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Abstract. This study investigates automated self-esteem assessment from self-descriptive text using
transformer-based sentence embeddings. Although prior research has explored text, behavioral, and
multimodal signals, the combined effects of data augmentation, embedding choice, and classifier
complexity in text-only self-esteem classification remain insufficiently —understood.
Accordingly, this study aims to systematically evaluate embedding—classifier combinations under
both low-resource and augmented data conditions. Textual self-descriptions were collected from 298
undergraduate students at UIN Salatiga and labeled using the Indonesian version of the Rosenberg
Self-Esteem Scale, yielding three self-esteem categories. To address data scarcity, a controlled
translation-based augmentation pipeline with expert psychological validation was applied
exclusively to the training set. Seven multilingual sentence embedding models were paired with
eight classification algorithms, and performance was evaluated using macro-averaged metrics, along
with training and inference time. Results reveal a two-regime pattern: (1) in limited-data settings,
strong embeddings with simple classifiers perform best, (2) whereas in augmented settings,
representation quality dominates and classifier choice has a marginal effect. The findings suggest
that prioritizing high-quality embeddings and carefully validated data augmentation enables
accurate, scalable, and cost-effective text-based self-esteem assessment for real-world psychological
applications.
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1. Introduction

The advancement of Machine Learning (ML) has fundamentally transformed data processing and analysis
methodologies across numerous disciplines [1]. This rapidly evolving field of artificial intelligence has
transcended theoretical frameworks to deliver practical applications that address complex problems through
algorithmic learning. Contemporary ML systems demonstrate the capacity to generate predictions and
decisions with minimal human intervention by identifying patterns within extensive datasets [2]. The
exponential growth in computational power, combined with the availability of vast data repositories, has
accelerated ML development, enabling sophisticated applications in natural language processing, computer
vision, and predictive analytics that were previously inconceivable [3]. The versatility of machine learning
has facilitated its integration across diverse fields, spanning healthcare, finance, education, and psychology
[4]. In psychology, ML algorithms analyze behavioral patterns, emotional responses, and cognitive
processes with unprecedented precision [5], [6]. Researchers now employ these tools to identify subtle
correlations between psychological variables, predict mental health outcomes, and personalize therapeutic
interventions. ML models can process multidimensional psychological assessment data, recognize patterns
imperceptible to human observation, and contribute to more objective diagnostic processes [7]. This
technological synergy with psychology represents a significant advancement in understanding human
behavior and mental processes beyond traditional statistical approaches [8].

Self-esteem plays a critical role in university students' academic performance, mental well-being, and
social integration [9]. As a psychological foundation, healthy self-esteem enables students to approach
challenges with confidence, persist through academic difficulties, and maintain resilience during stressful
periods [10]. Research consistently demonstrates that students with positive self-regard tend to establish
higher educational goals, engage more actively in learning processes, and demonstrate greater adaptability
when confronting setbacks [11]. Conversely, low self-esteem correlates with increased vulnerability to
anxiety, depression, and maladaptive coping strategies, potentially undermining academic achievement and
the overall university experience [12], [13]. As institutions increasingly recognize this connection, support
systems targeting self-esteem enhancement have become essential components of comprehensive student
success initiatives [14]. The exploration of self-esteem through various methodological approaches has
been examined by multiple studies utilizing different datasets and analytical frameworks. [15] utilized
smartphone passive sensing data to predict self-esteem among 51 students over five weeks. The study
incorporated physical activity, conversation, and communication patterns and employed linear regression,
gradient boosted regression, and deep learning-based multilayer perceptron models, with gradient boosted
regression yielding optimal results in predicting performance, social, and appearance self-esteem (SMAPE
values of 8.61%, 5.64%, and 7.53%, respectively). Despite significant findings, the limited sample size and
lack of consideration for digital footprints pose limitations, raising questions about the generalizability of
the results.

[16] Focusing on frontostriatal white matter integrity and its impact on self-esteem, leveraged
probabilistic tractography and ridge regression models to analyze neuroimaging data from two datasets.
Their multivariate frontostriatal model exhibited modest predictive accuracy (r = 0.237), despite challenges
with sample differences and limited standardization of outcomes. Although the univariate model showed a
significant positive relationship between white matter integrity and self-esteem, the generalizability of these
findings depends on the similarity of the test samples. In a context more grounded in psychometric
variables, [17] examined the interplay between depression, internet addiction, and self-esteem among 461
Dhaka-based students. Using logistic regression, their prediction models for self-esteem achieved
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impressive accuracies (86% from depression, 82% from internet addiction). Despite promising results, the
study's voluntary sampling method introduces potential biases that question its applicability beyond
Dhaka's undergraduate population. [18] further explored adolescent internet addiction and its interaction
with self-esteem and resilience using a comprehensive dataset of over 8,000 junior high school students.
Employing SHapley Additive exPlanations (SHAP) for interpretability, their XGBoost model attained the
highest predictive scores (AUC of 0.790). The study, however, remains constrained by its reliance on self-
reported questionnaires and a cross-sectional design, raising questions about how incorporating longitudinal
data could enhance causal inferences.

[19] developed an innovative Owl Search Optimized Dynamic Deep Neural Network (OSO-DDNN) for
predicting elementary students' academic performance linked to self-esteem and individualism. This model
excelled compared to conventional methods, achieving 92% accuracy. Nevertheless, the model's reliance
on clean data underscores the need for future work considering broader socio-economic factors. [20]
introduced a unique approach by analyzing web search data to detect low self-esteem among college
students, achieving high F1 scores when using search category distributions (average F1 = 0.86). However,
the small sample size and reliance on college students limit the study's scope. [21] investigated
electroencephalogram (EEG) data for classifying high and low self-esteem. Utilizing a Random Forest
classifier, they achieved notable accuracy (79.38%) but acknowledged limitations such as the lack of
middle-range data and a culturally specific dataset.

Despite substantial findings from prior studies in understanding self-esteem through diverse datasets
and methodologies, significant research gaps persist, particularly concerning the need for data augmentation
and advanced model building to enhance predictive accuracy and generalizability. Existing studies
predominantly rely on limited datasets, such as smartphone passive sensing [15], neuroimaging data [16],
or self-reported questionnaires [18]. These datasets often lack diversity, represent small sample sizes, or
fail to account for broader socio-economic and cultural contexts, which are crucial for capturing the
multifaceted nature of self-esteem. For instance, Bin Morshed et al.'s [15] reliance on physical activity and
communication patterns excludes digital footprints, while [20] use of web search data is constrained by a
small and specific population. The voluntary sampling method employed by [17] introduces selection bias,
further limiting the applicability of findings beyond particular demographics. Moreover, the models utilized
in previous studies have demonstrated varying levels of success but often fall short due to dataset-related
limitations. For example, the OSO-DDNN model [19] achieves high accuracy but depends heavily on clean,
curated data, neglecting the complexities of real-world scenarios where data may be noisy or incomplete.
Similarly, the EEG-based Random Forest classifier [21] lacks middle-range data, which could provide
deeper insights into nuanced self-esteem levels. To address these limitations, this research focuses on
incorporating data augmentation methods, such as synthetic data generation, which could enhance the
quality and diversity of training data, thereby improving model performance and generalizability.
Furthermore, exploring diverse model-building approaches holds promise for better predictive capabilities.
Such advancements would bridge existing gaps in self-esteem prediction and pave the way for practical
applications in mental health assessment and intervention.

This research aims to address gaps in predicting and understanding self-esteem by integrating advanced
data augmentation techniques and diverse model-building approaches. Specifically, it seeks to enhance the
quality and diversity of training datasets through synthetic data generation and other augmentation methods
while exploring a range of machine learning models that can better capture the multifaceted nature of self-
esteem. The study will focus on improving predictive accuracy and generalizability across broader
populations, addressing limitations such as small sample sizes, selection biases, and reliance on specific
data types (e.g., physical activity, neuroimaging, or self-reported questionnaires). Additionally, the research
aims to contribute to practical applications in mental health assessment and intervention for university
students, leveraging machine learning's capacity to identify patterns and predict outcomes related to self-
esteem.
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2. Method

2.1. Data acquisition

A stratified random sample of 298 undergraduate students was recruited from UIN Salatiga across various
academic programs and year levels to ensure demographic representativeness. Participants were students
from humanities, social sciences, and engineering programs, with 31.2% male and 68.8% female students.
The inclusion criteria required participants to be native Indonesian speakers currently enrolled as full-time
students, while the exclusion criteria eliminated those with self-reported severe mental health conditions or
language comprehension difficulties that might affect response quality. Self-esteem was measured using
the Indonesian version of the Rosenberg Self-Esteem Scale (RSE) /22/, [23], a validated 10-item
instrument with established psychometric properties in Indonesian populations. The scale employs a 4-
point Likert response format ranging from strongly agree to strongly disagree, with higher scores indicating
greater self-esteem. Self-descriptions were collected through structured prompts asking participants to
"describe yourself'in 3-5 sentences, focusing on your personal qualities, abilities, and characteristics that
you believe define who you are.”

Data collection occurred in controlled classroom environments during regular class periods over a four-
week period. Each session was administered by trained research assistants following standardized protocols
to ensure consistency. Participants first completed informed consent procedures, including explicit
information about data anonymization and research purposes. The RSE was administered first, followed by
the self-description task, with participants given unlimited time to complete both measures. All responses
were collected using anonymous identification codes, with no personally identifiable information recorded.
RSE total scores (range: 10-40) were categorized using tertile splits on the base dataset: Low self-esteem
(10-23, 29.3%), Medium (24-30, 41.9%), High (31-40, 28.2%). This distribution-based approach ensured
balanced representation while maintaining psychological meaningfulness. Post-augmentation, class
distributions were balanced to 33.34+2% per class through stratified sampling from the augmented pool.

2.1.1 Data Augmentation and Validation

Due to the limited size of the original dataset, a structured computational data augmentation protocol was
implemented to expand the training data while preserving semantic integrity and class balance. The
augmentation pipeline consisted of three sequential stages: (1) stratified data splitting, (2) controlled
generative augmentation through translation-based transformation, and (3) expert validation. First, a
stratified train—test split (80:20) was performed to ensure proportional class distribution across subsets.
Augmentation procedures were applied exclusively to the training set, while the test set (20%) contained
only original, non-augmented samples. This design prevented data leakage and ensured unbiased
performance evaluation. For the generative augmentation stage, translation-based paraphrasing was
conducted using Ollama with the pre-trained model zongwei/gemma3-translator:4b. The base Indonesian
data were translated into English and subsequently back-translated into Indonesian. In addition, cross-
lingual transformation was performed through Indonesian—Malay translation and back-translation,
leveraging the linguistic proximity between the two languages to introduce controlled lexical and syntactic
variation while maintaining semantic equivalence. This approach generated diverse paraphrastic variants
without altering the underlying psychological meaning.

The final dataset composition was controlled to ensure that no single class exceeded 35% of the total
samples. Both expert reviewers (master's-level psychologists with 5+ years of experience) independently
evaluated 500 augmented descriptions using a structured protocol. Reviewers rated each sample on two
dimensions: (1) semantic preservation, whether the augmented text maintained the core meaning and
linguistic naturalness of the original samples, and (2) psychological coherence, whether the content
appropriately reflected the assigned self-esteem category. Disagreements were resolved through discussion
to reach a consensus. Of the 500 reviewed samples, 47 (9.4%) were rejected, resulting in a 90.6%
acceptance rate applied to filter the complete augmented dataset. While this validation process ensured
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quality control, formal inter-rater reliability statistics were not calculated, representing a limitation for
future replication studies.

2.2. Classification Process

Feature extraction was performed using seven pre-trained multilingual embedding models to obtain dense
semantic representations of the text. The evaluated models included indolem/indobert-base-uncased
(IndoBERT Base, 768 dimensions), firqaaa/indo-sentence-bert-base (IndoSentence-BERT, 768
dimensions), paraphrase-multilingual-MiniLM-L12-v2 (MiniLM-L12, 384 dimensions), paraphrase-
multilingual-mpnet-base-v2 (Multilingual MPNet, 768 dimensions), sentence-transformers/LaBSE
(LaBSE, 768 dimensions), and distiluse-base-multilingual-cased-v2 (DistilUSE, 512 dimensions). These
models were selected to represent a diverse range of transformer-based architectures, including Indonesian-
specific, multilingual, and lightweight sentence embedding models. Each model generated fixed-length
vector representations that served as input features for the classification stage.

Following feature extraction, eight classification algorithms were evaluated. The gradient boosting
family included XGBoost (max_depth=8, eta=0.1), CatBoost (depth=8, iterations=500), and LightGBM
(num_leaves=31, learning_rate=0.05). Ensemble learning was further represented by Random Forest
(n_estimators=200, max_depth=15). Linear modeling was implemented using Logistic Regression (C=1.0,
max_iter=1000), while kernel-based classification employed Support Vector Machines with an RBF kernel
(C=1.0). Instance-based learning was conducted using k-Nearest Neighbors (n_neighbors=5, cosine
distance metric). Additionally, a feedforward neural network implemented in PyTorch (hidden layer
dimensions: 256, 128, and 64) was included to assess the performance of a deep neural architecture on fixed
embedding inputs. All experiments used Python 3.9.7 with scikit-learn 1.0.2, TensorFlow 2.8.0, and
transformers 4.18.0 on an Apple Silicon M1 with the extreme programming paradigm [24].

Each embedding model was systematically combined with each classifier, resulting in a comprehensive
evaluation of embedding—classifier pairings. For every combination, six performance indicators were
computed: Accuracy, macro-averaged Precision, macro-averaged Recall, macro-averaged F1-score,
training time, and inference time. The use of macro-averaged metrics ensured balanced evaluation across
all classes, particularly in the presence of potential class imbalance. Training and inference time
measurements were included to assess computational efficiency in addition to predictive performance. The
research design is illustrated in Figure 1.

- Y a R
Datasets | Feature Exraction l | Classifications | | Model Evaluation
Transformer Embedings: Clasical ML:
Base 1.Distiluse-base 1.CatBoost
2.Indobert-base 2.kNN 1.Accuracy
3.Indosentence-bert 3.Lightgbm 2.Precision
4.LaBSE 4.Logistic_regression
Augmented 5. Minilm-112 5.Pytorch_nn 3.Recall
ID-EN-ID 6.Multilingual-mpnet 6.Random Forest 4.F1 - Macro
ID-MY 7.XIm-r-indonesian 7.SVM
8.XgBoost
Figure 1. Research Design
3. Result and Discussion
3.1 Base dataset performance

The results in Table 1 summarize the 10 best-performing model configurations by accuracy. Overall, the
combination of the distiluse-base embedding with logistic regression achieved the strongest performance,
with the highest accuracy (0.45) and macro Fl-score (0.4288), and was also the most computationally
efficient in both training and inference. This indicates that simpler linear classifiers can be highly effective
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when paired with strong sentence embeddings. Among configurations using the multilingual-mpnet
embedding, logistic regression and the PyTorch neural network both reached an accuracy of 0.4333.
However, these results came with trade-offs: the neural network required significantly more training time,
while logistic regression showed a lower macro Fl-score. Tree-based methods such as LightGBM and
CatBoost generally produced competitive but slightly weaker macro-level metrics, often at the cost of
substantially longer training times. More complex models, particularly CatBoost paired with indosentence-
bert or multilingual-mpnet, did not consistently outperform simpler approaches despite training times
exceeding 100 seconds. The weakest performance among the top ten was observed for the minilm-112
embedding with a PyTorch neural network, which achieved the lowest accuracy and macro F1-score in this
subset.

Table 1. 10 Best - Base datasets

Embedding Model Classifier Model Accuracy F1 Macro
distiluse-base logistic_regression 0.4500 0.4288
distiluse-base lightgbm 0.4167 0.4127
multilingual-mpnet lightgbm 0.4167 0.4120
multilingual-mpnet pytorch_nn 0.4333 0.4049
distiluse-base xgboost 0.4000 0.3912
multilingual-mpnet logistic_regression 0.4333 0.3842
indosentence-bert catboost 0.4167 0.3837
distiluse-base kNN 0.4167 0.3787
multilingual-mpnet catboost 0.4333 0.3737
minilm-112 pytorch_nn 0.3667 0.3710

3.2 Data Augmentation Impacts

The augmented datasets show particularly strong performance when paired with LaBSE embeddings. The
best results are achieved by combining LaBSE with both kNN and LightGBM classifiers, with each
achieving an accuracy of 0.9665 and an F1-macro score of 0.9657. These configurations clearly outperform
the others, indicating that LaBSE representations, when coupled with either distance-based or gradient-
boosting methods, provide highly discriminative features for the task. Other LaBSE-based models also
perform competitively. The PyTorch neural network and CatBoost classifiers both achieve an accuracy of
0.9553, with F1-macro scores of 0.9563 and 0.9545, respectively. These results confirm the robustness of
LaBSE embeddings across diverse learning paradigms, from neural networks to ensemble methods, while
maintaining consistently high predictive performance.

Beyond LaBSE, multilingual-mpnet embeddings demonstrate solid performance, particularly with a
PyTorch neural network, reaching an accuracy of 0.9553 and an F1-macro of 0.9537. Slightly lower but
still strong results are observed when multilingual-mpnet is combined with LightGBM, achieving an
accuracy of 0.9274 and an Fl-macro of 0.9252, suggesting that this embedding model remains effective
but somewhat more sensitive to classifier choice. The remaining top performers include distiluse-base with
kNN and minilm-112 with a PyTorch neural network, both achieving accuracies above 0.93 and F1-macro
scores closely aligned with their accuracy values. LaBSE paired with Random Forest and XGBoost also
appears in the top ten, reinforcing the overall conclusion that high-quality multilingual embeddings,
especially LaBSE, dominate performance on augmented datasets, while classifier selection fine-tunes but
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does not fundamentally alter the ranking of the best approaches. The detailed 10 augmented dataset
performer is illustrated in Table 2.
Table 2. 10 Best Performance - Augmented Dataset

Embedding Model Classifier Model Accuracy F1 Macro

LaBSE kNN 0.9665 0.9657
LaBSE lightgbm 0.9665 0.9657
LaBSE pytorch_nn 0.9553 0.9563
LaBSE catboost 0.9553 0.9545
multilingual-mpnet pytorch_nn 0.9553 0.9537
distiluse-base kNN 0.9441 0.9438
LaBSE random_forest 0.9441 0.9424
LaBSE xgboost 0.9330 0.9335
minilm-112 pytorch_nn 0.9330 0.9315
multilingual-mpnet lightgbm 0.9274 0.9252

3.2.1. Embedding model Analysis

The results show that embedding model choice plays a dominant role in downstream classification
performance, often outweighing the effect of the classifier itself. LaBSE consistently achieves the strongest
results across nearly all classifiers, reaching the highest accuracy and macro F1 scores overall. Its
performance remains robust even with simpler models such as kNN and LightGBM, which achieve
identical top scores, indicating that LaBSE embeddings provide highly separable, well-structured
representations that generalize effectively across different learning paradigms.

Among mid-tier embedding models, multilingual-mpnet, MiniLM-L12, IndoSentence-BERT, and
distiluse-base demonstrate strong but more varied performance patterns. These embeddings perform best
when paired with neural networks or distance-based methods such as kNN, suggesting that their
representation spaces benefit from either non-linear decision boundaries or local similarity exploitation.
Tree-based ensemble methods generally yield competitive but slightly lower results, while linear classifiers
consistently underperform, indicating that these embeddings encode class information in ways that are not
linearly separable.

IndoBERT-base shows comparatively weaker performance across classifiers, with a noticeable drop in
both accuracy and macro F1. Even with neural networks, its results lag behind those of sentence-level
embedding models, suggesting that its token-level pretraining objective is less well aligned with sentence-
level semantic discrimination. Similarly, XLM-R Indonesian and MiniLM-L12 show stable but moderate
performance, reinforcing the trend that sentence-transformer-style models are better suited for embedding-
based classification tasks.

3.2.1. Classifier model analysis

Across embedding settings, kNN, neural networks, and gradient-boosting classifiers consistently delivered
the strongest performance, while linear models showed clear limitations. KNN emerged as a top-performing
classifier in many configurations, achieving very high accuracy and macro F1 when paired with strong
embeddings, and demonstrating robustness across different representation spaces. Neural networks
implemented with PyTorch also showed consistently strong results, often ranking among the top two
classifiers for a given embedding, indicating their ability to effectively leverage dense semantic
representations.
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Tree-based ensemble methods such as LightGBM, CatBoost, and Random Forest generally formed a
solid middle tier. LightGBM in particular showed competitive and stable performance, sometimes matching
or closely trailing the best results, especially when combined with high-quality embeddings. CatBoost and
Random Forest followed a similar pattern but with slightly lower macro F1 scores, suggesting reduced
effectiveness in handling class balance compared to kNN and neural networks. XGBoost performed reliably
but lagged behind other boosting methods, suggesting weaker alignment with the embedding features.

Support Vector Machines consistently underperformed relative to the leading classifiers, with noticeable
drops in both accuracy and macro F1 across all embeddings. This suggests limited scalability or suboptimal
margin separation in the high-dimensional embedding space. Logistic regression was the weakest classifier
overall, producing the lowest scores in every embedding scenario. Its poor performance highlights the
inadequacy of linear decision boundaries for capturing the complex semantic structure encoded in modern
sentence embeddings.

3.3. Timing analysis

Across all embedding models, logistic regression consistently delivers the lowest average inference time,
often well below 0.002 seconds. This pattern is evident for distiluse-base, LaBSE, multilingual-mpnet, and
xlm-r-indonesian, where logistic regression achieves the fastest or near-fastest performance among all
classifiers. XGBoost and CatBoost also show relatively low inference times, generally remaining under
0.004 seconds across most embeddings, indicating good efficiency for tree-based boosting methods.

kNN and SVM exhibit the highest inference times across nearly all embedding models. kNN inference
times frequently exceed 0.02 seconds and reach 0.035 seconds with indosentence-bert, while SVM shows
a similar pattern, peaking at approximately 0.039 seconds. Random forest inference times are consistently
high, clustering around 0.026—0.027 seconds across embedding models, suggesting limited sensitivity to
embedding choice but higher overall computational cost.

Neural network classifiers exhibit greater variability across embedding models. For most embeddings,
PyTorch-based neural networks achieve moderate inference times of 0.002-0.006 seconds. However, a
notable exception occurs with indobert-base, where inference time rises sharply to 0.053 seconds, making
it the slowest combination in the entire set. When comparing embedding models, no single embedding
consistently dominates in terms of inference speed across all classifiers. Instead, classifier choice has a
stronger influence on inference time than the embedding itself. Lightweight classifiers such as logistic
regression and gradient boosting methods consistently outperform distance-based and kernel-based
approaches, regardless of whether the embeddings are derived from distiluse-base, IndoBERT variants,
LaBSE, MiniLLM, multilingual-mpnet, or xIm-r-indonesian.

Discussion

On the base dataset, the strongest performance was achieved by combining the distiluse-base embedding
with logistic regression, yielding the highest accuracy (0.45) and macro F1-score (0.4288) among the top
configurations. This result highlights that, in low-resource or non-augmented settings, high-quality sentence
embeddings can compensate for simpler linear decision boundaries. While more complex classifiers such
as neural networks and gradient-boosting methods were competitive, they did not consistently outperform
logistic regression, despite incurring substantially higher training and inference costs.

In contrast, the augmented dataset produced a dramatic performance improvement across nearly all models.
The combination of LaBSE embeddings with kNN or LightGBM achieved near-ceiling performance, with
accuracies and macro F1-scores exceeding 0.96. These findings clearly demonstrate that data augmentation
fundamentally alters the learning landscape, enabling embedding models. The LaBSE particularly produces
highly separable semantic representations that are easily exploited by both distance-based and ensemble
classifiers. Taken together, these results suggest a two-regime behavior: in limited-data scenarios, simpler
classifiers paired with strong embeddings are sufficient and efficient, whereas in enriched data settings,
representation quality dominates so strongly that classifier choice mainly fine-tunes, rather than determines,
overall performance.
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Our findings align strongly with and extend previous research on automated self-esteem assessment and
psychological trait prediction. Earlier work by [17] reported an accuracy of approximately 86% using
logistic regression with traditional feature extraction techniques. In comparison, our best-performing kNN-
based configuration on the augmented dataset achieved around 95-97% accuracy and macro F1-score. This
substantial improvement is likely attributable to the use of transformer-based sentence embeddings, which
capture contextual and semantic nuances far beyond surface-level lexical features. Similarly, [20] achieved
an F1-score of 89% using search behavior data, demonstrating the predictive power of behavioral signals.
Our results show that textual content alone, when represented using modern multilingual embeddings, can
reach or exceed this level of performance. This suggests that language-based signals are not merely
complementary but can serve as a primary modality for self-esteem inference when adequately modeled.

Our findings also complement multimodal approaches reported by [25] and [21], who relied on
smartphone sensing and EEG data, respectively. Rather than contradicting these approaches, our results
reinforce the notion that self-esteem is a multifaceted construct. Text-based classification, as demonstrated
here, is a scalable, cost-effective component within a broader multimodal assessment framework. Finally,
the strong performance observed in this study provides empirical support for the theoretical framework
proposed by [18], who identified self-esteem as a critical predictor in their XGBoost-based model for
internet addiction. Their emphasis on the interaction between self-esteem and psychological resilience
underscores the importance of accurate and reliable self-esteem measurement, which is an objective that
our proposed classification pipeline directly supports.

The observed differences between base and augmented datasets can be explained primarily by data
diversity and class boundary clarity. In the base dataset, limited samples constrain the model’s ability to
learn robust decision surfaces, favoring simpler classifiers that generalize better under scarcity. This
explains why logistic regression performs surprisingly well despite its linear nature.

In the augmented setting, however, richer and more balanced data allow embeddings such as LaBSE to
fully express their representational capacity. The resulting embedding spaces exhibit strong local clustering
and global separability, which explains why kNN performs exceptionally well and why tree-based methods
such as LightGBM closely match its performance. The reduced performance gap among classifiers in this
regime suggests that once representations are sufficiently informative, classifier expressiveness becomes
less critical. The LaBSE embedding appears to encode sentence-level semantics in a largely classifier-
agnostic manner, enabling a wide range of learning algorithms to achieve similarly high performance.

3.4 Implications and limitations

From a practical standpoint, these findings have several important implications. First, they suggest that
high-quality multilingual sentence embeddings should be prioritized over classifier complexity when
designing real-world self-esteem assessment systems. Second, data augmentation emerges as a critical
strategy for achieving reliable and clinically meaningful performance, especially in psychological domains
where labeled data are often scarce. In applied settings such as mental health screening, educational
assessment, or social media analysis, combining LaBSE embeddings with lightweight classifiers like KNN
or LightGBM offers an attractive balance between accuracy, robustness, and interpretability. At the same
time, timing analysis indicates that classifier choice has a stronger impact on inference speed than
embedding choice, underscoring the need to account for computational constraints when deploying such
systems at scale.

Despite strong, consistent performance across multiple embedding—classifier combinations, several
limitations should be acknowledged. First, although data augmentation substantially improved
classification performance, augmented samples may not fully reflect the linguistic and psychological
variability present in real-world self-esteem expressions. Synthetic or transformed data can inadvertently
reinforce patterns already present in the original dataset, potentially inflating performance estimates. As a
result, the high F1 score achieved, particularly with LaBSE-based embeddings, should be interpreted with
caution when considering generalization to unseen data. Second, the study focuses exclusively on textual
data and does not incorporate complementary behavioral, physiological, or contextual signals. Prior

02604033-09



research has demonstrated that self-esteem is influenced by multimodal factors, including smartphone usage
patterns and neurophysiological indicators. While our results show that text-based approaches can achieve
very high accuracy, they capture only one dimension of a complex psychological construct and may miss
latent factors better captured through multimodal fusion.

4. Conclusion

This study demonstrates that the effectiveness of automated self-esteem classification is primarily driven
by the quality of sentence embeddings and the availability of data rather than classifier complexity. The
researchers identified a "two-regime" pattern: in data-scarce environments, simpler linear classifiers paired
with high-quality embeddings generalize best, whereas in data-augmented settings, the richness of the
semantic representation becomes so dominant that the specific choice of classifier matters less. By showing
that text-only models using modern multilingual embeddings can rival or surpass complex multimodal
approaches, the work suggests that scalable assessment tools should prioritize representation learning over
intricate decision boundaries. While the study is limited by its reliance on synthetic data and a purely textual
focus, it provides a strong theoretical foundation for reducing classifier reliance through superior
embedding spaces, paving the way for future validation on larger, naturally occurring datasets.
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