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Abstract. Text-based mental health counseling is increasingly adopted due to 

its accessibility and anonymity; however, the absence of nonverbal cues makes 

emotion recognition challenging, particularly under high conversation volume 

and class imbalance. This study evaluates BERT, BiLSTM with GloVe embed- 

dings, and their soft-voting ensemble for text emotion classification in counsel- 

ing conversations, using only the client/help-seeker side of the Amod and Men- 

talChat datasets. A semi-supervised pseudo-labeling approach (pre-trained emo- 

tion model, confidence threshold 0.7) was used, with low-confidence samples 

manually verified by a single non-expert annotator; this single-annotator setup, 

without inter-annotator agreement, is treated as a limitation. After cleaning and 

deduplication, 6,941 labeled samples across seven emotion classes were obtained. 

BERT was fully fine-tuned; BiLSTM was trained with a class-weighted loss to 

address imbalance. Simple and macro-F1-weighted soft voting were both evalu- 

ated. BERT consistently outperforms BiLSTM, achieving its best result on Men- 

talChat (accuracy 0.804, macro F1 0.643). The ensembles do not consistently sur- 

pass BERT, reflecting the performance gap between base learners, though they 

substantially outperform standalone BiLSTM. Cross-dataset evaluation shows 

BERT has the most moderate degradation ( 12.3%). Per-class analysis shows the 

minority disgust class was correctly recognized in only 1 of 16 model–scenario 

combinations (BERT, Amod-trained and Amod-tested; recall 14.3%), and 0% 

elsewhere, highlighting the limits of class weighting under severe imbalance. 

These results suggest BERT is the more promising candidate among the models 

compared here for downstream emotion-support tools, though clinical deploy- 

ment would require expert-validated labels and prospective clinical evaluation 

beyond this study’s scope. 
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1 Introduction

Text-based communication increasingly dominates human interaction, but the loss of
nonverbal cues (facial expression, tone, body language) often causes ambiguity in in-
terpreting emotion from text, risking misunderstanding [9]. This is especially critical
in mental health counseling: text-based services are popular for their anonymity and
accessibility, but high message volume makes it easy for counselors to miss critical
emotional signals such as depression or acute anxiety. The WHO reports approximately
720,000 suicide deaths annually, the third leading cause of death among people aged
15–29 [19], and longer mental health treatment waiting times have been linked to in-
creased mortality [2], underlining the practical stakes of reliable emotion classification
in counseling text.

A major obstacle is the lack of labeled data: counseling datasets such as Amod
and MentalChat provide no emotion annotations, and manual labeling is costly [17].
Pseudo-labeling within a semi-supervised framework offers an alternative: a pre-trained
model assigns labels automatically, with only low-confidence cases manually verified
[14], a strategy shown to improve performance by 5–7% over purely supervised learning
on limited data [12]. However, reusing a model’s own predictions as training labels risks
confirmation bias, where early prediction errors are reinforced rather than corrected [1];
this risk is addressed explicitly in Section 4.6.

Prior work has combined BERT, BiLSTM, and ensembling: Gou and Li [5] com-
bined BERT and BiLSTM (F1 59.81% on MELD); Nimmi et al. [15] used average vot-
ing across BERT, DistilBERT, and RoBERTa (macro F1 85.20% on COVID-19 text);
Zhou and Wu [21] improved macro F1 by 12.5% with soft voting on Twitter. These
studies target general dialogue or social media text rather than mental health counseling,
and the specific BERT–BiLSTM soft-voting combination with systematic cross-dataset
evaluation remains rarely explored in this domain.

This study therefore (1) implements a BERT–BiLSTM soft-voting ensemble, (2)
applies confidence-threshold pseudo-labeling with manual validation, and (3) evaluates
both in-dataset and cross-dataset robustness on Amod and MentalChat. The individ-
ual components used here (BERT, BiLSTM, GloVe, soft voting, pseudo-labeling) are
each established techniques; the contribution of this study is a systematic empirical
evaluation of these techniques in the underexplored mental health counseling domain,
including a cross-dataset robustness assessment and an honest characterization of when
BERT–BiLSTM soft voting does, and does not, help over a single strong model.

2 Theoretical Background

2.1 Basic Emotions and Mental Health

Ekman’s six basic emotions, anger, disgust, fear, happiness, sadness, and surprise, are
considered universal and consistently recognizable across cultures [4]. This study ex-
tends them with a neutral class, yielding seven target classes. Persistent sadness may
indicate depressive symptoms, while heightened fear is often associated with anxiety,
consistent with NLP-based reviews linking sadness- and hopelessness-related language
to depressive symptomatology [18].
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2.2 Text Classification and Pre-processing

Text classification assigns categories to textual documents [9]; modern deep learning
approaches such as BERT and BiLSTM learn feature representations automatically and
substantially improve accuracy [13]. Pre-processing includes cleaning, whitespace nor-
malization, and duplicate removal, tailored per model: BERT uses WordPiece tokeniza-
tion, while BiLSTM uses word-level tokenization with padding/truncation.

2.3 GloVe Word Embedding

GloVe combines global matrix factorization with local context-window methods for
word vector learning [16]. This study uses 100-dimensional GloVe 6B embeddings as
static inputs for BiLSTM.

2.4 BERT

BERT learns bidirectional contextual representations via self-attention [3]. This study
fine-tunes bert-base-uncased (12 layers, hidden size 768, 12 heads) on seven emotion
classes with batch size 16, learning rate 2e-5, warmup ratio 0.1, up to 10 epochs, and
early stopping (patience 3).

2.5 BiLSTM

BiLSTM processes sequences in both directions to capture long-term dependencies [8].
Here it uses hidden size 128, 2 layers, dropout 0.5, Adam optimizer (lr 1e-3), up to 20
epochs, and patience 5.

2.6 Pseudo-Labeling

The pre-trained model j-hartmann/emotion-english-distilroberta-base [7] generates ini-
tial labels, samples with confidence ≥ 0.7 are used directly, following evidence that
thresholds of 0.7–0.8 balance pseudo-label quality and quantity [20], while lower-confidence
samples are manually verified. Because both the automatic labeling and the low-confidence
verification were done by a single source (one model, one non-expert annotator) rather
than multiple independent raters, no inter-annotator agreement statistic such as Krip-
pendorff’s Alpha [10] was computed, and confirmation bias in the sense described by
Arazo et al. [1] cannot be fully ruled out (Section 4.5).

2.7 Soft Voting Ensemble

Soft voting aggregates class probabilities from each base model [21]. This study im-
plements (1) simple soft voting (equal-weighted average) and (2) weighted soft voting,
where BERT’s weight is wBERT = FBERT /(FBERT + FBiLSTM ) based on in-dataset
macro F1, and wBiLSTM = 1 − wBERT . Using the macro-F1 values in Section 4.1,
this gives approximately wBERT ≈ 0.61 for the Amod-trained scenario and wBERT ≈
0.64 for the MentalChat-trained scenario, i.e., BERT is weighted more heavily due to
its stronger performance [15].
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Table 1: Dataset Characteristics
Attribute Amod MentalChat Raw Combined
Samples 3,512 6,338 9,850
Type Q&A Interview –
Language EN EN EN

2.8 Evaluation Methods

Performance is evaluated with accuracy, precision, recall, and F1 (macro and micro).
Macro-average weights all classes equally, which matters given the severe class imbal-
ance in this dataset; micro-average reflects overall performance under the actual class
distribution. Confusion matrices are used to identify misclassification patterns, particu-
larly for minority classes.

3 Methodology

3.1 Research Overview

The workflow comprises: (1) collection and preprocessing of two counseling datasets,
(2) pseudo-labeling with manual validation, (3) separate BERT and BiLSTM training,
(4) simple and weighted soft-voting ensembles, and (5) in-dataset and cross-dataset
evaluation across four train–test combinations.

3.2 Datasets

Two English mental health counseling datasets from Hugging Face are used. Amod/mental
health counseling conversations contains ≈3,512 single-turn Q&A pairs between anony-
mous clients and counselors; only the “Context” (client) field is used as input. Shen-
Lab/MentalChat16K contains 6,338 Q&A pairs from 378 PISCES clinical trial tran-
scripts; only the caregiver (help-seeker) input is used. Overview of the dataset can be
seen in Table 1.

The two datasets were chosen because both represent authentic counseling text but
differ in register: Amod is short, public, single-turn Q&A, while MentalChat is longer,
structured clinical-interview transcript data. This lets the cross-dataset evaluation test
generalization across two meaningfully different manifestations of the same domain,
rather than across unrelated domains.

“Raw Combined” is the total before cleaning. After removing empty rows, within-
source duplicates, and cross-source duplicates, 6,941 unique samples remained; all con-
fidence statistics below refer to this cleaned set, not the raw 9,850.

3.3 Pre-processing and Pseudo-Labeling

Each raw dataset is cleaned separately (empty-row removal, deduplication, normaliza-
tion), then merged and deduplicated again across sources, reducing 9,850 raw samples
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Table 2: Label Distribution in the Full Labeled Pool (6,941 samples, pre-split)
Emotion Count %
Sadness 3,592 51.76
Fear 2,110 30.40
Neutral 310 4.47
Surprise 296 4.26
Anger 295 4.25
Happiness 290 4.18
Disgust 48 0.69

to 6,941 unique cleaned samples. These are pseudo-labeled with j-hartmann/emotion-
english-distilroberta-base; 4,732 samples (68.18%) with confidence ≥ 0.7 are used di-
rectly, while the remaining 2,209 (31.82%) are manually validated by one author acting
as a single non-expert annotator. This 6,941-sample pool is the full labeled corpus prior
to the per-source 80:20 stratified train/test split, not the final training set alone.

3.4 Emotion Label Distribution

Table 2 presents the emotion label distribution across the 6,941-sample dataset. The dis-
tribution is highly imbalanced, with Sadness (3,592; 51.76%) and Fear (2,110; 30.40%)
jointly accounting for over 82% of samples, reflecting the distress- and anxiety-laden
nature of mental health-related text. The remaining categories, Neutral (4.47%), Sur-
prise (4.26%), Anger (4.25%), Happiness (4.18%), and Disgust (0.69%), are each severely
underrepresented, with Disgust forming an extreme minority class.

3.5 Experimental Design

Two training scenarios are used: Scenario A (Amod train) and Scenario B (MentalChat
train), each producing a BERT and a BiLSTM model. Each model is evaluated in-
dataset and cross-dataset, giving four train–test combinations (Amod→Amod, Amod→MentalChat,
MentalChat→MentalChat, MentalChat→Amod), across which single models and both
ensemble variants are compared.

4 Results and Discussion

4.1 BERT vs. BiLSTM, and Ensemble Impact

As seen in Table 3, BERT consistently outperforms BiLSTM, peaking on MentalChat→MentalChat
(accuracy 0.804, macro F1 0.643) versus BiLSTM’s 0.457/0.364 in the same scenario.
This reflects BERT’s bidirectional self-attention capturing implicit emotional nuance
and long-range context more effectively than BiLSTM’s static-embedding, sequential
representation [3,6].

Soft voting improves macro F1 (class balance) more consistently than accuracy. In
the Amod→Amod scenario, the weighted ensemble (wBERT ≈ 0.61) raises macro F1
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Table 3: Summary of Model Evaluation Results (Accuracy / Macro F1)
Model Source Target Accuracy Macro F1
BERT Amod Amod 0.659 0.369
BERT Amod MentalChat 0.625 0.326
BERT MentalChat MentalChat 0.804 0.643
BERT MentalChat Amod 0.665 0.548
BiLSTM Amod Amod 0.323 0.239
BiLSTM Amod MentalChat 0.296 0.116
BiLSTM MentalChat MentalChat 0.457 0.364
BiLSTM MentalChat Amod 0.234 0.119
Ens. simple Amod Amod 0.575 0.394
Ens. simple Amod MentalChat 0.520 0.245
Ens. simple MentalChat MentalChat 0.775 0.614
Ens. simple MentalChat Amod 0.623 0.542
Ens. weighted Amod Amod 0.611 0.415
Ens. weighted Amod MentalChat 0.554 0.259
Ens. weighted MentalChat MentalChat 0.796 0.634
Ens. weighted MentalChat Amod 0.641 0.525

from 0.369 to 0.415 but lowers accuracy from 0.659 to 0.611. On MentalChat→MentalChat,
both ensembles (simple: 0.775/0.614; weighted, wBERT ≈ 0.64: 0.796/0.634) trail sin-
gle BERT (0.804/0.643) slightly. Across all cross-dataset scenarios, neither ensemble
surpasses BERT, though both clearly outperform standalone BiLSTM. This is because
BERT’s strong probabilities are consistently “pulled down” by the much weaker BiL-
STM; soft voting benefits most when base learners have comparable strength, as in
[15], where BERT, DistilBERT, and RoBERTa (comparable performance) were com-
bined successfully. Soft voting is therefore best reserved for base learners of similar
strength rather than applied by default.

4.2 Cross-Dataset Robustness

All models degrade cross-dataset, but BERT degrades least: macro F1 falls from 0.369
to 0.326 (Amod→MentalChat) and from 0.643 to 0.548 (MentalChat→Amod), a de-
cline of ≈12.3%, still acceptable for imbalanced multiclass tasks. BiLSTM degrades
far more sharply (macro F1 down to 0.116–0.119 cross-dataset), reflecting the sensi-
tivity of static GloVe embeddings to linguistic and distributional shift; ensembles fall
in between. This matches prior findings that transformer-based models generalize more
robustly across datasets than static-embedding approaches [11].

4.3 Per-Class Performance

Confusion matrices were produced for all four models across all four train–test com-
binations (16 total). Table 4 summarizes recall per class, averaged over the four train–
test combinations for each model, to keep the analysis compact while still surfacing
minority-class behavior.
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Table 4: Average Recall (%) per Emotion Class by Model, Averaged Over All Four
Train–Test Combinations

Model Anger Disgust Fear Happiness Neutral Sadness Surprise
BERT 52.3 3.6 67.2 48.7 85.9 71.9 27.5
BiLSTM 32.4 0.0 44.2 27.7 50.8 26.8 21.9
Ens. simple 50.9 0.0 69.2 58.9 74.7 63.4 29.3
Ens. weighted 51.6 0.0 69.6 58.9 75.6 68.6 28.4

Fig. 1: Confusion Matrix BERT – MentalChat→MentalChat (in-dataset). This is
BERT’s best-performing scenario overall (accuracy 0.804, macro F1 0.643).

Disgust recall is 0% for every model except BERT, and even for BERT it is driven
entirely by a single case: BERT correctly identified 1 of 7 disgust samples (14.3%)
only in the Amod-trained, Amod-tested scenario; in the other 15 of 16 model–scenario
combinations examined, no disgust sample was ever correctly classified. Figures 1 and
2 illustrate two representative cases, BERT’s best-performing scenario and the only
scenario with a correctly classified disgust sample.

Anger and surprise also show weak, inconsistent recall, especially cross-dataset,
while fear and sadness, the two majority classes, are frequently confused with each
other across all models, most pronounced for BiLSTM and least pronounced for BERT.
These results support macro F1 over accuracy as the primary metric in this domain,
since accuracy alone would obscure the near-total failure to detect disgust, and point
to targeted data augmentation or disgust-specific annotation as necessary future work
rather than an incidental detail.

4.4 Pseudo-Labeling Effectiveness

Of the 6,941 cleaned samples, 68.18% received high-confidence pseudo-labels directly
and 31.82% were manually validated by a single non-expert annotator to reduce la-
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Fig. 2: Confusion Matrix BERT – Amod→Amod (in-dataset). This is the only model–
scenario combination in which a disgust sample was correctly classified.

bel noise before entering the training pool; MentalChat contributes 88.03% and Amod
11.97% of this pool. This validation was not cross-checked by a second rater, so no
inter-annotator agreement could be computed, and the high-confidence pseudo-labels
were not independently checked against expert ground truth (Section 4.6).

4.5 Implications and Limitations

Among the models compared, BERT alone is a more promising foundation than the
BERT–BiLSTM ensemble for downstream emotion-detection tooling, given its stronger
accuracy and cross-dataset robustness; ensembling is worthwhile mainly when base
learners have comparable strength, not as a default strategy. These findings describe
relative model performance under the tested conditions only, not clinical readiness:
deployment in an actual counseling context would require expert-annotated evalua-
tion data, prospective validation with licensed professionals, and attention to the pri-
vacy, bias, and interpretability concerns raised for NLP-based mental health tools more
broadly [18].

Key limitations: (1) manual validation was performed by a single non-expert an-
notator without a second rater or inter-annotator agreement statistic [10]; (2) high-
confidence pseudo-labels were not separately checked against expert ground truth, so
confirmation bias [1] cannot be fully ruled out; (3) the study is restricted to English text
from two datasets, untested for other languages or platforms; (4) the weighted-voting
scheme uses a simple macro-F1-proportional heuristic rather than a tuned scheme, and
its reported weights are reconstructed from logged metrics rather than recorded directly;
(5) no clinical outcome validation was performed.
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5 Conclusion

BERT consistently outperforms BiLSTM in-dataset and cross-dataset, peaking at accu-
racy 0.804 / macro F1 0.643 on MentalChat→MentalChat versus BiLSTM’s 0.457/0.364.
Soft voting (simple or weighted) does not consistently outperform single BERT, im-
proving macro F1 at the cost of accuracy in-dataset and trailing BERT cross-dataset.
BERT is also the most robust to dataset shift (≈12.3% decline vs. BiLSTM’s collapse to
0.116–0.119 macro F1 cross-dataset). Pseudo-labeling with a 0.7 confidence threshold
and manual validation yielded 6,941 labeled samples reflecting the domain’s charac-
teristic imbalance, though the single-annotator process and lack of expert ground-truth
checks limit how strongly this label quality can be claimed. Finally, disgust recall was
0% in 15 of 16 model–scenario combinations, showing that class weighting alone can-
not overcome severe imbalance.

Future work should: explore ensembles of comparably strong base learners (e.g.,
RoBERTa, DistilBERT, MentalBERT variants); involve multiple annotators, ideally li-
censed counselors, with Krippendorff’s Alpha [10] reported; separately validate pseudo-
label accuracy against expert ground truth on a held-out sample to bound confirmation-
bias risk; extend to Indonesian counseling corpora; and apply targeted augmentation or
specialized loss functions for minority classes (disgust, surprise, anger). A prospective,
professionally validated prototype counselor-support tool integrating BERT is a natural
next step beyond this study’s scope.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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