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Abstract  

Mastery of the English language represents a fundamental determinant of professional achievement, particularly for 

individuals seeking to develop their careers and participate in international contexts. However, when learning a foreign 

language such as English, Indonesian students may experience language anxiety that cause them to hesitate to practicing 

English in the class, both in orally and in writing. For English teachers, it is crucial to identify students experiencing language 

anxiety early on, so that they may provide appropriate teaching strategies and interventions from the first class meeting. To 

address this issue, this study compares machine learning methods to provide a solution for early detection of students 

experiencing language anxiety. Furthermore, these methods are classification models, including LSTM, GRU, decision tree, 

naïve Bayes, logistic regression, and SVM. The implementation of each of these models is combined with different text 

representation techniques, such as Word2Vec, BERT, FastText, Glove, and TF-IDF. The advantage of our model is that despite 

the imbalance, limited, and smaller than baseline dataset size, this research finds that GRU with focal loss achieves the highest 

F1 score of 0.89. This result outperforms our baseline and thus suggests that this method is effective in detecting students who 

experience language anxiety. 
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1. Introduction  

As globalization and cross-cultural interaction become 

more common, effective communication skills are 

increasingly becoming more important. Those who seek 

to improve their career abroad are expected to be 

proficient in foreign languages, especially English. One 

of the main obstacles in learning and using non-native 

language is language anxiety, which is the 

uncomfortable emotional and feeling of worry when 

communicating using a new non-native language. The 

problem of foreign language anxiety (language anxiety 

for brevity) has been studied in foreign language 

learning as one of the issues to achieve language 

proficiency. Such anxiety is often experienced by 

language learners that causes difficulty to interact and 

communicate with speakers of their foreign 

languages [1], [2]. Therefore, educators need to identify 

language anxiety among the students as early as 

possible to provide appropriate teaching strategies and 

it is necessary to find the fastest method to solve this 

issue. 

The concept of language anxiety was firstly addressed 

by Horwitz et al. in their seminal work [1]. The work 

distinguishes language anxiety with the other types of 

https://doi.org/10.29207/resti.v10i1.7109
https://creativecommons.org/licenses/by/4.0/
https://www.iaii.or.id/


Lhaksmana et al      Jurnal RESTI Vol. 10 No. 1 (2026) 

 

                                                                                 151 

 

anxiety to investigate its effect on foreign language 

learning. Such anxiety, which is indicated by feelings of 

discomfort and psychological tension [3], has been 

proven to interfere with the language learning process 

and negatively impact academic and social performance 

[4]. The discourse on language anxiety has become 

more relevant since COVID-19 pandemic, where 

people are exposed to new sources of stress due to 

massive online learning and their working environment 

at home [5]. Responding to these challenges, much 

research has been done to study different kinds of 

intervention, from creating a supportive class 

environment [4] to implementing gamification learning 

style to reduce stress [6]. In general, this research 

emphasizes the importance of continuous intervention 

to assist students to handle multifaceted challenges of 

language anxiety. 

To address these multifaceted challenges of language 

anxiety, educators are increasingly turning to 

technology. The advancement of AI has driven and 

redefined pedagogical innovation both in theory and 

practice. The role of AI in education research shows its 

significance in personalized learning, instructional 

support, and administrative work efficiency [7]. AI 

technology has also been applied to improve language 

learning, such as chat bots for language learning, 

EnglishBot, that is designed to facilitate English 

speaking practice, as well as to solve the issue of limited 

interaction in traditional learning environments [8]. 

Various AI technology and applications have been 

explored to be implemented in language learning, 

including the use of conversational AI to the 

collaboration between AI-based applications and 

educators in improving the quality of language learning 

[9]. Such systems have demonstrated their capabilities 

to support intelligence amplification and to assist 

educators in managing their classroom activities. 

While most of the research on AI in education focuses 

on improving learning quality, there is a growing 

interest in utilizing machine learning for detecting and 

overcoming affective factors, including anxiety and 

motivation that affect learning performance. Machine 

learning has been implemented to diagnose mental 

health conditions and various anxieties among learners. 

For example, traditional machine learning algorithms, 

such as support vector machines (SVM), Naïve Bayes 

classifiers, and decision trees, demonstrate acceptable 

performance in detecting programming anxiety using 

AutoML, especially using logistic regression of which 

accuracy achieves 97.8% [10].  

In addition to traditional machine learning algorithms, 

deep learning algorithms have been explored to 

improve language learning. For example, long short-

term memory (LSTM)  has been proven to outperform 

traditional algorithms in classifying text to detect 

mental health at 91% accuracy [11]. The comparison 

between LSTM and gated recurrent unit (GRU) on Yelp 

Review corpus has concluded that GRU tends to be 

more efficient and achieve slightly higher accuracy on 

smaller dataset and longer text sequence [6]. These 

findings motivate researchers in the field to further 

explore other algorithms for detecting language anxiety 

from text corpora. 

Despite the fact that language anxiety has been studied 

for more than 40 years, machine learning is still a 

relatively new tool for identifying and comprehending 

language anxiety. Previous studies have examined 

language anxiety in various contexts, such as German 

language learning [12] and English language learning 

among Turkish students [13], but these studies are often 

limited to specific cultural or demographic settings. For 

Indonesian students, research in this area is still limited, 

especially those using computational methods.  

The potential of machine learning models for this 

purpose has been investigated recently. The gradient 

boosting (GBT) and SVM approaches showed the best 

results, with an accuracy rate of 0.843, according to a 

comparison of deep learning and standard learning 

approaches applied to the performance and 

demographic profiles of 292 Indonesian students [14]. 

In a different experiment involving 324 English essay 

assignments, several machine learning algorithms were 

applied and compared. The results showed that the 

GRU architecture performed best, with an accuracy rate 

of 0.82 and an F1 metric of 0.82 [15]. These findings 

suggest that although current models demonstrate a 

fairly good level of effectiveness, there is still room for 

improvement, particularly in addressing data imbalance 

and reducing bias caused by low-quality or AI-

generated text. 

This research aims to address the challenges of early 

identification of language anxiety, particularly among 

Indonesian students learning English. Problems such as 

manual identification methods similar to questionnaires 

are time-consuming, require linguistic and 

psychological expertise, and are quite demanding to 

implement on a large scale. Furthermore, 

questionnaires are susceptible to various types of bias, 

such as social desirability bias, response bias, and 

subjectivity from both respondents and researchers 

[16]. The application of machine learning to identify 

language anxiety in foreign language learners is crucial 

to overcome these limitations [17-19], however existing 

models still struggle with data imbalance and unfiltered 

AI generated contents. Therefore, this study introduces 

a novel approach that filters AI-generated content and 

utilizes a GRU model optimized with focal loss to 

address class imbalance. This method achieves a state-

of-the-art F1 score of 0.89, significantly outperforming 

existing baselines in early language anxiety detection. 

Traditional questionnaire and data analysis took some 

time to identify language anxiety [12], [13], [16]. 

Meanwhile, current faster methods using machine 

learning have issues with data and AI generated 

contents. Gozali et al. achieved accuracy of 0.84 using 

GBT and SVM, however the dataset is not text and 

based on student’s performance and demographic data 
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[14]. A research by Falif et al. shows that GRU with 

binary cross entropy resulted in F1 score of 0.82, 

however there is still issue with data imbalance and 

unfiltered AI generated content [15]. 

The contribution of this paper is demonstrating that 

despite the limited dataset size, language anxiety in 

students can be successfully detected by appropriately 

implementing preprocessing steps to improve data 

quality and selecting the correct loss function. These 

steps and findings distinguish this research from the 

previous [14], [15]. For the former, unlike the standard 

classification, this research validates the student essays 

by excluding those that are potentially generated by AI.  

This step is important to make sure that the detection of 

language anxiety shows the real student’s writing and 

not the fake pattern. The other issues that need to be 

handled are imbalance class and limited size of the data. 

For the former, the GRU and LSTM model is optimized 

with focal loss. As for the latter, the implemented model 

demonstrates higher than baseline performance despite 

smaller dataset size. 

Machine learning offers several advantages in 

identifying language anxiety: 

Passive non-intrusive assessment: Language anxiety 

can be identified from students’ written essays without 

requiring them to complete self-report questionnaires. 

This approach minimizes response bias and participant 

fatigue, allowing a more natural and objective 

observation of anxiety-related patterns. 

Unconscious expression in writing: Since essays have 

been commonly used as one of the learning methods in 

language learning, such datasets can be easily acquired 

and processed further. Subtle anxiety can be detected in 

the text by language experts and thus its pattern can be 

captured in machine learning classification. 

Scalability and reusability: Although developing 

machine learning models takes time and resources, once 

implemented, they can quickly analyze large amounts 

of text with little human effort. In addition, the models 

can be reused or updated for different groups of 

learners, making them suitable for scalable and 

continuous monitoring of language anxiety in 

educational settings. 

In this research, multiple machine learning algorithms 

were employed and evaluated to identify signs of 

language anxiety from student essays. The models 

include LSTM, GRU, decision tree, naïve Bayes, 

logistic regression, SVM, and GBT. The classifiers 

were evaluated together with diverse feature extraction 

approaches, including TF-IDF as well as embedding 

techniques like Word2Vec, FastText, GloVe, and 

BERT. The models were selected because they 

represent both deep learning and traditional machine 

learning paradigms and have demonstrated 

effectiveness in classifying language anxiety from text 

in previous research [14], [15]. 

Building upon these prior works, our proposed GRU-

based implementation includes preprocessing to 

exclude potentially AI-generated essays and applies 

focal loss to handle class imbalance [20], achieving an 

F1 score of 0.89. The F1 score was used as an evaluation 

metric because it provides a balanced assessment of 

precision and recall, two important aspects in 

identifying anxious learners, and allows for direct 

comparison with previous research in this area [21]. 

These findings highlight the novelty and contribution of 

our research in the early detection of language anxiety 

using machine learning. 

This research is part of a larger project aimed at 

developing a metaverse-based language learning 

platform that integrates machine learning to minimize 

language anxiety. In the related research, we have 

developed MetaSpeak, an application that enables 

foreign language learners to practice and enhance their 

language skills within a virtual environment, thereby 

reducing the potential for language anxiety 

2. Research Methods 

2.1 Language Anxiety Detection 

Early detection of language anxiety that is conducted in 

this research is part of a broader project in the form of 

class action research (Figure 1). The class action 

research generally follows the plan, act, observe, and 

reflect cycle [22]. The research has been conducted on 

two English classes: an experiment class and a control 

class. In the experiment class, machine learning 

algorithms will be implemented to detect language 

anxiety at an early stage, whereas the control class 

solely uses traditional language anxiety assessment 

using questionnaires. This stage is the focus of the 

current research, while the remaining stages will be 

addressed in the related ongoing research. After the 

students are assessed, the process of English learning in 

this class will use MetaSpeak, a 3D animated 

application offering a metaverse style and immersive 

experience, in which students can practice speaking 

English with virtual characters. The successful 

implementation of technology in language education  

requires collaboration between human teachers and 

technological tools, rather than relying solely on the 

technology itself [9]. 

Measuring language anxiety  among students via self-

report questionnaires has become a common practice. 

However, the quality of such self-report instruments 

should be improved in several aspects, including 

sample and research design, survey design, scale 

design, reliability, content validity, and construct 

validity [23]. In this context, machine learning 

approaches offer advantages over self-report 

questionnaires since they are inherently passive, non-

intrusive, capturing unconscious expression in writing, 

and providing greater scalability and reusability. 
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Figure 1. In this research, we investigate machine learning algorithms for early detection of language anxiety among Indonesia students who 

enrolled in English courses (blue rectangle). This research is part of a research project to develop a self-paced multilingual learning platform, 

MetaSpeak. 

As illustrated in Figure 2, our research begins with 

exploring the dataset, which is the English essays. The 

data exploration is performed to understand its 

composition and identify potential issues such as 

imbalance, noise, or missing values. Subsequently, the 

research workflow proceeds with several preprocessing 

stages, including text cleaning (eliminating redundant 

symbols and characters), case normalization 

(transforming all words into lowercase), tokenization, 

lemmatization, and stopword elimination to ensure data 

consistency. 

 

Figure 2. Research workflow of the machine learning models implementation for language anxiety detection. The dataset consists of English 

essays written by students, labeled based on their anxiety levels obtained from questionnaire responses. The process starts from data 

exploration, text processing, data splitting, feature extraction, training, until evaluation. 

For clarity, the complete steps to perform early 

detection of language anxiety among the Indonesian 

students enrolled in the English courses are outlined as 

follows: 

Collecting and preparing English essays: Essay 

assignment is usually part of English courses, making 

the essay dataset relatively easy to obtain, or has been 

already available as in the case of our research. 

Teachers can use previously submitted essay 

assignments or request the students to work on new 

essay assignments as a pretest. After applying the 

necessary preprocessing, these essays are ready as the 

dataset to be processed further. 

Labelling the English essays based on the result of 

English language anxiety scale (ELAS) questionnaires: 

The student essays collected from the earlier phase were 

labeled to make them suitable for training machine 

learning models. Here, students are requested to fill in 

the ELAS questionnaire, which is a standardized 

instrument validated in previous research [24]. 

Although self-report data has a risk of subjectivity, 

language anxiety is fundamentally an internal 

emotional state. Therefore, the student's self-

assessment is the most direct and authentic measure of 

their condition. Using external experts to label every 

student is not practical for large-scale implementation 

in schools. The labeling phase is carried out solely for 

model training. In deployment scenarios, after the 

learning algorithms are trained and operational, there is 

no further requirement for questionnaire data gathering 

or manual labeling. 

Questionnaires are distributed containing several 

questions related to the participants' experiences in 
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learning a foreign language. In the control class, levels 

of language anxiety are evaluated through 

questionnaires, while in the experimental class, these 

instruments act as benchmark data to validate the 

predictive performance of machine learning systems.  

The questions investigate situations such as feeling 

anxious during foreign language use or nervous when 

performing communicative tasks in front of others. 

Participants' responses were scored using a Likert scale 

ranging from 1 to 5, indicating increasing levels of 

anxiety. The detailed criteria for the scoring and the 

dataset distribution are explained in the following 

Section 2.2. 

After completing the questionnaire, each participant's 

English essay was classified using a machine learning 

model, which served as the core of this research's 

analysis process. These essays served as training data 

for the model. Through textual analysis, linguistic cues 

such as sentence construction, word usage, and 

emotional tone were examined as potential indicators of 

anxiety, consistent with findings in the Natural 

Language Processing (NLP) literature [25]. 

Following the preparation stage, the dataset was split 

into training and testing subsets. Both sets' features 

were extracted using text representation approaches 

such TF-IDF and pre-trained embeddings (Word2Vec, 

FastText, GloVe, and BERT). During training, the deep 

learning model used an embedding layer to learn word 

vectors directly. By combining standard and deep 

learning methodologies, this work enables a 

comprehensive comparison to find the best strategy for 

detecting linguistic anxiety [26-28]. The purpose of this 

procedure is to convert textual input into numeric 

vectors appropriate for a classification algorithm.  

Finally, the machine learning models were trained using 

a variety of algorithms, including traditional 

techniques, logistic regression, decision tree, naïve 

Bayes, and SVM, as well as deep learning architectures 

such as LSTM and GRU. Model performance was then 

evaluated using the F1 score to assess the extent to 

which the models were able to detect language anxiety 

from students' essays. 

2.2. Questionnaire Dataset 

This research builds on previous work [15] that uses the 

same English essay. To maintain the integrity and 

authenticity of the data, essays which were created by 

AI were filtered using a pre-trained random forest 

model. This model is available on Hugging Face and 

has been trained with corpus that included both human-

generated and AI-generated texts, using linguistic and 

stylistic cues to distinguish them [29], [30]. The model 

accuracy is > 98%, which is claimed by the company 

who created the model. The filtering process finally 

excludes the potentially AI-generated content, and thus 

only leaving human-written essays for analysis. 

The final dataset consists of 216 valid samples from a 

total of 359 essay submissions. Participants had 

completed 31 questions to assess their level of foreign 

language anxiety. The survey has a five-point Likert 

scale, with higher scores of greater anxiety. Since the 

focus of this research is to detect the potential of 

language anxiety, the questionnaire, which changed 

from five levels into two levels. The mean score from 

the questionnaire is translated as follows. If scores 

above 2.5, then they were classified as “anxious,” while 

scores equal to or below 2.5 were considered “not 

anxious.” This binary classification is used as the target 

variable used by the model.  

Table 1 shows several excerpts from student essays 

together with their anxiety labels. These excerpts, taken 

from longer essays, illustrate linguistic common for 

both anxious and non-anxious learners. On the Likert 

scale of 1 to 5, the score of 3 is neutral. However, for 

the purpose of early detection, it is critical to capture the 

student who has moderate anxiety level. Therefore, the 

cutoff is set at 2.5 to include this moderate group. This 

approach prioritizes the sensitivity of the model. It is 

safer to classify the moderate student as 'anxious' rather 

than missing them (false negative). This ensures that the 

teacher can pay attention to all students who potentially 

have language anxiety problems. The method of anxiety 

assessment using questionnaires as the above has been 

widely used, including in ELAS [24], which is used in 

this research to obtain the data. 

Table 1. Sample excerpts from students' essays with corresponding 

language anxiety labels 

Essay excerpt Label 

Currently, social networking, especially in the 

case of sharing digital content, has become the 

order of the day for millions... 

Anxiety 

The innovation of technology has transformed 

almost every aspect of our lives, even the way 

we… 

Anxiety 

With the Increasing focus on Generative Al, 2024 

marks an important tipping point for Al ethics and 

Law... 

No Anxiety 

In recent years, more adolescents are experiencing 

mental health issues. According to the World 

Health Organization (WHO)... 

No Anxiety 

2.3 Data Exploration 

The dataset in Figure 3 shows that the value between 

anxious students (168) and non-anxious students (48) is 

imbalance.  

 

Figure 3. Class distribution of students experiencing language 

anxiety (168) and those not experiencing anxiety (48). 
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This distribution created a challenge in model training, 

because classifiers tend to be biased towards the 

majority class. To fix this problem, traditional models 

apply class weighting to balance the representation. 

This fix can reduce the influence of correctly classified 

cases and emphasize more difficult cases. With this 

method, a dataset for analyzing the comparative 

performance for different text and classification will 

have more balanced value to detecting language 

anxiety. 

2.4 Classification Algorithms 

This research uses machine learning to identify foreign 

language anxiety from the texts submitted by students. 

Each classification method used in this research has 

their advantages and disadvantages. Especially in 

interpretability function, computational efficiency, and 

the ability to get linguistic or sequential patterns. The 

models used in this research include LSTM, GRU, 

logistic regression, naive Bayes, decision tree, and 

SVM. Combining these traditional and deep learning 

classifiers, this research attempts to assess the 

comparative performance of each model under various 

schemes. This comparative analysis provides an 

evaluation of the model's effectiveness in identifying 

foreign language anxiety from students' text. 

The LSTM model is an extension of the recurrent neural 

network (RNN). This model is used to get long-term 

dependencies in sequential data results. The result can 

be used to model the linguistic context and temporal 

relationships. This model ability makes it well-suited 

for detecting language anxiety. However, LSTMs are 

computationally intensive and require large amounts of 

annotated data to achieve optimum results [31]. 

Meanwhile, the GRU offers a more solid RNN design 

while retaining much of the sequential learning 

capabilities. Similar to the previous one, but with fewer 

parameters. The GRU typically trains faster and 

requires less memory. Although sometimes, it is less 

effective than the LSTM when handling very long 

contexts [32]. 

One method that can be used to solve binary 

classification problems is the logistic regression. This 

method offers advantages in terms of efficiency, ease of 

implementation, and ease of interpretation. The logistic 

(sigmoid) transformation is used as the basic approach 

in this method, with the aim of predicting the 

probability of an instance belonging to a particular 

class. However, its performance is undeniable, as the 

linear relationship between features and the target 

variable can limit its performance in complex 

classifications [33]. 

The goal of designing a SVM model is to find a 

separating plane (hyperplane) to maximize the margin 

between several different classes. It is highly effective 

in high-dimensional feature spaces and is well-suited 

for sparse text representations. However, when used for 

large-scale datasets, the SVM method becomes very 

laborious and less than optimal when dealing with non-

linear class boundaries. Therefore, it requires a 

computer with high hardware specifications to maintain 

optimal performance [34]. 

Another type of algorithm that is quite effective and 

efficient for processing multiple features, such as text 

classification, is the Naive Bayes classification 

algorithm, which is based on Bayes' Theorem. This 

algorithm is feature-independent and rich. However, 

due to its high degree of independence, interdependent 

features can degrade its performance [35]. 

The Decision Tree learning algorithm divides a dataset 

based on feature values to build a rule-based 

hierarchical structure. This algorithm is very easy to 

implement and intuitive, making it highly suitable for 

educational applications. However, the Decision Tree 

learning algorithm has drawbacks if training data is not 

pruned, as it can experience overfitting [36]. 

2.5 Text Representation Methods 

Producing a good classification model for natural 

language data requires effective text representation. In 

this research, several methods were used to convert raw 

text into numeric vectors that can be processed by 

machine learning and deep learning models, namely 

TF-IDF, pre-trained embeddings, Word2Vec, GloVe, 

FastText, BERT, and embedding. This method is 

learned directly through trainable layers in a deep 

learning architecture. 

The conventional statistical technique, TF-IDF (Term 

Frequency-Inverse Document Frequency), is used to 

measure the importance of a term in a document relative 

to the corpus. This method can assign higher weight to 

words that appear most frequently in a document, but 

rarely in other documents. This technique is quite 

simple, easy to interpret, and computationally efficient, 

making it widely preferred. However, it also has the 

disadvantage of not being able to account for semantic 

meaning and contextual relationships because TF-IDF 

ignores word order and treats words independently [37]. 

The Word2Vec is a neural embedding model that 

provides word vector representation by analyzing the 

surrounding contexts with either Skip-gram or 

Continuous Bag of Words (CBOW) approaches. This 

model acquires semantic similarities by putting the 

related words close to each other in the vector space. 

However, the Word2Vec produces static embeddings, 

whereas each word has only one representation without 

considering the context. Therefore, this method is less 

effective at handling the word with many 

meanings [27]. 

The GloVe (Global Vectors for Word Representation) 

model combines global factors (matrices) and local 

contexts (windowing) to create the word embeddings 

that can represent the semantic and syntactic 

relationships. As found in Word2Vec, the GloVe 

embeddings are static; therefore, they cannot adapt to 

the word representation with multiple meanings [38]. 
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FastText, a model developed by Facebook AI Research, 

extends the Word2Vec capabilities by representing the 

word as a combination of character n-grams. This 

technique enables the model to create embeddings for 

the words that are not included in the vocabulary (out 

of vocabulary). This method provides better 

performance in languages with more complex 

morphology. Although this method is effective for rare 

and new words, its performance is comparable to 

Word2Vec, especially for the simpler dataset [39]. 

The BERT (Bidirectional Encoder Representations 

from Transformers) model introduces the dynamic 

embedding that is adaptable according to the word 

contexts. By applying the deep transformer 

architecture, BERT can effectively model syntactic and 

semantic information, and thus superior in various NLP 

tasks. However, the high computing requirement and 

the architecture complexity raise challenges in the 

implementation and tuning stages [26].  

By incorporating various text representation methods 

from the traditional statistical to the dynamic contextual 

embeddings, this research aims to compare their impact 

on the model performance on detecting the language 

anxiety in the student essays. This comparative study 

will find out the trade-offs among the interpretability, 

computing cost, and linguistic richness of each method. 

2.6 Experimental Setup 

To ensure the reproducibility of the result, this research 

explains the experimental environment and 

configuration. The implementation is done using 

Python programming language and standard deep 

learning libraries. The dataset is split into two parts, 

which are training set (80%) and testing set (20%). The 

splitting process uses a fixed random seed to ensure the 

result is consistent.   

For the text representation, the comparison models use 

the pre-trained vectors. The word2vec-google-news-

300 and bert-base-uncased are utilized. These pre-

trained models are used to initialize the embedding 

layer in the traditional and deep learning baselines.   

The proposed GRU model and the LSTM baseline are 

trained using the Adam optimizer. The model training 

uses the focal loss function to handle the issue of 

imbalanced data. The parameter for the loss function is 

tuned to focus on the minority class. The 

hyperparameters, such as learning rate, batch size, and 

dropout rate, are optimized empirically during the 

training process to prevent overfitting and achieve the 

best convergence. The training is stopped when the 

validation loss shows no improvement. 

3. Results and Discussions 

3.1 Model Performance Comparison 

The results of all implemented models are shown in 

Table 2, which presents the F1 score for each model 

combination to enable a comprehensive comparison of 

their performance. Among all evaluated models, the 

GRU combined with focal loss achieves the best 

performance, reaching an F1 score of 0.89.  

Overall, the deep learning models (LSTM and GRU) 

combined with focal loss outperform the traditional 

machine learning models. The only exception is SVM 

with TF-IDF, which performs comparably to LSTM 

with focal loss, both achieving an F1 score of 0.87. 

Table 2. Performance comparison of the machine learning models implemented in this and related research 

This research F1 score  Dataset 

LSTM + focal loss 0.87  216 English essays (from initially 359 [15]) 

after excluding potentially AI-generated ones GRU + focal loss 0.89  

Logistic regression + TF-IDF 0.83  

Logistic regression + Word2Vec 0.78  

Logistic regression + FastText 0.73  

Logistic regression + GloVe 0.72  

Logistic regression + BERT 0.75  

Decision tree + TF-IDF 0.74  

Decision tree + Word2Vec 0.74  

Decision tree + FastText 0.77  

Decision tree + GloVe 0.79  

Decision tree + BERT 0.81  

Naïve Bayes + TF-IDF 0.85  

Naïve Bayes + Word2Vec 0.80  

Naïve Bayes + FastText 0.80  

Naïve Bayes + Glove 0.81  

Naïve Bayes + BERT 0.78  

SVM + TF-IDF 0.87  

SVM + Word2Vec 0.75  

SVM + FastText 0.80  

SVM + Glove 0.79  

SVM + BERT 0.73  

Related research [15] F1 score  Dataset 

GRU + Binary Cross Entropy  0.82  359 English essays 

Related research [14] Accuracy  Dataset 

GBT 0.84 F1 score is not reported 292 students’ performance and demographic 

data (not a text dataset) SVM 0.84 
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Table 2 also shows that among traditional machine 

learning algorithms, models utilizing TF-IDF features 

generally outperform those based on word embeddings 

(Word2Vec, FastText, GloVe, and BERT). For 

instance, logistic regression with TF-IDF achieves an 

F1 score of 0.83, which is higher than that obtained by 

embedding-based methods (0.72–0.78).  

This trend can be attributed to the small dataset size 

(216 essays), where TF-IDF—relying on word 

distinctiveness rather than semantic similarity—

performs more effectively and is less dependent on 

large amounts of data. Among traditional models, Naïve 

Bayes generally achieves the best performance, 

followed by SVM, decision tree, and logistic 

regression—consistent with their well-established 

reliability in text classification tasks [40]. Naïve Bayes 

also demonstrates consistent performance across all text 

representation methods, with F1 score ranging from 

0.78 to 0.85, the highest achieved using TF-IDF.  

3.2 Previous Study and State-of-The-Art Benchmarking 

To validate the contribution, this research performs a 

comparative analysis with the previous research [15], 

which also implements GRU but using binary cross-

entropy and larger dataset size (359 essay). To the best 

of our knowledge, this previous research can be 

considered as the state-of-the-art for anxiety detection 

using machine learning. Moreover, it is also directly 

comparable with this research since the model is 

implemented on the same dataset. 

The previous research achieves an F1 score of 0.82. On 

the other hand, the model in this research is capable of 

processing smaller dataset (216 essays) after excluding 

the essays that are potentially AI-generated text. Even 

though the data is limited, the proposed method with 

focal loss achieves a higher F1 score of 0.89. Compared 

to the previous research (F1 score of 0.82), the 

improvement of 0.07 is quite significant, given the 

limited size and smaller size of dataset. This 

comparison demonstrates that the removal of AI-

generated essays and the implementation of focal loss 

are the main factors that improve the model 

performance. In addition, our result is also better 

compared to other language anxiety research. For 

example, the research about language anxiety [14] 

utilizes demographic data and achieves 0.84 accuracy, 

but it does not report the F1 score. This comparison 

proves that the proposed GRU with focal loss is 

currently the most effective model for detecting 

language anxiety from text. 

3.3 Analysis of Contributing Factor 

The main challenges in this research are the limited 

dataset size, which only consists of 216 samples, and 

the imbalance nature of the data. Despite the limited 

dataset, the result confirms that prioritizing data quality 

and employing the appropriate correct loss function 

contributes to better performance. On an imbalance 

dataset, the standard model is usually biased to majority 

class, which in this case the non-anxious students. The 

focal loss fixes this problem by reducing the weight of 

the easy example (majority) and focusing the training 

on the hard example (minority) [20]. This makes the 

model perform better to detect the anxious student. 

In addition, the GRU architecture, which has simpler 

structure and fewer parameters, also outperforms 

LSTM which potentially overfit when train on such 

limited dataset [6]. Furthermore, this research uses a 

fixed training-testing split instead of cross-validation to 

simulate the real-world deployment in the classroom. In 

the real application, the model is trained once and used 

to predict the new student data. Therefore, the current 

result is sufficient to prove the feasibility of the 

proposed method for the pilot project in the specific 

school environment. 

Regarding the evaluation metric, since the primary 

objective of our research is to early detect students 

experiencing language anxiety, the F1 score is regarded 

as the most appropriate metric, as it effectively captures 

the trade-off between both recall and precision. 

4. Conclusions 

This research examined the effectiveness of several 

machine learning and deep learning models in detecting 

foreign language anxiety among Indonesian students 

using only their English essay texts. The research is 

motivated by the need to identify students experiencing 

language anxiety, so that the English teachers may 

deliver appropriate teaching strategies and interventions 

from the first class meeting. In addition, it also answers 

the problem in manually identifying language anxiety, 

which typically requires questionnaire and expert 

knowledge in both linguistics and psychology, which 

consequently costly, time-consuming, and impractical 

in large-scale educational settings. To address this 

issue, we proposed an automated classification 

approach using textual data as the primary input. 

The contribution of this research is that the finding on 

the implementation of GRU with focal loss outperforms 

the previous model, despite the imbalance, limited, and 

smaller than baseline dataset size. The evaluation 

results demonstrate that the deep learning models 

(LSTM and GRU with focal loss) perform better, 

achieving F1 scores of 0.87 and 0.89, respectively. 

Likewise, the traditional machine learning models also 

demonstrate acceptable performance of the F1 score 

between 0.72 and 0.87, which is still higher than the 

previous research (0.82). These conclude that the 

implementation of both deep learning and traditional 

machine learning models is applicable to identify 

Indonesian students who experience language anxiety 

in English courses.  

The models developed in this research are expected to 

provide a practical and effective means for educators to 

identify students who may experience language anxiety 

in a timely and accurate manner. This kind of early 
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identification enables the implementation of 

appropriate pedagogical interventions, thus delivering a 

supportive learning environment. This environment can 

help the students to interact using language with more 

effective and confidence. By utilizing the textual 

content of student essays, this approach can provide 

scalable, practical, and non-intrusive methods for the 

educators to recognize and help the students who are 

experiencing the foreign language anxiety. The research 

results are expected to provide a learning strategy that 

is more adaptive and empathic. This condition will help 

the students participate in classroom activities with 

more confidence and effectiveness. 
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