵ was employed. 

Hyperparameter tuning for the XGBoost model  was performed using nested cross validation to avoid information leakage 

from the meta-learner training  set. 

VI. RESULTS AND DISCUSSION 

A. Individual Transformer Performance 

Table 4 reports the performance of each individual transformer on the held-out test set (20% stratified split) 

Table 4 Individual Model Performance Comparison 

Model Accuracy F1-Score ROC-AUC MCC 

BERTweet 0.9777 0.9878 0.9922 0.8587 

RoBERTa 0.9779 0.9879 0.9907 0.8592 

DistilBERT 0.9794 0.9888 0.9903 0.8660 

STEF (Proposed) 0.9826 0.9905 0.9965 0.8844 

  

As compared to three individual transformers across every metric, the proposed ensemble of transforms  consistently 

outperformed each other. Specifically, the ROC-AUC improvement from the best performing  individual model (BERTweet: 

0.9922) to the ensemble (0.9965) represents statistically meaningful gains  indicating that the three models capture 
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complementary discriminative signals. As such, the large MCC  improvement from DistilBERT (0.8660) to the ensemble 

(0.8844) indicates that the ensemble has improved  ability to handle the minority class (non-suicidal). 

B. Ensemble Performance Metrics 

Table 5 Performance metrics of the proposed ensemble method 

Metric Value 

Accuracy 0.9826 

Precision 0.9884 

Recall 0.9927 

F1-Score 0.9905 

ROC-AUC 0.9965 

MCC 0.8844 

Cohen’s Kappa 0.8841 

  

The recall of 0.9927 is especially significant in suicide detection because there are much larger  consequences for failing to 

identify a suicidal message versus identifying a message incorrectly. With a precision of 0.9884, it can be guaranteed that an alert 

system based on this approach will not have many  spurious flags. The overall performance is very good, as the ensemble’s 

ROC-AUC of 0.9965 puts it into  the top category of classifiers. 

C. Confusion Matrix Analysis 

Figure 2 portrays the confusion matrix of all the reported models. The confusion matrix shows that the  proposed ensemble 

had 835 false positives and 77 false negatives over the entire testing set. When  compared to each of the other models 

individually, BERTweet (97 FP, 159 FN), RoBERTa (103 FP, 150  FN), and DistilBERT (114 FP, 122 FN), the ensemble has 

fewer false negatives. Reducing the number of  false negatives is the most important goal in suicide risk assessment, since missed 

classifications lead  directly to failure to act.  

Figure 2 Confusion matrix of the reported models 
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D. ROC Curve Analysis 

Figure 3 shows the ROC curves for all four models: BERTweet, RoBERTa, DistilBERT, and the proposed  STEF ensemble. 

Each of these four models demonstrated good discrimination capability and produced  ROC curves that are close to the upper 

left portion of the graph. This is an area where a large TPR is  achieved at very small FPRs. A random classifier would produce 

a straight line through the origin with an  area under the curve (AUC) equal to 0.50. This serves as a base-line for comparison. 

All three individual transformer-based classifiers achieved an AUC greater than 0.99. These results show  that each of the 

transformers has performed well. The ROC curves also showed a significant separation among the models at lower FPR levels 

(i.e., FPR less than or equal to 0.05). At these low levels of FPR,  the ensemble curve increased faster than did those of any of 

the individual models. The proposed STEF  ensemble had the best performance in terms of AUC, achieving a value of 0.9965. 

This was better than the  values achieved by each of the individual models. Although this difference may seem relatively small, 

it is  actually statistically significant. For example, moving from an AUC of 0.9922 to 0.9965 in the near perfect  region indicates 

a significant decrease in error associated with each decision made within the strict operating  conditions used in this analysis. 

Figure 3 ROC Curve Comparison of the reported model 

 

E. Cross-Validation Results 

A 10-fold stratified cross-validation protocol was employed to assess model stability. Results are  summarized in Table 6. 

Table 6: 10-Fold Stratified Cross-Validation Summary 

Metric Mean ± Std Dev 

Accuracy 98.10% ± 0.35% 

Precision 98.76% ± 0.36% 

Recall 99.17% ± 0.21% 

F1-Score 98.96% ± 0.19% 

ROC-AUC 99.30% ± 0.32% 

MCC 87.34% ± 2.43% 
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The mean accuracy of the proposed stacked transformer ensemble was 98.10% with a relatively small  standard deviation of 

0.35%. This reflects high consistency in terms of the model performance under each  of ten different data partitioning schemes. 

In addition to its accuracy, the precision (98.76%), recall  (99.17%), and F1-score (98.96%) were also highly consistent when 

using different partitions, which  supports the reliability of the classification process. Additionally, the model demonstrated 

strong  discrimination between suicidal and non-suicidal social media postings as reflected by its high ROC-AUC  (99.30%). 

Furthermore, given that suicide-related social media postings are significantly less frequent than  other types of postings, the 

model’s MCC (87.34%) demonstrates that it has been able to perform well  despite being trained on a significantly unbalanced 

dataset. Collectively, these results support the notion  that the proposed ensemble model performs well regardless of how the 

data is divided into training and  testing subsets. 

F. Ablation Study 

Table 7 presents performance across seven ablation configurations to isolate the contribution of each  transformer to ensemble 

performance: 

Table 7 Ablation Study Results 

Configuration Accuracy F1-Score ROC-AUC MCC 

A1: BERTweet only 0.9793 0.9887 0.9939 0.8638 

A2: RoBERTa only 0.9791 0.9886 0.9924 0.8628 

A3: DistilBERT only 0.9792 0.9887 0.9928 0.8633 

A4: BERTweet + RoBERTa 0.9819 0.9901 0.9958 0.8798 

A5: BERTweet + 

DistilBERT 

0.9825 0.9905 0.9961 0.8826 

A6: RoBERTa + 

DistilBERT 

0.9817 0.9900 0.9949 0.8800 

A7: All Models (Full STEF) 0.9826 0.9905 0.9966 0.8835 

  

From table 7, it is observed that all the ensemble configurations showed better results than the base  transformer models. Of 

the base models alone, BERTweet had the highest MCC at 0.8638 which shows  that social media is particularly well represented 

by using social-media specific language representation.  Adding a second transformer model increased performance again. The 

best performance among these was  achieved by adding DistilBERT to BERTweet resulting in an MCC of 0.8826. The best 

overall performance  was achieved by combining BERTweet, RoBERTa, and DistilBERT as part of a full ensemble resulting 

in  accuracy = 0.9826, precision/recall/F1-score = 0.9905, AUC/ROC = 0.9966, and MCC = 0.8835. This 

demonstrates that each of the transformer models provide some type of complementary semantic  information that when 

combined into the proposed ensemble framework improves the ability to classify  accurately and robustly. 

G. Comparative Discussion 

The authors of [28] noted that the BERT model had an average accuracy of about 93.4%, Murarka et al.  [25] noted that the 

F1 of the RoBERTa model was at or above 94%, and Tadesse et al. [20] indicated that  their best results using an LSTM were 

at a level of accuracy of 86.4%. It is apparent from these comparisons  that the proposed method’s achievement of 98.26% 

accuracy and 99.05% F1 demonstrate a significant  improvement over other methods due in part to the use of a three-way 
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transformer fusion strategy and a  meta learning approach. Additionally, the 0.8844 MCC (Matthews Correlation Coefficient) 

value  demonstrates high confidence since it does not have the same issues with class imbalance distortion as do  both accuracy 

and F1 values and indicates actual discriminative ability. A comparison chart demonstrating  the performance metrics of each 

of the models reported are shown in Fig. 4. 

Figure 4 Performance Comparison of all the reported models 

 

VII. DISCUSSION 

The results of the experiments confirm that the proposed Stacked Transformer Ensemble Framework  (STEF), which combines 

the strengths of BERTweet, RoBERTa, and DistilBERT using an XGBoost meta learner, outperforms the individual 

transformer models on all evaluation criteria. The combination resulted  in 98.26% accuracy, 99.05% F1-score, 99.65% ROC-

AUC score and 88.44% MCC. This superior  performance is based on the complementarity of the three models’ strengths. 

BERTweet is specialized in  learning specific linguistic characteristics of social media content. RoBERTa is able to learn richer 

semantic 

context. DistilBERT achieves compact but discriminative representations. Furthermore, the proposed  fusion strategy allows 

the meta-learner to use both agreements and disagreements of the base models for  better classification reliability. 

Practically, the main advantage of the proposed ensemble model is the significant decrease in the rate of  false negatives 

compared to BERTweet and DistilBERT. The ensemble decreased the number of undetected  high-risk posts from 159 

(BERTweet) and 122 (DistilBERT) to 77. Therefore, the recall was increased to  more than 99%. Since undetected high-risk 

posts are dangerous since they do not allow early interventions,  it is important to minimize false negatives in suicide risk 

detection. Although the ensemble had a slightly  higher number of false positives, this is a reasonable trade-off when at-risk 

people need to be identified first  before reviews are needed in order to avoid having many items to manually review. 

Additionally, the class weighted training strategy helped mitigate the extreme class imbalance present in the dataset, which is  

evident through the high MCC value received by the ensemble model. 

In addition to these analyses, the results of both the ablation analysis and the 10 fold cross validation  demonstrated the reliability 

and robustness of the proposed framework. All combinations of ensembles  were found to perform better than single 

transformer models. Additionally, the full three-model ensemble  performed best in total. Thus, each of the three transformers 

provided additional predictive power.  Furthermore, the cross-validation results presented low standard deviations for all 

metrics, demonstrating  good stability in performance across the ten data splits. Together, these results suggest that STEF 

presents  a useful and efficient method for automatic identification of suicidal behaviors based on content posted  online and 

could represent a viable path forward for developing scalable mental health surveillance tools. 

Limitations, Ethical Considerations, and Future Research Directions 

Although the proposed STEF framework demonstrated strong predictive performance on the generalized suicide detection 

dataset, several challenges remain. One important limitation is the ability of the model to generalize across different social media 

environments. Although the dataset incorporates data collected from multiple platforms, user behavior, vocabulary, and 

communication styles often differ substantially among online communities. Consequently, a model trained on existing data may 
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not achieve the same level of performance when applied to emerging platforms, different languages, or populations from diverse 

cultural backgrounds. Evaluating the framework on external datasets and multilingual corpora would provide a more 

comprehensive assessment of its robustness. 

While the proposed STEF framework showed satisfactory prediction accuracy for the generalized suicide detection dataset, 

there are still some problems left to address. There is one limitation to the model as it fails to transfer to social media contexts. 

This dataset incorporates data from various platforms but the way users participate, use the language and communicate often 

varies widely in online communities. Therefore, a model that performs well on a known platform, language, or population may 

not perform as well on new platforms, languages, or populations. The ability to evaluate the framework on external data sets 

and multilinguals corpora would give a more complete picture of the robustness of the framework. 

Another consideration is the potential bias in social media data. The way individuals express psychological distress is influenced 

by factors such as age, culture, gender, education, and geographical location. Consequently, patterns learned from historical 

data may not equally represent all user groups. Addressing this issue requires further investigation into fairness-aware learning 

approaches and systematic bias assessments to ensure that predictive performance remains consistent across diverse 

populations. 

Although the proposed ensemble achieved a high recall rate, prediction errors cannot be completely eliminated. In the context 

of suicide risk assessment, false-negative predictions are of particular concern because vulnerable individuals may not be 

identified in time for appropriate intervention. Conversely, an excessive number of false positives could increase the workload 

of mental health professionals and support services. Future research should therefore examine adaptive thresholding strategies 

and risk-sensitive learning mechanisms that balance detection effectiveness with practical deployment requirements. 

Model interpretability remains an open research challenge. The combination of multiple transformer architectures with an 

XGBoost meta-learner enhances predictive capability but introduces additional complexity into the decision-making process. 

Greater transparency would improve trust and facilitate adoption in real-world mental-health applications. Integrating 

explainable AI techniques, including SHAP-based feature attribution, LIME explanations, and attention-weight visualization, 

may help stakeholders better understand the factors influencing model predictions. 

The ethical use of social media data is also important. Posts shared online may contain highly personal information related to 

emotional well-being, mental health status, and life circumstances. Therefore, any large-scale deployment of automated 

screening systems should incorporate strict privacy safeguards, data anonymization procedures, secure storage mechanisms, 

and compliance with applicable ethical and regulatory standards. 

Finally, the STEF framework is intended to support mental health assessment rather than replace it. Automated prediction 

systems can assist clinicians and support organizations by highlighting individuals who may require further attention; however, 

clinical judgment remains essential when evaluating risk and determining appropriate interventions. For this reason, future 

implementations should emphasize human-in-the-loop decision-making, where model outputs serve as supportive evidence 

within a broader professional assessment process. 

VII. CONCLUSION 

A multi-model framework that combines three pre-trained transformers: BERTweet, RoBERTa, and  DistilBERT via an 

ensemble technique called the Stacked Transformer Ensemble Framework (STEF) was  developed. These three transformers 

had different architectures, yet shared commonalities in their ability  to recognize patterns indicative of suicidal behavior. Using 

STEF, the individual models’ predictions were  combined via an XGBoost classifier to generate a single classification output 

regarding the likelihood of a  social media post indicating a risk of suicide. This multi-model approach was evaluated using a 

large-scale,  publicly available dataset comprising approximately 57,000 examples related to general suicidal behavior.  The 

results demonstrated that STEF outperformed all previous studies in terms of metrics including  accuracy, F1-score, Area Under 

Curve Receiver Operating Characteristic (AUC-ROC), and Matthews  Correlation Coefficient (MCC). Additionally, STEF 

utilized the confidence levels assigned to each  transformer separately to make a final classification prediction. Therefore, if two 

models disagreed as to  the presence of a suicidal behavior-related term in a given social media post, the final classification 

prediction would incorporate both opinions. Class-weighted loss functions were used during training to  ensure that the majority 

of non-suicidal posts did not result in ignoring those posts. A comprehensive  evaluation of STEF was conducted using ablation 
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tests and cross-validation to demonstrate that the  improved performance was attributable to the methodology employed. 

In addition to the previously discussed directions, there are several other ways that could provide additional  insights. For 

example, the use of pre-existing models for particular domains (e.g. MentalBERT) may  provide enhanced functionality. 

Another area for further research would include incorporating contextual  features associated with the posting users, including 

the frequency of the content being posted by the user,  the time of the post and possibly using multimodal data (i.e. images, 

videos, etc.) associated with posting  content. Yet another avenue for further research would be evaluating whether the proposed 

model can  effectively apply its knowledge to a wide variety of languages and cultural contexts. Finally, establishing  an effective 

method for understanding why the model makes certain decisions will likely enhance public  perception and support for 

deploying models similar to the one presented here in systems designed for  clinical purposes. 
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