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Abstract: Social media text provides valuable information for analyzing mental health-related expres-

sions. However, contextual language variation, class imbalance, and limited model interpretability re-

main important challenges in text classification. This study evaluates different text representations, 

class-imbalance handling strategies, and metaheuristic optimization within an Adaptive Neuro-Fuzzy 

Inference System (ANFIS) framework. A total of 19,429 Indonesian-language posts were retained after 

duplicate removal and label-conflict adjudication. The dataset was partitioned using a fixed group-

aware split into 13,600 training, 2,914 validation, and 2,915 test records, covering four categories: Dis-

tress, Crisis, Protective, and Situational. The experiments examined lexical-statistical, distributed-se-

mantic, and contextual representations using Plain ANFIS, class-balanced focal ANFIS (CBF-ANFIS), 

and its metaheuristic-optimized variants based on the Whale Optimization Algorithm (WOA) and 

Crow Search Algorithm (CSA). Model performance was evaluated across three random seeds and com-

pared with a TF-IDF-based Logistic Regression baseline and direct IndoBERT fine-tuning. Direct 

IndoBERT achieved the highest test Macro-F1 of 0.7685 ± 0.0046, followed by preliminary Plain AN-

FIS (0.6942 ± 0.0011) and final CBF-ANFIS (0.6897 ± 0.0054). Although WOA and CSA improved 

validation Macro-F1, their mean test Macro-F1 scores were slightly lower than that of CBF-ANFIS 

(0.6890 and 0.6859 versus 0.6897, respectively), indicating no consistent generalization benefit. Overall, 

direct IndoBERT provided superior classification performance, whereas the neuro-fuzzy framework 

offered a structured mechanism for tracing rule activation and inference in the latent feature space. 

Nevertheless, these rules do not provide direct linguistic or clinical interpretations. 

Keywords: ANFIS; IndoBERT; Interpretability; Metaheuristic Optimization; Mental Health Text 

Classification; Neuro-Fuzzy Systems; Social Media; Text Classification. 

 

1. Introduction 

The development of Natural Language Processing (NLP) has supported the analysis of 
mental-health-related indicators from text on digital platforms and social media. User-gener-
ated text contains linguistic patterns, emotional expressions, and contextual information that 
can be used to identify indicators related to psychological conditions. NLP has been applied 
to different mental-health detection tasks [1], including the identification of depression from 
social-media data [2] and the detection of depression and suicide-related indicators using deep 
learning methods [3]. Automated approaches have also been investigated for depression di-
agnosis from textual information [4]. These studies show the potential of NLP for mental-
health-related text analysis. However, differences in language, context, and classification set-
tings remain important factors that can affect the performance of the classification model. In 
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addition to predictive performance, the application of Artificial Intelligence (AI) in the do-
main of healthcare also requires transparency regarding the basis of model decision-making 
[5], [6]. 

Text representation determines the type of linguistic information available to the classi-
fication model. Lexical-statistical representations capture word occurrence and importance, 
while distributed representations capture semantic relationships between words. In mental-
health text classification, linguistic and statistical features have been used for depression-re-
lated post detection [7], while word embeddings combined with emotion-related information 
have been applied to early depression detection [8]. More recent studies have used contextual 
representations to capture information that depends on the surrounding text. Transformer-
based representations combined with metadata and linguistic features have been investigated 
for depression classification [9], while contextual information combined with mental-state 
knowledge has been used for early stress and depression detection [10]. These studies indicate 
that different text representations provide different types of information to the classification 
model and may therefore affect the resulting classification performance. 

Although they offer strong contextual representations, transformer and deep learning 
models generally have complex decision-making mechanisms that make them difficult to trace 
[6], [11]. In healthcare applications, high predictive performance alone does not necessarily 
ensure that model decisions can be understood and trusted [5], [12]. Studies on explainable 
artificial intelligence (XAI) show that the need for transparency and interpretability is increas-
ing along with the growing use of increasingly complex machine learning models [5], [6]. 
Moreover, a gap remains between explainable and interpretable deep learning in healthcare 
NLP because many approaches still rely on post-hoc explanation mechanisms [6]. This con-
dition indicates the need for an approach capable of maintaining data representation capabil-
ities while also providing an interpretable reasoning mechanism [5], [6]. 

The Adaptive Neuro-Fuzzy Inference System (ANFIS) combines adaptive learning with 
fuzzy inference through membership functions and fuzzy IF–THEN rules. This structure 
allows the reasoning process to be traced through membership values and rule activation [13], 
[14]. In this study, ANFIS operates on reduced numerical text representations. Therefore, 
interpretability is limited to structured and traceable reasoning in the latent feature space ra-
ther than direct linguistic or psychological interpretation of the original text. 

The performance of ANFIS depends on the configuration and optimization of its model 
parameters. Mehrabi et al. [15] demonstrated the optimization of ANFIS using several me-
taheuristic techniques, while Ahmadianfar et al. [16] employed conjoined metaheuristic algo-
rithms to improve ANFIS parameter optimization. More recently, Wang et al. [17] systemat-
ically evaluated hybrid ANFIS frameworks using evolutionary and swarm-based optimization 
algorithms. These studies show that metaheuristic methods provide alternative mechanisms 
for exploring the ANFIS parameter space, although their effectiveness depends on the opti-
mization problem and model configuration. 

Metaheuristic optimization is one approach that can be used to overcome the limitations 
of parameter search. Hybridization of ANFIS with evolutionary algorithms and swarm-based 
metaheuristics enables broader exploration of the parameter space [15]–[17]. In the context 
of this study, the Whale Optimization Algorithm (WOA) and Crow Search Algorithm (CSA) 
are considered because they have different exploration–exploitation characteristics [18], [19]. 
However, metaheuristic optimization cannot be assumed to always improve ANFIS perfor-
mance. WOA has been reported to have several limitations, including a tendency toward 
search bias and performance degradation under certain conditions [18], while various CSA 
developments have been directed toward improving search capabilities, reducing premature 
convergence, and improving the exploration–exploitation balances [19], [20]. Thus, the effec-
tiveness of optimization needs to be evaluated empirically against the characteristics of the 
representation and search space used. 

Based on this literature, there is a methodological gap that has not yet been fully ad-
dressed. Mental-health NLP research has more often utilized contextual representations to 
improve predictive performance [1], [4], [9], [10], while the interpretability of decisions re-
mains relatively limited [5], [6], [11], [12]. On the other hand, ANFIS-metaheuristic research 
generally treats optimization as a mechanism for improving prediction quality [15]–[17], but 
the interaction between the level of semantic richness of text representations and the optimi-
zation process on the structure of fuzzy reasoning has rarely been evaluated in an integrated 
manner. XAI approaches in healthcare and mental-health NLP also still largely use post-hoc 
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explanations for complex models [5], [6], [11], [12], while fuzzy logic provides an intrinsic 
interpretability mechanism through membership functions and linguistic rules [13], [14]. 
Therefore, there remains a need for a framework that systematically integrates text represen-
tation, neuro-fuzzy reasoning, metaheuristic optimization, predictive performance, and intrin-
sic interpretability. 

To address this gap, this study proposes an interpretable neuro-fuzzy framework for 
text-based mental health indicator classification. TF-IDF, Word2Vec, and IndoBERT are 
used to represent three levels of information, namely lexical-statistical, distributed-semantic, 
and contextual representation, which are subsequently integrated with ANFIS. WOA and 
CSA are used to evaluate the effects of optimization strategies with different exploration–
exploitation characteristics on the ANFIS learning process. Unlike studies that only compare 
representation accuracy or assume that metaheuristic optimization will improve performance, 
this study evaluates the representation–optimization–performance–interpretability relation-
ship in an integrated manner. Interpretability is analyzed intrinsically through membership 
functions and fuzzy IF–THEN rules to identify how representation and optimization strate-
gies affect not only predictive performance but also the model's decision-making mechanism. 

The main contributions of this study are: (1) developing an integrated framework that 
connects text representation, neuro-fuzzy reasoning, metaheuristic optimization, and inter-
pretability; (2) evaluating the effects of the semantic richness levels of TF-IDF, Word2Vec, 
and IndoBERT on ANFIS learning; (3) analyzing the effects of WOA and CSA on the quality 
of ANFIS learning without assuming that optimization always produces improvements over 
the ANFIS baseline; and (4) evaluating latent-space interpretability through membership val-
ues and fuzzy-rule activation. Accordingly, this study is directed toward obtaining a more 
comprehensive understanding of the balance between contextual understanding, predictive 
performance, optimization effectiveness, and interpretable reasoning. 

2. Related Work 

2.1. NLP and Text Representation for Mental Health 

The increasing availability of user-generated text on social media has supported the de-
velopment of NLP methods for identifying mental-health-related indicators. NLP has been 
applied to different mental-health detection tasks [1], including depression detection from 
social-media data [2] and depression and suicide-related detection using deep learning meth-
ods [3]. Automated approaches have also been investigated for depression diagnosis [4]. 
These studies show that social-media text provides relevant information for mental-health-
related classification, although the expressions being analyzed may vary across tasks and con-
texts. 

Mental-health-related text has been represented using different types of linguistic infor-
mation. Linguistic and statistical features have been used for depression-related post detection 
[7], while word embeddings combined with emotion-related information have been applied 
to early depression detection [8]. More recent approaches have used transformer-based rep-
resentations to capture contextual information. Transformer-based representations combined 
with auxiliary features have been investigated for depression classification [9], while contex-
tual information combined with mental-state knowledge has been used for early stress and 
depression detection [10]. These studies indicate that lexical, distributed-semantic, and con-
textual representations provide different types of information for mental-health-related text 
classification. 

Recent studies have investigated the effects of preprocessing and contextual representa-
tion on Indonesian text classification. Budianoor et al. [21] evaluated different preprocessing 
strategies for IndoBERT fine-tuning on informal Indonesian text and showed that 
preprocessing choices affected classification performance. Aqiilah et al. [22] investigated In-
doBERTweet for sentiment classification of Indonesian application reviews and demon-
strated the effectiveness of contextual representation for informal text. Darnoto and Firma-
wan [23] examined language-similarity-guided transfer fine-tuning across Indonesian regional 
languages, showing the relevance of language adaptation in transformer-based classification. 

These studies indicate that preprocessing, contextual representation, and transfer learn-
ing can affect text classification performance. However, they mainly focused on sentiment 
classification and did not examine the integration of contextual representation, neuro-fuzzy 
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classification, class-imbalance handling, and metaheuristic optimization for mental-health in-
dicator classification. Therefore, the present study evaluates these components within a con-
sistent experimental framework to examine their effects on classification performance and 
latent-space fuzzy-rule interpretability. 

2.2. Class Imbalance and Interpretability in Mental-Health Classification 

Mental-health-related text classification also presents challenges related to class distribu-
tion and model transparency. An unequal class distribution can affect the learning process 
because less represented categories contribute fewer observations during model training. In 
addition, increasing model complexity makes the classification process more difficult to trace. 
This issue is particularly relevant in healthcare-related applications, where predictive perfor-
mance needs to be considered together with the transparency of the decision process [5], [6], 
[12]. 

Explainable AI has been applied to provide additional information about the decisions 
produced by complex predictive models. Huang et al. [6] distinguished explainable and inter-
pretable approaches in healthcare NLP. XAI methods have also been applied to identify lin-
guistic characteristics associated with mental-health conditions [11]. However, many complex 
models rely on post-hoc explanations generated after the prediction has been produced. As a 
result, the explanation mechanism remains separate from the inference process. 

Fuzzy systems provide a different mechanism through membership functions and rule 
activation [13], [14]. This structure allows the inference process to be traced from the input 
features to the activated fuzzy rules and model output. However, when the inputs are latent 
numerical representations, the resulting fuzzy rules cannot be directly interpreted as linguistic 
or psychological concepts. Therefore, interpretability in this study refers to structured and 
traceable fuzzy-rule activation in the latent feature space rather than direct linguistic interpre-
tation of the original text. 

Class imbalance presents an additional problem because improvement in overall perfor-
mance does not necessarily indicate similar improvements across all classes. Therefore, the 
effect of imbalance handling needs to be evaluated separately before performance changes 
are attributed to the representation, neuro-fuzzy model, or optimization algorithm. In this 
study, this separation provides a controlled basis for examining the contribution of class-
sensitive learning to the ANFIS classification process. 

2.3. Neuro-Fuzzy Modeling and Metaheuristic Optimization 

ANFIS combines adaptive learning with fuzzy inference through membership functions 
and IF–THEN rule structures. This structure enables model parameters to be learned from 
data while maintaining a rule-based inference process. The premise parameters determine the 
membership functions, while the consequent parameters determine the output associated 
with the activated rules. This structure provides a basis for examining how different text rep-
resentations are processed through structured fuzzy reasoning. 

The optimization of ANFIS parameters becomes more complex as the dimensionality 
of the input and the number of model parameters increase. Previous studies have therefore 
investigated metaheuristic algorithms as alternative mechanisms for ANFIS parameter opti-
mization. Mehrabi et al. [15] evaluated several metaheuristic techniques for optimizing ANFIS 
parameters, while Ahmadianfar et al. [16] investigated conjoined metaheuristic algorithms for 
improving the ANFIS optimization process. Wang et al. [17] further evaluated hybrid ANFIS 
frameworks using evolutionary and swarm-based optimization algorithms. These studies 
show that metaheuristic algorithms can provide different search mechanisms for exploring 
the ANFIS parameter space. 

Among population-based optimization methods, WOA performs parameter search 
through exploration and exploitation mechanisms [18], [24]. However, its optimization be-
havior can be affected by search bias and the characteristics of the search problem [18]. CSA 
follows a different search mechanism based on the memory and awareness behavior of search 
agents [19]. Subsequent developments of CSA have focused on improving its search capabil-
ity and reducing limitations such as premature convergence [20], [25]. Therefore, WOA and 
CSA provide different optimization mechanisms for evaluating the ANFIS parameter search 
process. 
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The different search characteristics of WOA and CSA provide the basis for their evalu-
ation in this study. Both algorithms are applied under the same ANFIS configuration and 
optimization setting to determine whether their search mechanisms improve validation-based 
parameter optimization. However, an improvement in validation performance does not nec-
essarily indicate better predictive performance on unseen data. Therefore, the optimized mod-
els are subsequently evaluated on the held-out test set to determine whether the validation 
improvements are maintained during generalization. 

2.4. Research Gap and Study Positioning 

Previous studies have addressed different components of mental-health text classifica-
tion from different methodological perspectives. Mental-health NLP studies have investi-
gated linguistic, semantic, and contextual information for depression, stress, and related clas-
sification tasks [1]–[4], [7]–[10]. Studies on explainable AI have emphasized the importance 
of understanding the reasoning behind predictions produced by complex models [5], [6], [11], 
[12]. Fuzzy and neuro-fuzzy approaches provide structured inference through membership 
functions and rule-based reasoning [13], [14], while metaheuristic algorithms have been in-
vestigated as alternative mechanisms for ANFIS parameter optimization [15]–[17]. However, 
these components have generally been investigated separately rather than evaluated within 
the same experimental framework. 

First, different text representations provide different types of information to the classi-
fication model. Linguistic and statistical features have been used for depression-related post 
detection [7], word embeddings have been combined with emotional information for early 
depression detection [8], and transformer-based representations have been investigated for 
contextual mental-health classification [9], [10]. However, the effects of lexical-statistical, dis-
tributed-semantic, and contextual representations on the same neuro-fuzzy classifier remain 
less systematically examined. Second, class-imbalance handling can affect classification per-
formance, particularly for less represented classes, and its contribution therefore needs to be 
evaluated separately from changes produced by text representation and model optimization. 
Third, fuzzy inference provides a structured reasoning mechanism through membership func-
tions and rule activation [13], [14]. However, when latent numerical representations are used 
as inputs, the resulting rule activation reflects reasoning in the latent feature space rather than 
direct linguistic or psychological explanations. 

Metaheuristic optimization introduces another methodological consideration. Previous 
studies have investigated different metaheuristic strategies for ANFIS parameter optimization 
[15]–[17]. WOA performs population-based search through exploration and exploitation 
mechanisms [18], whereas CSA uses a memory-guided search mechanism [19]. Subsequent 
developments of these algorithms have focused on improving their search and convergence 
characteristics [20]–[26]. However, improvements obtained during validation-based optimi-
zation do not necessarily indicate better generalization. Therefore, optimization performance 
needs to be verified independently using unseen test data. 

To address these gaps, this study evaluates text representation, class-imbalance handling, 
and metaheuristic optimization within a controlled ANFIS-based experimental framework. 
TF-IDF, Word2Vec, and IndoBERT represent lexical-statistical, distributed-semantic, and 
contextual information, respectively, and are first compared under a common ANFIS setting. 
Class-imbalance handling is then examined separately, followed by the application of WOA 
and CSA to ANFIS parameter optimization. The resulting models are evaluated on a held-
out test set to determine whether validation-based improvements translate into better gener-
alization. Conventional classifiers and direct IndoBERT fine-tuning are also included as pre-
dictive reference baselines using the same fixed data split. Beyond predictive performance, 
the evaluation considers the extent to which ANFIS provides structured and traceable infer-
ence through rule activation in the latent feature space, without treating such inference as 
direct linguistic or psychological explanation. 

3. Method 

3.1. Study Design and Experimental Control 

This study employed a multiclass text-classification framework to evaluate text represen-
tations, direct IndoBERT fine-tuning, and ANFIS-based models incorporating class-
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imbalance handling and metaheuristic optimization. All experiments used fixed data partitions 
comprising 13,600 training, 2,914 validation, and 2,915 test records. The training set was used 
for model development, the validation set for model selection and hyperparameter tuning, 
and the test set exclusively for final performance evaluation. 

The experimental procedure consisted of preliminary screening and final evaluation. 
During preliminary screening, TF-IDF, Word2Vec, IndoBERT Mean, and IndoBERT CLS 
representations were compared using Plain ANFIS. The selected IndoBERT Mean represen-
tation was subsequently used to examine different loss functions, including cross-entropy, 
class-balanced focal loss, label smoothing, and logit adjustment. CBF-ANFIS achieved the 
highest mean validation Macro-F1 and was selected for further evaluation. In the final phase, 
CBF-ANFIS was retrained using three random seeds (42, 52, and 62). Because the preliminary 
and final experiments did not use identical training configurations, their results were treated 
as separate experimental stages rather than a controlled loss-function ablation. 

The final CBF-ANFIS checkpoints served as common references for evaluating WOA- 
and CSA-optimized variants. Both optimizers independently adjusted the antecedent centers 
and log-sigma parameters while keeping the consequent parameters fixed. Model selection 
was based on validation Macro-F1, whereas the selected models were evaluated on the held-
out test set to assess generalization. Results were reported as mean ± standard deviation 
across the three seeds, except for applicable single-run baselines. 

3.2. Dataset Preparation and Annotation 

3.2.1. Data Collection 

Indonesian-language posts were collected from X (formerly Twitter) between September 
5, 2010, and April 18, 2026, using a third-party crawling agent. Four keyword groups were 
used for retrieval: Protective (senang, bahagia, semangat, pulih, optimis, and bersyukur), Situational 
(tugas, lembur, skripsi, deadline, and kerja), Distress (capek, kecewa, takut, burnout, overthinking, 
and stress), and Crisis (menyerah, tidak berharga, bunuh diri, putus asa, and ingin menghilang). These 
keywords served exclusively as retrieval criteria and were not used for automatic label assign-
ment. Posts were included if they were written in Indonesian and matched at least one re-
trieval keyword; retweets were excluded. No specific spam-detection procedure was applied. 

3.2.2. Text Preprocessing 

The collected posts underwent text cleaning and normalization before feature extraction. 
URLs and hyperlinks were removed, and user mentions were removed or replaced during 
cleaning. The text was converted to lowercase, punctuation and special characters were re-
moved, and informal or non-standard expressions were normalized. Stopword removal and 
stemming were subsequently applied to reduce irrelevant terms and morphological variations. 
The resulting text was used for TF-IDF, Word2Vec, and IndoBERT representation, as de-
scribed in Section 3.3. 

3.2.3. Class Definitions and Annotation 

The dataset was annotated using four predefined categories. Distress covered psycho-
logical or emotional strain, including stress, anxiety, sadness, exhaustion, worry, loneliness, 
and loss of motivation. Crisis represented more severe psychological risk, including suicidal 
expressions, self-harm, extreme hopelessness, and severe loss of control. The distinction be-
tween these two categories was based primarily on the severity and risk expressed in each 
post. Protective represented coping and recovery resources, such as optimism, self-care, help-
seeking, social support, and spiritual coping. Situational covered external stressors, including 
academic workload, deadlines, financial problems, employment, relationships, and family de-
mands. Labels were assigned based on the overall context of each post rather than individual 
retrieval keywords. 

Three undergraduate students independently annotated each post using these predefined 
categories. Two annotators were eighth-semester Psychology students from the same univer-
sity, while the third was a sixth-semester Informatics student from a different university. None 
was considered a clinical or mental-health professional. Each complete post was assessed 
because it could contain indicators associated with multiple categories. Inter-annotator agree-
ment was measured using Fleiss' Kappa [27], yielding a score of 0.85. 

Of the 19,610 annotated posts, 16,402 (83.64%) received unanimous agreement and 
3,034 (15.47%) received majority agreement. The remaining 174 posts (0.89%), for which all 
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three annotators assigned different labels, underwent consensus adjudication involving the 
three annotators and three lecturers. All 174 posts received final labels and were retained. 

3.2.4. Data Quality Audit and Final Dataset 

Following adjudication, a separate data-quality audit examined identical texts with incon-
sistent labels. The audit identified 45 groups requiring manual review. Twelve groups were 
retained after 15 individual label corrections, while 33 groups comprising 181 records were 
excluded. These exclusions involved 31 groups containing out-of-scope content, one unre-
lated group, and one group that could not be reliably assigned to a single category. The re-
sulting dataset contained 19,429 posts, comprising 5,452 Distress, 4,232 Crisis, 3,668 Protec-
tive, and 6,077 Situational records. A group-aware split with seed 42 partitioned the dataset 
into 13,600 training, 2,914 validation, and 2,915 test records, as summarized in Table 1. These 
fixed partitions were maintained across all experiments. 

Table 1. Dataset Distribution across Data Partitions 

Partition Distress Crisis Protective Situational Total 

Training 3,816 2,962 2,568 4,254 13,600 

Validation 818 634 550 912 2,914 

Test 818 636 550 911 2,915 

Total 5,452 4,232 3,668 6,077 19,429 

3.3. Text Representation 

This study evaluated TF-IDF, Word2Vec, and IndoBERT to represent lexical, distrib-
uted semantic, and contextual information, respectively. Four representations were generated: 
TF-IDF, Word2Vec, IndoBERT Mean, and IndoBERT CLS. Since their original dimensions 
differed, each representation was reduced to 64 dimensions before ANFIS classification. All 
dimensionality-reduction and scaling parameters were fitted on the training set and then ap-
plied unchanged to the validation and test sets. 

3.3.1. TF-IDF 

The TF-IDF representation combined word and character features. Word n-grams of 
1–2 were limited to 15,000 features, while character n-grams of 3–5 were limited to 10,000 
features, resulting in a maximum of 25,000 features. Truncated SVD reduced the sparse rep-
resentation to 64 dimensions, followed by feature scaling. 

3.3.2. Word2Vec 

Word2Vec was trained on the training corpus using Skip-Gram with 300-dimensional 
embeddings, a context window of 5, 15 negative samples, 40 epochs, and min_count = 1. 
Document vectors were generated using TF-IDF-weighted aggregation of token embeddings. 
PCA then reduced the vectors to 64 dimensions, followed by feature scaling. 

3.3.3. IndoBERT 

IndoBERT representations were generated using indobenchmark/indobert-large-p2 
with a maximum sequence length of 128 tokens and a batch size of 8. Mean pooling and 
[CLS] representations were extracted from the same forward pass. Each representation was 
independently reduced to 64 dimensions using PCA fitted on the training set and was then 
scaled. No task-adaptive pretraining was performed. 

3.3.4. Framework Integration 

The four 64-dimensional representations were used separately as inputs to ANFIS to 
evaluate their effect on classification performance. The membership functions transformed 
the input features into fuzzy membership values, while the fuzzy rules combined these values 
to produce four-class predictions. Plain ANFIS was first evaluated across the four represen-
tations. The selected representation was then used to evaluate class-imbalance handling using 
class-balanced focal loss. 

WOA and CSA were subsequently evaluated to optimize the ANFIS antecedent param-
eters. Both methods optimized the membership-function centers and log-sigmas, while the 
consequent parameters remained fixed. Validation Macro-F1 was used as the fitness function, 
and the test set was not involved during optimization. 
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Therefore, the classification pipeline consisted of text preprocessing, text representation, 
dimensionality reduction to 64 features, and ANFIS-based classification using fuzzy mem-
bership functions and rules. In this process, text representation encodes the input text, di-
mensionality reduction provides a common feature space, ANFIS performs the classification, 
and WOA or CSA optimizes the antecedent parameters. 

3.4. Baseline Models 

Logistic Regression (LR) was used as a conventional baseline. The classifiers were eval-
uated using fixed 64-dimensional TF-IDF, Word2Vec, IndoBERT Mean, and IndoBERT 
CLS representations. The regularization parameter was selected from the candidate set 𝐶 ∈
{0.01,0.1,1,10} based on validation performance. All experiments were conducted using 
three random seeds: 42, 52, and 62. 

Direct IndoBERT fine-tuning was evaluated separately to compare end-to-end trans-
former learning with classifiers trained on fixed text representations. The model used (indo-
benchmark/indobert-large-p2), with normalized text as input. The maximum sequence length 
was set to 128 tokens, and the per-device batch size was 8. Gradient accumulation was set to 
2, resulting in an effective batch size of 16. The model was optimized using AdamW with a 

learning rate of 2 × 10−5, weight decay of 0.01, a warm-up ratio of 0.10, and a maximum 
gradient norm of 1.0. Mixed-precision training was also applied [28]. 

Training was limited to 10 epochs, with an early-stopping patience of 3 epochs. For each 
random seed (42, 52, and 62), the checkpoint achieving the highest validation Macro-F1 score 
was selected. The test set was evaluated only after checkpoint selection to avoid using test 
performance for model selection. 

3.5. ANFIS Classifier 

The neuro-fuzzy classifier used an Adaptive Neuro-Fuzzy Inference System (ANFIS) 
with 12 fuzzy rules, a 64-dimensional input, and four output classes. For an input vector 
(𝑥 ∈ 𝑅64), the antecedent of rule r was characterized by a center 𝑐𝑟𝑗  and a positive scale 

𝜎𝑟𝑗 . The Gaussian membership value of feature 𝑥𝑗  for rule (r) was defined as in Eq.(1). 

μ𝑟(𝑧𝑗) = 𝑒𝑥𝑝 (−
(𝑧𝑗 − 𝑐(𝑟𝑗))

2

(2σ(𝑟𝑗)
2 )

) (1) 

where the positive scale was parameterized using the trainable log-scale in Eq.(2), 

𝜎𝑟𝑗 = exp(𝑠𝑟𝑗) (2) 

where 𝑠𝑟𝑗  denotes the trainable log-sigma parameter. This parameterization ensures that the 

Gaussian scale 𝜎𝑟𝑗  remains positive during model training. 

To improve numerical stability across the 64 input dimensions, rule activation was com-
puted in the log domain and normalized across the 12 rules. The normalized firing strength 
of rule (r) was therefore expressed as in Eq.(3). 

𝑤𝑟̅̅̅̅ (𝐱) =
exp (

1
64

∑ log 𝜇𝑟𝑗 (𝑥𝑗)64
𝑗=1 )

∑ exp (
1

64
∑ log 𝜇𝑘𝑗 (𝑥𝑗)64

𝑗=1 )12
𝑘=1

 (3) 

As shown in Eqs. (1)–(3), the antecedent layer measures the relationship between each 
input feature and the rule centers and converts these membership values into normalized rule 
activations. 

Each rule used a first-order consequent for each output class. The input vector was first 
augmented with a constant term as in Eq.(4). 

𝐱̃ = [1, 𝑥1, 𝑥2, … , 𝑥64]𝑇 (4) 

For rule (𝑟) and class (𝑐), the rule-specific output was computed as in Eq.(5). 

𝑓𝑟𝑐(x) = prc
T x̃ (5) 
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where 𝑝𝑟𝑐 represents the consequent parameters. The final ANFIS logit for class (𝑐) was 
obtained by combining the rule-specific outputs according to their normalized firing strengths 
as in Eq.(6): 

𝑧𝑐(x) = ∑ 𝑤𝑟̅̅̅̅ (x)𝑓𝑟𝑐(x)

12

𝑟=1

,   𝑐 = 1, … ,4 (6) 

Thus, Eqs. (4) – (6) describe how the activated fuzzy rules are combined to produce the 
four class logits. The antecedent centers were initialized using MiniBatchKMeans centroids, 
while the initial scales were estimated from within-cluster feature variation with a sigma scale 
of 1.0. 

Plain ANFIS was trained using AdamW with a learning rate of 0.0008, weight decay of 
0.0001, dropout of 0.1, and batch size of 64. Unweighted cross-entropy was used as the loss 
function. Training was limited to 100 epochs with an early-stopping patience of 10, and the 
checkpoint with the highest validation Macro-F1 was retained. Plain ANFIS was evaluated 
using TF-IDF, Word2Vec, IndoBERT Mean, and IndoBERT CLS representations. Based on 
validation performance, IndoBERT Mean was subsequently used for the controlled class-
imbalance and metaheuristic experiments. 

3.6. Imbalance Handling 

During preliminary screening, three imbalance-handling strategies were evaluated using 
the fixed IndoBERT Mean representation: class-balanced focal (CBF) loss, label smoothing, 
and logit adjustment. Plain ANFIS with unweighted cross-entropy (CE) served as the refer-
ence. The strategy for subsequent investigation was selected based on mean validation Macro-
F1 [28]–[30]. CBF loss combines class-balanced weighting and focal modulation to account 
for class frequencies and reduce the contribution of confidently classified samples. The effec-
tive-number weighting parameter was set to 𝛽 = 0.999, and the focal parameter to 𝛾 = 2.0. 

For class 𝑐 containing 𝑛𝑐 training samples, its weight was calculated as: 

𝛼𝑐 =
1 − 𝛽

1 − 𝛽𝑛𝑐
 (7) 

The class weights were normalized before training. For sample 𝑖, with true class 𝑦𝑖 and 

predicted probability 𝑝𝑖,𝑦𝑖
 assigned to that class, the CBF loss was defined as: 

ℒ𝒞ℬℱ = −
1

𝑁
∑ 𝛼𝑦𝑖

(1 − 𝑝𝑖,𝑦𝑖
)

𝛾
lo g(𝑝𝑖,𝑦𝑖

)

𝑁

𝑖=1

 (8) 

Following preliminary screening, CBF-ANFIS was retrained using the finalized config-
uration, with a batch size of 256, a learning rate of 0.001, weight decay of 0.0001, a maximum 
of 100 epochs, and early-stopping patience of 12. The preliminary and final results were 
treated as separate experimental stages because their training configurations were not identi-
cal. 

A controlled ablation study subsequently compared CBF, CE, label smoothing (LS), and 
logit adjustment (LA) under the same finalized training protocol. The IndoBERT Mean 64D 
representation, 12-rule ANFIS architecture, data partitions, experimental seeds, and core 
training hyperparameters were held constant to isolate the effect of the training objective. The 
preliminary screening, final model evaluation, and controlled ablation results are reported 
separately in Sections 4.3, 4.4, and 4.8, respectively. 

3.7. Metaheuristic Optimization of CBF-ANFIS 

WOA and CSA were independently applied to the selected CBF-ANFIS checkpoints to 
optimize the antecedent parameters while keeping the consequent parameters fixed. With 12 
rules and 64 input features, the optimization involved 768 rule-center parameters and 768 
log-sigma parameters, resulting in a 1,536-dimensional search vector [32]: 

𝜽 = [vec(𝐶), vec(log Σ)] ∈ ℝ1536 (9) 

where 𝐶 and log Σ denote the rule centers and log-sigma parameters, respectively. 
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The search bounds were defined relative to the source CBF-ANFIS checkpoint. Rule 
centers were allowed to vary within ±0.25 times the standard deviation of each training fea-
ture, whereas log-sigma parameters could vary within ±0.35 of their checkpoint values: 

𝑐𝑟,𝑑
𝐿 = 𝑐𝑟,𝑑

𝐶𝐵𝐹 − 0.25𝑠𝑑,  𝑐𝑟,𝑑
𝑈 = 𝑐𝑟,𝑑

𝐶𝐵𝐹 + 0.25𝑠𝑑 

(10) 

𝑙𝑟,𝑑
𝐿 = 𝑙𝑟,𝑑

𝐶𝐵𝐹 − 0.35, 𝑙𝑟,𝑑
𝑈 = 𝑙𝑟,𝑑

𝐶𝐵𝐹 + 0.35 

where 𝑠𝑑 denotes the standard deviation of training feature 𝑑, 𝑙𝑟,𝑑 = log(𝜎𝑟,𝑑), and the su-

perscripts 𝐿 and 𝑈 indicate the lower and upper search bounds, respectively. 
The initial population consisted of the source checkpoint as its first candidate and nine 

additional candidates sampled uniformly within the search bounds: 

𝜽0 = 𝜽𝐶𝐵𝐹 ,   𝜽𝑖 ∼ 𝑈(𝜽𝐿, 𝜽𝑈),  𝑖 = 1, … ,9 (11) 

Both optimizers used validation Macro-F1 as the fitness function, with no optimizer-
level early stopping. The best validation solution from each run was subsequently evaluated 
on the held-out test set. Each run involved 210 fitness evaluations (10 initial evaluations and 
200 evaluations across 20 iterations), yielding 630 evaluations per optimizer and 1,260 evalu-
ations overall. 

3.7.1. Whale Optimization Algorithm 

WOA used a spiral coefficient of 𝑏 = 1.0. Its control parameter 𝑎 decreased linearly 
from 2 to 0 over 20 iterations [30]: 

𝑎(𝑡) =  2 (1 −  
𝑡

𝑇 −  1
) (12) 

where (𝑇=20) is the maximum number of iterations and (𝑡 = 0, … , 𝑇 − 1). The spiral updat-
ing mechanism was defined as: 

𝜽(𝑡 +  1) =  𝐷′𝑒𝑏𝑙 𝑐𝑜𝑠(2𝜋𝑙) +  𝜽∗(𝑡) (13) 

where 𝜽∗(𝑡) represents the best validation solution, 𝐷′ =  |𝜽∗(𝑡)  −  𝜽(𝑡)|, and 𝑙 is ran-
domly sampled from [−1, 1]. Candidate solutions exceeding the search bounds were clipped 
to the corresponding limits. 

3.7.2. Crow Search Algorithm 

CSA used an awareness probability of 𝐴𝑃=0.10, and a flight length of 𝐹𝐿=2.0. When 

crow 𝑗 was not aware of being followed, crow 𝑖 moved toward the remembered position of 

crow 𝑗 according to [33]: 

𝜽𝑖
𝑡+1 =  𝜽𝑖

𝑡 +  𝑟ᵢ 𝐹𝐿 (𝒎𝑗
𝑡 −  𝜽𝑖

𝑡) (14) 

where 𝑟𝑖 is a random number in ([0,1]) and 𝒎𝑗
𝑡 denotes the remembered position of crow 𝑗 

Otherwise, a random candidate was generated within the search bounds. Each crow's memory 
was updated when its new candidate achieved a higher validation Macro-F1. 

3.8. Evaluation Metrics 

Model performance was evaluated using accuracy, balanced accuracy, Macro-F1, Mat-
thews correlation coefficient (MCC), macro-ROC-AUC, and macro-PR-AUC. Balanced ac-
curacy and Macro-F1 were used to account for differences in class distribution, while MCC 
was used to assess the overall agreement between predicted and true labels [34], [35]. Macro 
ROC-AUC and macro PR-AUC were used to evaluate class discrimination across different 
decision thresholds, providing complementary evaluations of classification performance, par-
ticularly in the presence of class imbalance [36]. 

Precision, recall, and F1-score were also reported for each class to examine class-specific 
performance, particularly for Distress, Crisis, Protective, and Situational [35]. Confusion ma-
trices were used to identify the main misclassification patterns. For each random seed (42, 52, 
and 62), all evaluation metrics and confusion matrices were computed from the same held-
out test predictions. Aggregate performance was reported as mean ± standard deviation 
across the three seeds, while individual confusion matrices represented seed-specific results. 
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3.9. Statistical and Error Analysis 

Statistical comparisons were performed using the configuration selected from the vali-
dation set for each method. No model was reselected based on test performance. Paired 
bootstrap analysis with 1,000 resamples was applied to the locked test predictions to evaluate 
pairwise differences in Macro-F1. The resulting 95% confidence intervals were used to deter-
mine the stability of the observed differences. 

Error analysis was performed using the same locked test predictions. Per-class precision, 
recall, and F1-score, together with confusion matrices, were examined to identify the main 
misclassification patterns. Cross-seed prediction agreement was also analyzed for CBF-AN-
FIS, WOA-ANFIS, and CSA-ANFIS to determine whether differences in aggregate perfor-
mance were accompanied by changes in individual predictions. Qualitative interpretations of 
classification errors were made only after examining the corresponding text. 

3.10. Experimental Configuration 

The main experimental configurations are summarized in Table 2, including data parti-
tioning, text representations, ANFIS architectures, metaheuristic settings, experimental seeds, 
evaluation metrics, and statistical analysis. All experiments followed the evaluation protocol 
described in Section 3.1, with the validation set used for model selection and optimization, 
while the held-out test set was reserved for final performance evaluation. 

Table 2. Experimental Configuration 

Component Configuration 

Data split Group-aware split: 13,600 training, 2,914 validation, and 2,915 test samples; split seed = 42 

Text representations TF-IDF, Word2Vec, IndoBERT Mean, and IndoBERT CLS; each reduced to 64 dimensions 

Plain ANFIS 12 fuzzy rules; AdamW; learning rate = 0.0008; weight decay = 0.0001; dropout = 0.1; batch size = 64; max-

imum 100 epochs; patience = 10; unweighted cross-entropy 

CBF-ANFIS IndoBERT Mean; β=0.999; γ=2.0; learning rate = 0.001; weight decay = 0.0001; batch size = 256; maxi-

mum 100 epochs; patience = 12 

WOA-ANFIS Population size = 10; 20 iterations; (b=1.0); center radius factor = 0.25; log-sigma radius = 0.35; antecedent 

parameters optimized; consequent parameters fixed 

CSA-ANFIS Population size = 10; 20 iterations; (AP=0.10); (FL=2.0); center radius 

factor = 0.25; log-sigma radius = 0.35; antecedent parameters optimized; consequent parameters fixed 

Metaheuristic fitness Validation Macro-F1 

Experimental seeds 42, 52, and 62 

Evaluation metrics Accuracy, balanced accuracy, Macro-F1, MCC, macro-ROC-AUC, and macro-PR-AUC 

Statistical analysis Paired bootstrap with 1,000 resamples 

4. Results and Discussion 

4.1. Model Performance Comparison 

Table 3 summarizes the held-out test performance of the reference baselines, preliminary 
Plain ANFIS, and final-stage ANFIS models. Direct IndoBERT achieved the highest Macro-
F1 (0.7685 ± 0.0046), followed by Plain ANFIS (0.6942 ± 0.0011) and CBF-ANFIS (0.6897 
± 0.0054). However, Plain ANFIS was evaluated during preliminary screening under a differ-
ent training configuration; its results are therefore included for descriptive rather than con-
trolled comparison. Direct IndoBERT and TF-IDF + LR serve as independent predictive 
reference baselines, whereas WOA-ANFIS and CSA-ANFIS are compared with their seed-
matched final CBF-ANFIS checkpoints. 

Within the finalized experiments, WOA-ANFIS and CSA-ANFIS achieved Macro-F1 
scores of 0.6890 ± 0.0089 and 0.6859 ± 0.0058, respectively, compared with 0.6897 ± 0.0054 
for CBF-ANFIS. Despite using the same optimization settings and seed-matched source 
checkpoints, neither optimizer consistently improved held-out test performance. Overall, di-
rect IndoBERT provided the strongest predictive performance, while ANFIS offered a 
framework for evaluating fuzzy-rule-based classification and antecedent optimization. The 
effects of different loss functions under identical finalized training configurations are exam-
ined separately in Section 4.8. 
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Table 3. Held-Out Test Performance by Experimental Stage 

Experimental 

stage 

Model Accuracy Balanced Acc. Macro-F1 MCC ROC-AUC PR-AUC 

Reference 

baselines 

TF-IDF + LR 0.6775 0.6651 0.6645 0.5651 0.8860 0.7533 

Reference 

baselines 

Direct 

IndoBERT 

0.7663 ± 0.0041 0.7706 ± 0.0070 0.7685 ± 0.0046 0.6856 ± 0.0065 0.9327 ± 0.0076 0.8489 ± 0.0146 

Preliminary 

screening 

Plain ANFIS 0.6938 ± 0.0010 0.6901 ± 0.0007 0.6942 ± 0.0011 0.5855 ± 0.0016 0.8976 ± 0.0056 0.7799 ± 0.0093 

Final evaluation CBF-ANFIS 0.6895 ± 0.0051 0.6874 ± 0.0055 0.6897 ± 0.0054 0.5801 ± 0.0071 — — 

Final evaluation WOA-ANFIS 0.6883 ± 0.0088 0.6882 ± 0.0087 0.6890 ± 0.0089 0.5788 ± 0.0119 — — 

Final evaluation CSA-ANFIS 0.6854 ± 0.0058 0.6841 ± 0.0067 0.6859 ± 0.0058 0.5747 ± 0.0082 — — 

Note: Values are reported as mean ± standard deviation across three runs, where applicable. 

4.2. Effect of Text Representation 

The four 64-dimensional text representations were evaluated using the same Plain AN-
FIS architecture. As shown in Table 4, IndoBERT Mean achieved the highest validation 
Macro-F1 (0.7081 ± 0.0058), followed by IndoBERT CLS (0.6938 ± 0.0097), TF-IDF (0.6907 
± 0.0007), and Word2Vec (0.6598 ± 0.0054). Accordingly, IndoBERT Mean was selected for 
subsequent imbalance-handling and metaheuristic optimization experiments. 

The held-out test results showed a consistent ranking, with IndoBERT Mean achieving 
the highest Macro-F1 (0.6942 ± 0.0011), balanced accuracy (0.6901 ± 0.0007), and MCC 
(0.5855 ± 0.0016). These findings indicate that contextual representations provided more ef-
fective input features for Plain ANFIS than the other representations evaluated under the 
same configuration. 

Table 4. Plain ANFIS Performance across Text Representations 

Representation Validation Macro-F1 Test Accuracy Test Balanced Acc Test Macro-F1 Test MCC 

TF-IDF 0.6907 ± 0.0007 0.6874 ± 0.0074 0.6740 ± 0.0082 0.6737 ± 0.0094 0.5787 ± 0.0098 

Word2Vec 0.6598 ± 0.0054 0.6616 ± 0.0055 0.6498 ± 0.0042 0.6547 ± 0.0051 0.5413 ± 0.0075 

IndoBERT Mean 0.7081 ± 0.0058 0.6938 ± 0.0010 0.6901 ± 0.0007 0.6942 ± 0.0011 0.5855 ± 0.0016 

IndoBERT CLS 0.6938 ± 0.0097 0.6866 ± 0.0062 0.6824 ± 0.0073 0.6857 ± 0.0071 0.5759 ± 0.0087 

Note: Values are reported as mean ± standard deviation across three runs, where applicable. 

4.3. Preliminary Screening of Imbalance-Handling Strategies 

The preliminary screening compared four training objectives using the IndoBERT Mean 
representation: unweighted cross-entropy, class-balanced focal loss, label smoothing, and 
logit adjustment. As shown in Table 5, CBF-ANFIS achieved the highest validation Macro-
F1 (0.7108 ± 0.0056), followed by label smoothing (0.7101 ± 0.0076), logit adjustment 
(0.7093 ± 0.0069), and Plain ANFIS (0.7081 ± 0.0058). Accordingly, CBF-ANFIS was se-
lected for subsequent investigation. 

On the held-out test set, label smoothing achieved the highest Macro-F1 (0.6958 ± 
0.0058), closely followed by CBF-ANFIS (0.6954 ± 0.0045), Plain ANFIS (0.6942 ± 0.0011), 
and logit adjustment (0.6924 ± 0.0061). The relatively small differences indicate that the pre-
liminary screening did not establish a substantial predictive advantage for any individual im-
balance-handling strategy. 

Following this screening, CBF-ANFIS was retrained using the finalized experimental 
configuration, with a batch size of 256, a learning rate of 0.001, weight decay of 0.0001, a 
maximum of 100 epochs, and early-stopping patience of 12. Although both stages used the 
same data partitions, IndoBERT Mean representation, 12-rule ANFIS architecture, and ex-
perimental seeds, their training configurations differed. Consequently, the final CBF-ANFIS 
results (validation Macro-F1: 0.7048 ± 0.0040; test Macro-F1: 0.6897 ± 0.0054) should not 
be directly interpreted as evidence of a loss-function effect relative to the preliminary results. 
Table 5 therefore reports the preliminary configuration-selection results, while the controlled 
comparison of loss functions under the finalized configuration is presented in Section 4.8. 
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Table 5. Preliminary Comparison of Class-Imbalance Handling Strategies 

Method Validation Macro-F1 Test Macro-F1 ΔF1 vs Plain Test Balanced Acc. Test MCC 

Plain CE 0.7081 ± 0.0058 0.6942 ± 0.0011 Reference 0.6901 ± 0.0007 0.5855 ± 0.0016 

Class-balanced focal 0.7108 ± 0.0056 0.6954 ± 0.0045 +0.0013 0.6928 ± 0.0046 0.5867 ± 0.0060 

Label smoothing 0.7101 ± 0.0076 0.6958 ± 0.0058 +0.0016 — — 

Logit adjustment 0.7093 ± 0.0069 0.6924 ± 0.0061 −0.0018 — — 

Note: Values are mean ± standard deviation across three seeds (42, 52, and 62). ΔF1 denotes the difference in test Macro-F1 relative to 
Plain ANFIS. CE, cross-entropy. 

4.4. Effect of Metaheuristic Optimization 

The final evaluation examined whether WOA and CSA could improve CBF-ANFIS per-
formance by optimizing its antecedent parameters while keeping the consequent parameters 
fixed. Both algorithms were independently applied to the corresponding final CBF-ANFIS 
checkpoints using the same search configuration and validation Macro-F1 fitness function. 

As shown in Table 6, the original CBF-ANFIS checkpoints achieved a mean validation 
Macro-F1 of 0.7048 ± 0.0040. WOA increased this value to 0.7111 ± 0.0017 (+0.0063), while 
CSA achieved 0.7074 ± 0.0039 (+0.0026). These results indicate that both optimizers im-
proved the validation objective relative to their source checkpoints. However, these improve-
ments did not translate into better held-out test performance. CBF-ANFIS achieved a test 
Macro-F1 of 0.6897 ± 0.0054, compared with 0.6890 ± 0.0089 for WOA-CBF-ANFIS and 
0.6859 ± 0.0058 for CSA-CBF-ANFIS. The corresponding differences were −0.0007 and 
−0.0038, respectively. Furthermore, the validation-to-test gap increased from −0.0151 for 
CBF-ANFIS to −0.0221 for WOA-CBF-ANFIS and −0.0215 for CSA-CBF-ANFIS. Overall, 
although both optimizers improved validation Macro-F1, neither demonstrated a correspond-
ing gain in predictive generalization. 

Table 6. CBF-ANFIS Performance Before and After Metaheuristic Optimization 

Model Validation Macro-F1 Δ Val F1 vs CBF Test Macro-F1 Δ Test F1 vs CBF Val→Test Gap 

CBF-ANFIS 0.7048 ± 0.0040 Reference 0.6897 ± 0.0054 Reference −0.0151 

WOA-CBF-ANFIS 0.7111 ± 0.0017 +0.0063 0.6890 ± 0.0089 −0.0007 −0.0221 

CSA-CBF-ANFIS 0.7074 ± 0.0039 +0.0026 0.6859 ± 0.0058 −0.0038 −0.0215 

Note: Values are mean ± standard deviation across three seeds (42, 52, and 62). Val–test gap = test Macro-F1 − validation Macro-F1. 

4.5. Class-Wise Performance Analysis 

Table 7 presents the class-wise performance of the final CBF-ANFIS rerun on the held-
out test set. Crisis achieved the highest F1-score of 0.7721 ± 0.0011, with precision of 0.7745 
± 0.0073 and recall of 0.7699 ± 0.0092. Distress achieved an F1-score of 0.6887 ± 0.0040, 
followed by Situational at 0.6646 ± 0.0077. 

Protective achieved the lowest F1-score of 0.6335 ± 0.0102, with precision of 0.6728 ± 
0.0135 and recall of 0.5988 ± 0.0182. The lower recall indicates that Protective instances were 
more frequently misclassified than instances from the other categories. This pattern is exam-
ined further in Section 4.7. 

Table 7. Class-Wise Performance of CBF-ANFIS 

Class Precision Recall F1-score 

Distress 0.6591 ± 0.0089 0.7213 ± 0.0118 0.6887 ± 0.0040 

Crisis 0.7745 ± 0.0073 0.7699 ± 0.0092 0.7721 ± 0.0011 

Protective 0.6728 ± 0.0135 0.5988 ± 0.0182 0.6335 ± 0.0102 

Situational 0.6696 ± 0.0102 0.6597 ± 0.0061 0.6646 ± 0.0077 

4.6. Statistical Comparison 

Paired bootstrap analysis with 1,000 resamples was performed on the final locked test 
predictions. As shown in Table 8, WOA−CBF produced ΔMacro-F1 values of −0.008888, 
+0.007296, and −0.000609 for seeds 42, 52, and 62, respectively. The 95% confidence interval 
excluded zero only for seed 52, indicating a seed-specific positive difference rather than a 
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consistent improvement across seeds. For CSA−CBF, the ΔMacro-F1 values were 
−0.007323, −0.000543, and −0.003671 for seeds 42, 52, and 62, respectively. The confidence 
interval excluded zero only for seed 42, indicating a seed-specific negative difference. Overall, 
the paired bootstrap analysis did not support a consistent improvement in held-out test per-
formance from WOA or CSA optimization. 

Table 8. Paired Bootstrap Comparison of ANFIS Models 

Comparison Seed ΔMacro-F1 95% Bootstrap CI 

WOA − CBF 42 −0.008888 [−0.017969, +0.000221] 

WOA − CBF 52 +0.007296 [+0.001942, +0.013090] 

WOA − CBF 62 −0.000609 [−0.008802, +0.007633] 

CSA − CBF 42 −0.007323 [−0.013268, −0.001641] 

CSA − CBF 52 −0.000543 [−0.005371, +0.003826] 

CSA − CBF 62 −0.003671 [−0.008985, +0.001889] 

4.7. Error Analysis 

The confusion-matrix analysis revealed similar error patterns across CBF-ANFIS, 
WOA-CBF-ANFIS, and CSA-CBF-ANFIS. The most frequent misclassifications occurred 
between Situational and Distress, with additional errors involving Situational being predicted 
as Protective, Protective as Distress, and Crisis as Situational. These patterns were observed 
across the three random seeds, although their relative frequencies varied between models. 
Protective also exhibited the lowest recall among the four classes, indicating greater difficulty 
in correctly identifying this category. 

Inter-model prediction agreement between the original CBF-ANFIS model and its me-
taheuristic-optimized variants was assessed using the same test instances for each correspond-
ing seed. For WOA-CBF-ANFIS, the agreement rates were 91.66%, 96.88%, and 93.14% for 
seeds 42, 52, and 62, respectively. The corresponding rates for CSA-CBF-ANFIS were 
96.47%, 97.94%, and 97.39%. These results indicate that antecedent optimization altered the 
predicted labels for a relatively small proportion of test instances while preserving substantial 
agreement with the original CBF-ANFIS predictions. 

The distinction between Distress and Situational also presented challenges during anno-
tation, with 1,240 disagreements involving these two categories. This observation is consistent 
with the frequent misclassifications between the categories, potentially reflecting the difficulty 
of distinguishing situational pressures from expressions of psychological distress. However, 
annotation disagreements were not directly matched with classification errors at the individ-
ual-post level; therefore, a causal relationship cannot be established. The error patterns and 
test performance indicate that antecedent optimization did not consistently improve general-
ization or resolve the classification difficulties observed across related categories. The contri-
bution of class-balanced focal loss, however, cannot be isolated through this analysis. Its rel-
ative effect was therefore examined separately through the controlled loss-function ablation 
in Section 4.8. 

4.8. Controlled Loss-Function Ablation 

To assess the contribution of class-balanced focal loss (CBF) to the ANFIS classifier, a 
controlled ablation study compared CBF with three alternative objectives: standard cross-
entropy (CE), label smoothing (LS), and logit adjustment (LA). All four loss functions were 
evaluated using the finalized experimental configuration, with the IndoBERT Mean 64D rep-
resentation, 12-rule ANFIS architecture, fixed data partitions, core training hyperparameters, 
and three experimental seeds (42, 52, and 62) held constant. Only the loss function was varied 
to isolate its effect on classification performance. The original CBF-ANFIS checkpoints were 
also verified using SHA-256 integrity checks, and their validation and test performance was 
reproduced before conducting the comparisons. 

As shown in Table 9, LS achieved the highest mean test Macro-F1 (0.6919), followed by 
LA (0.6902), CBF (0.6897), and CE (0.6892). The differences were small, with the largest 
reported improvement over CBF being approximately 0.0021. Although the alternative ob-
jectives achieved slightly higher mean validation Macro-F1 scores, these gains did not estab-
lish a consistent improvement in held-out test performance. 
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Table 9. Controlled loss-function ablation results across three random seeds 

Loss function Validation Macro-F1 Test Macro-F1 Δ Test Macro-F1 vs. CBF 

CBF 0.7048 ± 0.0040 0.6897 ± 0.0054 — 

CE 0.7081 ± 0.0024 0.6892 ± 0.0100 −0.0005 

LS 0.7093 ± 0.0031 0.6919 ± 0.0069 +0.0021 

LA 0.7092 ± 0.0006 0.6902 ± 0.0042 +0.0005 

Note: Values are mean ± standard deviation across three seeds. Δ denotes the difference in test Macro-
F1 relative to CBF. 
 

The class-wise results further revealed differences in the relative performance of the loss 
functions. LS achieved the highest F1-scores for Crisis (0.7818) and Situational (0.6675), 
whereas LA performed best for Distress (0.6976) and Protective (0.6413). Protective re-
mained the most challenging category across all loss functions, consistent with the findings 
in Section 4.5. These results suggest that incorporating class-balanced and focal weighting did 
not consistently improve the classification of individual categories relative to the alternative 
objectives. 

Paired instance-level bootstrap analysis was conducted using 1,000 resamples for each 
seed, with comparisons based on predictions for the same test instances. All nine 95% per-
centile confidence intervals for the differences between CBF and the alternative objectives 
included zero. Thus, none of the seed-specific comparisons provided statistically distinguish-
able evidence of a performance difference. This finding should not, however, be interpreted 
as evidence of statistical equivalence between the methods. The controlled ablation shows 
that CBF achieved competitive performance but did not demonstrate consistent superiority 
over CE, LS, or LA. Its role is therefore better characterized as an imbalance-aware training 
strategy within the evaluated ANFIS framework rather than an empirically superior loss func-
tion. 

4.9. Performance Differences 

The magnitude of performance differences was examined using ΔMacro-F1, calculated 
from the mean held-out test Macro-F1 scores. As shown in Table 10, Direct IndoBERT 
achieved substantially higher Macro-F1 than TF-IDF + LR (+0.104009) and the ANFIS-
based models (+0.074320 to +0.082626). These comparisons highlight the predictive perfor-
mance gap between end-to-end contextual fine-tuning and the evaluated fixed-representation 
ANFIS approaches. However, differences involving preliminary Plain ANFIS are descriptive 
because it was trained under a different configuration from the final-stage models. 

Within the ANFIS family, the final CBF-ANFIS model differed from preliminary Plain 
ANFIS by −0.004461. Relative to the final CBF-ANFIS baseline, WOA-ANFIS and CSA-
ANFIS showed smaller decreases of −0.000734 and −0.003846, respectively. These differ-
ences indicate that antecedent optimization did not yield a measurable improvement in mean 
test Macro-F1. The controlled effects of loss-function selection and metaheuristic optimiza-
tion are examined separately in Sections 4.8 and 4.4, respectively. 

Table 10. Macro-F1 Differences between Models 

Contrast ΔMacro-F1 

Direct IndoBERT − TF-IDF + LR +0.104009 

Direct IndoBERT − Plain ANFIS +0.074320 

Direct IndoBERT − CBF-ANFIS +0.078781 

Direct IndoBERT − WOA-ANFIS +0.079515 

Direct IndoBERT − CSA-ANFIS +0.082626 

CBF-ANFIS − Plain ANFIS −0.004461 

WOA-ANFIS − CBF-ANFIS −0.000734 

CSA-ANFIS − CBF-ANFIS −0.003846 

Note: ΔMacro-F1 represents the difference between the mean test Macro-F1 values of the two models 
in each contrast. Positive values indicate a higher Macro-F1 for the first model. 
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4.10. Rule-Level Interpretability Analysis 

The rule-level analysis examined the final CBF-ANFIS checkpoints from three random 
seeds (42, 52, and 62) using 2,915 test samples. Each model comprised 12 fuzzy rules operat-
ing on 64-dimensional IndoBERT Mean representations. Prediction reproduction was veri-
fied for all three checkpoints, with identical test predictions obtained after reloading the saved 
models. 

Each fuzzy rule defines a region in the latent feature space through its antecedent mem-
bership functions. Its normalized firing strength indicates the degree to which an input rep-
resentation activates that rule, providing a traceable view of the model's inference process. 
Unlike a conventional classification output, this representation allows the contribution of in-
dividual rules to be examined before the final class decision is produced. However, these 
activation patterns describe relationships in the latent feature space rather than the semantic 
meaning of the original text. 

Table 11. Rule Activation Analysis of CBF-ANFIS 

Seed Mean active rules 
Mean maximum rule 

activation 

Mean rule 

entropy 

Prediction reproduction 

(%) 

42 1.4724 0.8569 0.3930 100 

52 1.4837 0.8446 0.4300 100 

62 1.5276 0.8405 0.4229 100 

 
As summarized in Table 11, the mean maximum rule activation ranged from 0.8405 to 

0.8569 across the three seeds, while mean rule entropy ranged from 0.3930 to 0.4300. The 
mean number of active rules was relatively stable, ranging from 1.4724 to 1.5276 out of 12 
available rules. Taken together, these values suggest that the inference process was generally 
concentrated on a limited subset of rules rather than being distributed uniformly across the 
rule base. The relatively high maximum activation and low number of active rules indicate a 
selective activation pattern, although they do not establish that individual rules represent dis-
tinct or semantically coherent categories. 

Beyond activation strength, the contribution of each rule to the classification output was 
examined using its normalized firing strength and class-specific consequent output. This dis-
tinction is important because a strongly activated rule does not necessarily contribute posi-
tively or dominate the prediction for a particular class. Its actual contribution also depends 
on the magnitude and direction of its consequent parameters. Accordingly, examining activa-
tion and consequent outputs together provides a more informative account of rule-level in-
ference than activation strength alone. 

Despite this structural transparency, the 64 input features encode contextual information 
in a latent space rather than directly interpretable linguistic attributes. Individual fuzzy rules 
therefore cannot be directly associated with specific expressions of Distress, Crisis, Protec-
tive, or Situational conditions. Furthermore, rule indices are specific to each trained model 
and should not be assumed to represent equivalent patterns across different random seeds. 
Consequently, the analysis supports tracing how the model processes latent representations 
through its fuzzy rules, but does not establish direct semantic explanations of the original 
social-media posts. 

4.11. Main Findings 

The results highlight a distinction between predictive performance and the structural 
interpretability offered by the evaluated modeling approaches. Direct IndoBERT achieved 
the strongest predictive performance, outperforming the fixed-representation ANFIS mod-
els. This suggests that end-to-end contextual fine-tuning was more effective for capturing 
task-relevant information than using fixed text representations as inputs to the ANFIS archi-
tecture. 

Within the ANFIS framework, the choice of text representation influenced classification 
performance, with IndoBERT Mean providing the most effective input representation among 
those evaluated. However, the improvements associated with class-imbalance handling were 
relatively modest, and the controlled comparisons did not establish a clear predictive ad-
vantage for a particular loss function. Similarly, although WOA and CSA improved validation 
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Macro-F1, these gains did not translate into better test performance. The paired bootstrap 
analysis further indicated that the observed differences were not statistically distinguishable, 
suggesting that antecedent optimization did not provide a demonstrable generalization bene-
fit under the evaluated settings. 

Taken together, these findings suggest that the main value of the ANFIS-based approach 
lies not in achieving higher predictive performance than direct IndoBERT, but in providing 
a structured framework for examining fuzzy-rule activation and parameter optimization 
alongside different text representations and training objectives. Thus, predictive effectiveness 
and rule-based model analysis emerge as distinct considerations in evaluating the proposed 
framework. 

5. Comparison with Previous Studies 

Table 12 positions the present study within previous research on mental-health text clas-
sification, highlighting differences in datasets, text representations, classification methods, 
and interpretability. Earlier studies have explored a range of approaches, from handcrafted 
linguistic and statistical features to word embeddings and contextual Transformer represen-
tations. However, their reported results were obtained under different datasets, languages, 
class definitions, sampling procedures, and evaluation protocols. Consequently, the perfor-
mance values provide methodological context rather than a basis for direct numerical com-
parison. 

Table 12. Comparison with Previous Mental-Health NLP Studies 

Study Dataset Representation Method Classes Accuracy / F1 Interpretability 

Tadesse et al. 

[7] 

Reddit LIWC + LDA + bigram MLP 2 Acc. 0.91; F1 0.93 Feature-level analysis; no 

intrinsic rules 

Figuerêdo et al. 

[8] 

eRisk 2017 (Reddit) Word embeddings + 

emotion-related features 

CNN with 

early/late fusion 

2 F1 0.71 Emotion-feature analysis; 

no intrinsic rules 

Kerasiotis et al. 

[9] 

Social media 

depression dataset 

DistilBERT + metadata 

+ linguistic features 

Transformer + 

MLP 

4 Weighted F1 0.8415 No intrinsic rule-based 

interpretation 

Present study Indonesian social 

media 

IndoBERT Mean WOA–ANFIS 4 Acc. 0.6883 ± 0.0088; 

Macro-F1 0.6890 ± 

0.0089 

Latent-space fuzzy-rule 

activation 

 
The studies illustrate different strategies for extracting mental-health-related information 

from social-media text. Tadesse et al. [7] combined linguistic and statistical features with an 
MLP classifier for binary depression detection, while Figuerêdo et al. [8] incorporated emo-
tion-related information into an embedding-based CNN framework for early depression de-
tection. Kerasiotis et al. [9] extended this direction by combining DistilBERT representations 
with metadata and linguistic features for four-class depression-severity classification. These 
approaches reflect a progression from manually designed features toward contextual repre-
sentations and multimodal or auxiliary feature integration. Nevertheless, predictive perfor-
mance alone does not indicate whether the resulting models provide an explicit representation 
of their inference processes. 

The present study investigates a different combination of components by integrating 
contextual text representation with neuro-fuzzy classification, class-imbalance handling, and 
metaheuristic antecedent optimization. Under the same fixed data partitions, direct In-
doBERT achieved the highest Macro-F1 of 0.7685 ± 0.0046, whereas the ANFIS-based mod-
els achieved lower scores, ranging from 0.6859 to 0.6942. This result indicates that end-to-
end contextual fine-tuning was more effective for predictive classification than the evaluated 
fixed-representation ANFIS configurations. The contribution of the ANFIS framework 
therefore lies not in outperforming direct Transformer fine-tuning, but in providing an ex-
plicit rule-based inference structure through which activation patterns and consequent con-
tributions can be examined. 

An important distinction concerns the level of interpretability provided by these ap-
proaches. The previous studies summarized in Table 12 primarily rely on feature-level analy-
sis, auxiliary linguistic information, or conventional neural classification structures. In con-
trast, ANFIS explicitly represents its inference process through fuzzy-rule activation and 
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consequent parameters. However, because its inputs are 64-dimensional IndoBERT latent 
representations, these rules describe relationships in the reduced feature space rather than 
directly interpretable linguistic patterns. Thus, the framework provides structural transpar-
ency at the rule level, but does not establish direct semantic explanations of individual social-
media posts. 

Overall, the comparison positions the present study as an investigation of the relation-
ship between contextual representation, neuro-fuzzy inference, and predictive performance 
in four-class Indonesian mental-health indicator classification. Its findings also highlight an 
important distinction: stronger predictive performance and more explicit rule-level inference 
are separate modeling objectives and should not be treated as interchangeable measures of 
model quality. 

6. Conclusions 

This study investigated the integration of contextual text representation, neuro-fuzzy 
classification, class-imbalance handling, and metaheuristic antecedent optimization for Indo-
nesian social-media mental-health indicator classification. The experiments showed that the 
effectiveness of these components varied across the evaluated settings. Direct IndoBERT 
fine-tuning achieved the strongest predictive performance, while IndoBERT Mean provided 
the most effective fixed representation for ANFIS. However, neither class-balanced focal loss 
nor WOA and CSA optimization demonstrated consistent improvements in held-out test 
performance. These findings address the study's objective by showing that contextual repre-
sentation was the strongest determinant of predictive performance, whereas the additional 
ANFIS and optimization components did not establish a comparable predictive advantage. 

The contribution of the ANFIS-based approach lies in its explicit inference structure, 
which allows rule activation and consequent contributions to be examined within the reduced 
latent feature space. This provides a means of tracing model behavior beyond the final clas-
sification output. Nevertheless, such structural transparency should not be equated with direct 
semantic interpretability, since the input features do not correspond to directly identifiable 
words, phrases, or psychological attributes. The framework should therefore be understood 
as a structured classification approach for analyzing mental-health-related indicators, rather 
than a clinical assessment or diagnostic system. 

Several limitations should be considered when interpreting these findings. First, the da-
taset was collected from X using predefined retrieval keywords, which may restrict the cov-
erage of expressions and experiences represented in the resulting corpus. Second, although 
the annotation process included independent labeling and consensus adjudication, the anno-
tators were not clinical mental-health professionals. The resulting labels therefore represent 
text-based category assignments rather than clinically validated assessments. Third, the use of 
64-dimensional latent representations limits the extent to which fuzzy rules can be translated 
into meaningful linguistic or psychological explanations. In addition, the evaluation was con-
ducted on a single Indonesian social-media dataset, and the observed performance has not 
yet been established across independent datasets or other language and domain settings. 

Future work should investigate the framework using independently collected and exter-
nally validated datasets, broader linguistic and domain settings, and annotation protocols in-
volving qualified mental-health professionals. Further research could also explore more se-
mantically grounded representations, calibrated predictions, and complementary explanation 
methods that connect latent-space rule behavior with interpretable textual evidence. These 
directions are necessary to determine whether the framework can provide more reliable and 
generalizable support for mental-health-related text classification. 
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