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Abstract―In applied linguistics, writing assessment examines language learning. There are various genres in 

writing, but the evaluation always includes a syntactic component or sentence structure. This research focuses 

on classifying sentence structure in the Indonesian language using the Random Forest Classifier algorithm on 

five different experiment models, which are trained using different vectorization techniques, including bag of 

word (BoW), hashing, Term Frequency-Inverse Document Frequency (TF-IDF), CBoW, and skipgram 

vectorizers. The results showed that the accuracy of the models varied significantly, with the highest accuracy 

of 76% achieved by the model trained using the CBOW vectorizer. The model trained using the BoW vectorizer 

and skipgram vectorizer had the lowest accuracies of 65%. These results suggest that different vectorization 

techniques significantly impact the accuracy of the model and the CBoW vectorization technique is the most 
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effective. While the skipgram was trained using the dataset itself before being used to vectorize the dataset, but 

it did not show a significant improvement in accuracy. Classifying sentence structures with various models is 

important and may continue to support the syntactic assessment of computer-based Indonesian language writing 

skills. 

Index Terms―Bag of Word, Continuous Bag of Word, sentence structure, syntactic assessment, Term 

Frequency-Inverse Document Frequency, vectorization techniques 

I. INTRODUCTION

Language is used as a means of communication only by humans. This is due to the human ability to create a symbol or 

name something. This is an ability that is not possessed by animals or plants. It also functions as a system of language 

symbols in the culture of a nation (Rabiah, 2018; Tektigul et al., 2023; Zalmansyah, 2017). Language may contribute to 

science, socio-culture, and society (Hariyanto et al., 2023; Nardiati et al., 2023; Nursugiharti et al., 2024; Zalmansyah et 

al., 2023). In this modern era, language cannot be separated from science and technology, so it involves the use of 

technology as part of language development. 

Technological developments and advances touch various aspects of life, including in the field of language (Alimyar & 

Lakshmi G, 2021). The COVID-19 pandemic, which broke out some time ago, has created the need for an online learning 

system. After the pandemic is relatively over, the “positive” side is that online learning has become an alternative to the 

reality of education. In the online learning process, the assessment aspect is one of the parts. 

This research examines the detection of Indonesian sentence structures using machine learning and word embeddings. 

The importance of creating a model or an Artificial Intelligence that can detect a sentence structure is to assist in the 

automatic assessment of the result of writing texts. Writing texts are produced by students in the language learning process 

at school.  In Indonesia, writing is trained and tested in the form of text production. In the 2013 Curriculum (revised) text-

based learning has been applied to Indonesian Language subject. Writing skills as one of the four language skills 

(listening-reading-writing-speaking) have especially begun to be taught at the elementary school level in text form with 

various types of text genres (De Smedt et al., 2016; Fatonah & Wiradharma, 2018; Hoyos Pipicano, 2024; Jagaiah et al., 

2020; Jiang et al., 2022; Khair & Misnawati, 2022; Kim & Zagata, 2024; Nordin et al., 2022; Philippakos et al., 2023; 

Renza et al., 2022; Rodríguez-Gonzalo & Abad-Beltrán, 2023; Setiawan et al., 2019; Sinaga et al., 2023; Sun et al., 2022; 

Zalmansyah, 2017; Zalmansyah, 2018). 

In all text genres, there must be elements of words, phrases, clauses, sentences, and paragraphs. If the assessment is 

carried out on text, one of the elements of text scoring is syntax scoring which if conducted automatically, requires a 

model or script that can detect every sentence structure in a text. However, this research is limited only to the detection 

system at the sentence level and does not extend to paragraphs or scoring systems in the form of scores. 

The components of the Indonesian writing assessment generally consist of content, organization, syntax, vocabulary, 

and mechanics (Abeywickrama & Brown, 2010). The detection of mechanical components and vocabulary in written 

Indonesian texts has been carried out in an Indonesian spelling editing application, called SIPEBI, developed by Mayani 

(Ramliyana et al., 2022; Utami, 2022; Winahyu, 2024). This application is connected to the Indonesian language 

dictionary, called KBBI (Moeljadi et al., 2016) for matching with the correct vocabulary elements. Meanwhile, Ratna 

also developed a web-based automatic essay scoring system, SIMPLE-O. This system works using latent semantics 

analysis (LSA) which compares the text with the words chosen as references (Ahmad & Laroche, 2023; Kim et al., 2020; 

Ratna et al., 2015; Valdez et al., 2018; Venugopal et al., 2023). 

The syntactic component in this case is related to the use of sentences with the proper sentence structure or function 

syntax. Therefore, in this study, the data used is in the form of sentences with a standard structure. So, if there is a sentence 

that uses a non-standard structure, the machine will not read it, so the sentence is categorized as a wrong sentence. 

With the advent of Machine Learning and Big Data, machine learning is constantly applied to solve various problems. 

The idea behind big data and the implementation of machine learning is to gather large enough data, and let a machine 

learning algorithm analyze those data, then form a model from patterns that are found in those analyzed data. Those 

patterns that are found by the algorithms are normally invisible to the naked human eye. This is the main reason why we 

implemented machine learning to create a model that could detect sentence structure in the Indonesian language. Since in 

the Indonesian language, a particular word could act as more than one entity depending on the position in a sentence, thus 

we could not implement Named Entity Recognition and POS tagging. 

II. LITERATURE REVIEW

Algorithms based on transformational grammar have been used for a long time in detecting sentences, especially 

English sentences (Arooj et al., 2024; Campbell et al., 2012; Friedman, 1969, 1971; Leacock et al., 2011; Lee et al., 2014; 

Wortmann & Stouffs, 2018). In addition, in the English language, efforts to detect sentences as support for automatic 

writing assessments have indeed been started since the 1960s, although they then vacated and reappeared in 1970, initiated 

by Ellis Page and a team at the University of Connecticut who developed an automated essay scoring engine (Shermis et 

al., 2010). 
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Research on the detection of Indonesian sentence structure with machine learning is still rare. Some of them are 

research conducted by Gunawan, Mudafiq, and Sulastra. Identify and analyze sentence structure in the Indonesian 

language, even though not using a machine learning algorithm per se. They used LALR (Look Ahead Left Right) parser 

and POS (Part of Speech) Tag to identify Bahasa Indonesia sentence structure (Gunawan et al., 2019). The research 

focused on kalimat tunggal or otherwise known as a single sentence. First sentences are gathered, then preprocessing, and 

later processing, then finally post-processing. Preprocessing includes a set of processes that cleans the sentences from 

punctuation and tokenization, which outputs a tokenized sentence with the label of each token. Meanwhile, the processing 

stage took those labeled tokens to the LALR parser. There are no training processes in LALR parser, unlike machine 

learning. LALR parser works by following a set of rules created by humans after analyzing patterns on those tagged-

tokenized sentences. Finally, in the post-processing stage, those sets of rules or models are assessed, by comparing the 

model prediction with expert judgment. The resulting evaluation saw the algorithm could parse 86.7% of the evaluation 

sentences correctly and couldn’t parse 10% of the sentences. 

Similar to previous research, Mudafiq et al. (Pratama et al., 2017) also use LALR parser to identify sentence structure, 

the difference is POS tagging was replaced with CFG (Context Grammar). Other than replacing the POS tag with CFG 

the computing process is largely the same, the algorithm rules are still defined by humans. This research also includes 

compound sentences in addition to single sentences. The final evaluation shows that LALR parser could successfully 

parse 70% of the sentence, with the algorithm performing significantly better in a single sentence. 

Moving on from LALR, Sulastra et al. used Constraint-Based Formalism to analyze sentence structure in the 

Indonesian language (Sulastra, 2014). Still the same as the previous two research, in this research algorithm rules are 

defined by humans. The algorithm successfully parses 61% of the single sentences, and 38% of compound sentences 

during the evaluation. 

Meanwhile, more specifically on the syntactic structure of Indonesian sentences, Wardana uses the Left-Corner 

algorithm and Nazief and Adriani’s stemming process with CSharp programming to categorize sentence functions. 

Sentences that have been sorted out can be categorized into sentence functions, namely subject (S), predicate (P), object 

(O), and adverb (K) (Wardana et al., 2019). 

Shifting from the Indonesian language, multiple research projects have been conducted to identify sentence structure 

or grammatical rules in various languages. Such as Arabic (Elarnaoty et al., 2012) and Bangla (Rahman et al., 2020). 

Nevertheless, research implementing machine learning is almost non-existent, especially in Bahasa Indonesia. Based on 

this premise, in this research, we created a classification model that is expected to be able to detect the structure of an 

input sentence. 

III. METHODS

This research adheres to the SEMMA process, to be more organized and provides a more comprehensive paper. 

SEMMA process consists of five stages which are sample, explore, modify, model, and assess (Alimyar & Lakshmi G, 

2021; Harno et al., 2024; Lima et al., 2024; Novillo Rangone et al., 2021; Quintero et al., 2024; Sundararajan et al., 2020; 

Tariq et al., 2019; Truong, 2024). The sample stage consisted of gathering the sample, in the explore stage the samples 

are explored using various data visualization methods, and in the modified stage the sample was manipulated based on 

the findings in the explore stage, and the model stage saw the sample is fed to the machine learning algorithm, and finally 

on the assess stage, the machine learning model created on the previous stage was assessed. This flow of process can be 

repeated if necessary. 

A. Sample

One thousand two hundred and fourteen sentences in Bahasa Indonesia had been collected from various resources, both

the mass media and intuitive sources based on the reasoning of researchers. Furthermore, the words or phrases in it are 

labeled according to their position in the sentence structure. The selection of sentence is based on the form of the syntactic 

structure of Indonesia language sentences, namely subject-predicate (SP); subject-predicate-object (SPO); subject-

predicate-object-adverb (SPOK), and subject-predicate-adverb (SPK) (Moeliono et al., 2017). The sentence structure has 

also been ascertained to be a single sentence in the formal Indonesian language. 

B. Explore
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Figure 1. Number of Sentences per Class 

 

Entering the exploration stage, the number of sentences per class is first visualized. Judging from Figure 1, the dataset 

is imbalanced, thus it is concluded that oversampling is necessary for the next stage. Furthermore, as previously explained, 

this research only analyzes the structure of SP, SPO, SPOK, and SPK, even though the data contains other sentence 

structures because the number of other classes is too small. 
 

 
Figure 2. Distribution of Sentence Length 

 

In addition to visualizing the number of each class in the sample, some other visualizations are also conducted. Figure 

2 shows the distribution of sentence length which is measured by many characters. From figure 2 it can be concluded that 

the samples are not evenly distributed, and we can see many sentences consisting of a very small number of characters, 

in addition to some outliers on the longer sentences. Considering the structure, only SPO and SPK structures are evenly 

distributed, while SP and SPOK have skewed distribution. 
 

 
Figure 3. Distribution of Sentence Length 

 

Figure 3 shows the distribution of word counts of the samples. Again, the samples are not evenly distributed, but 

contrary to Figure 2, only the outliers on the longer sentences caused the skewness. Structure-wise, the SP and SPOK still 

have a noticeable difference in distribution. This is because SP sentences are mostly very short. 

C.  Modify 
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Figure 4. Comparison of Undersampling and Oversampling 

 

In the previous stage, we found that the sample was imbalanced. An imbalanced sample could impact the accuracy of 

the model negatively. There are two resampling methods to handle an imbalanced sample, under-sampling and 

oversampling, which Figure 4 shows the comparison. Under-sampling took the majority class, which in this research are 

SPO, SPK, and SPOK, and then randomly removed sentences on those structures until the number of sentences was equal 

to the number of sentences on SP. Oversampling took the minority class, which is SPK, SPOK, and SP, and then 

multiplied some sentences until the number of sentences was equal to the number of sentences on SPO (Table 1). 
 

TABLE 1 
NUMBER OF SENTENCES PER STRUCTURE 

Structure 
Number of Sentences 

Sample Undersampled Oversampled 

SPO 373 212 373 
SPK 240 212 373 

SPOK 224 212 373 

SP 212 212 373 

 

 

 
Figure 5. Data Cleaning Process of This Research 

 

It is important to note that the samples are collected from various sources, which might contain unwanted characters. 

Thus, the sentences on the sample undergo a series of data-cleaning syntaxes. Figure 5 shows the syntaxes used and the 

effects of each syntax. 

Contrary to popular belief, computers cannot directly understand human language. Human language must undergo a 

series of processes to be understood by computers; there are a myriad of processes but all of them come down to turning 

the text into numbers. This process is known as vectorization. The experimentation in this research will focus on 

implementing 4 different vectorization methods and compare the accuracy of the resulting model in predicting the 

sentence structure. 
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Sample 

Sentence Structure 

Saya minum SP 

Saya makan nasi SPK 

Saya makan nasi di Jonggol SPOK 

 

Computer would process as 

ayam di jonggol makan minum nasi saya Class 

0 0 0 0 1 0 1 0 

0 0 0 1 0 1 1 1 
1 1 1 1 0 0 1 2 

Figure 6. Bag of Words Vectorization 

 

One of the used vectorization methods is Bag of Words, the simplest of all. Bag of Words or BoW essentially turns 

every word that exists on the sample into a feature. Figure 6 illustrates the results of BoW. However, there is one crucial 

weakness which is the fact that BoW doesn’t consider the position of a word in a sentence or the context of the word. 

Bag-of-Words (BoW) is a simple yet powerful technique for representing text data in the form of numerical feature 

vectors. The basic idea behind BoW is to treat a document as a collection of its words, disregarding grammar and word 

order, and represent it as a fixed-length vector where each dimension corresponds to a specific word and the value in that 

dimension represents the number of times that word appears in the document. BoW is commonly used in natural language 

processing tasks such as text classification, sentiment analysis, and topic modeling. 

One famous research that used the BoW approach is "A Study on Text Classification Using SVM and Naive Bayes" 

by Joachims, T. (Joachims, 1999), where the authors applied SVM and Naive Bayes classification algorithms to the text 

classification problem using the BoW representation. Another research is "A Comparative Study on Feature Selection in 

Text Categorization" by Yang, Y. (Yang et al., 2012) where the authors used BoW representation as a feature for text 

categorization and compared it with other feature selection methods. BoW is still widely used as feature representation in 

many text mining tasks, and it is effective in many real-world applications. 

Another common method of vectorization is Term Frequency-Inverse Document Frequency, otherwise known as TF-

IDF. This method partially counters BoW weakness by replacing the numbers, instead of just 0 and 1, TF-IDF adheres to 

the following formulas. 

𝑖𝑑𝑓𝑖 =  log(
𝑛

𝑑𝑓𝑖
)     (1) 

𝑤𝑖,𝑗 =  𝑡𝑓𝑖,𝑗 × 𝑖𝑑𝑓𝑖      (2) 

To put this formula in layman’s terms. TF-IDF is almost like BoW with the exception that 𝑤𝑖,𝑗 would replace the cells 

that have the value one, 𝑡𝑓𝑖,𝑗 is the same as BoW. Hence TF-IDF is multiplying 𝑖𝑑𝑓𝑖 value of each word with a BoW 

(Salton & Buckley, 1988), as shown in Figure 7 by using a sample previously used in Figure 6. 
 

 
 

tf i,j  (Similar to BoW) 

ayam di jonggol makan minum nasi saya Class 

0 0 0 0 1 0 1 0 

0 0 0 1 0 1 1 1 
1 1 1 1 0 0 1 2 

 

Implement formula (2), computer would process as: 
 

ayam di jonggol makan minum nasi saya Class 

        

0 0 0 0 0.477 0 0 0 
0 0 0 -0.17 0 0.477 0 1 

0.477 0.477 0.477 -0.17 0 0 0 2 

Figure 7. TF-IDF Vectorization 
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There are some issues with the BoW and TF-IDF approach. Firstly, the measure of vectors depends on the estimate of 

our lexicon, which can be colossal. Usually, this is a squander of space and increments algorithms complexity 

exponentially which would result in The Curse of Dimensionality. 

Furthermore, these embeddings will be closely coupled to their applications, making transfer-learning to a model 

employing a diverse lexicon of the same estimate, including, or expelling words from vocabulary would be nearly 

outlandish because it would require to re-train the complete model once more. 

Finally, the complete reason for embedding is to capture the relevant meaning of the words, which this representation 

comes up short to do. There's no correlation between words that have comparable meaning or utilization. To tackle the 

problems, we mentioned CBoW and Skip-Gram were implemented. 

The first Skip-gram model is defined as a set of assembled word prediction assignments. Each assignment comprises 

of prediction of a word 𝑣 given a word 𝑤 utilizing correspondingly their yield and input representations. 

𝑝(𝑣 ∣ 𝑤, 𝜃) =
exp (𝑖𝑛𝑤

⊤  out 𝑣)

∑  𝑉
𝑣′=1

 exp (𝑖𝑛𝑤
⊤  out 𝑡𝑣′)

,     (3) 

where global parameter 𝜃 = {𝑖𝑛𝑣 ,  out 𝑣}𝑣=1
𝑉  stands for both input and output representations for all words of the 

dictionary indexed with 1, … , 𝑉. Both input and output representations are real vectors of the dimensionality 𝐷. These 

individual predictions are grouped in a way to simultaneously predict context words y of some input word 𝑥. 

𝑝(𝐲 ∣ 𝑥, 𝜃) = ∏  𝑗 𝑝(𝑦𝑗 ∣ 𝑥, 𝜃).      (4) 

Input text 𝐨 consisting of 𝑁 words 𝑜1, 𝑜2, … , 𝑜𝑁 is then interpreted as a sequence of input words 𝑋 = {𝑥𝑖}𝑖=1
𝑁  and their 

contexts 𝑌 = {𝐲𝑖}𝑖=1
𝑁 . Here 𝑖-the training object (𝑥𝑖 , 𝐲𝑖 ) consists of the word 𝑥𝑖 = 𝑜𝑖  and its context 𝐲𝑖 = {𝑜𝑡}𝑡∈𝑐(𝑖) where 

𝑐(𝑖) is a set of indices such that |𝑡 − 𝑖| ≤ 𝐶/2 and 𝑡 ≠ 𝑖 for all 𝑡 ∈ 𝑐(𝑖). 

Finally, the Skip-gram objective function is the likelihood of contexts given the corresponding input words: 

𝑝(𝑌 ∣ 𝑋, 𝜃) = ∏  𝑁
𝑖=1 𝑝(𝐲𝑖 ∣ 𝑥𝑖 , 𝜃) = ∏  𝑁

𝑖=1 ∏  𝐶
𝑗=1 𝑝(𝑦𝑖𝑗 ∣ 𝑥𝑖 , 𝜃)  (5) 

 

(Mikolov et al., 2013) 

A continuous bag of words model (CBOW) is an exceedingly effective shallow neural network algorithm. It is created 

to produce vector representations of a language lexicon so that the information of the words is encoded within the vector 

space structure. The continuous bag of words model is comparable to the feedforward neural network language model 

(FFNNLM). FFNNLM was first proposed by Bengio et al., which applies the feedforward neural arrange (FFNN) into 

the language model and learns a dispersed representation for words to unravel the issue of high dimensionality. Be that 

as it may, the non-linear hidden layer of the model is erased, and the projection layer of the model is applied to all words. 

That's to say, the continuous-bag-of-words model may be a basic neural network with three layers: input, projection, and 

output (Mikolov et al., 2013). 
 

 
Figure 8. Continuous Bag of Words 

 

D.  Model 

After undergoing vectorization, the dataset would move on to the next phase, which is the modeling phase. In this 

phase, the vectorized dataset will be modeled with the Random Forest algorithm. The random forest classifier comprises 

a combination of tree classifiers where each classifier is created employing a random vector tested freely from the input 

vector and each tree casts a unit vote for the foremost well-known class to classify an input vector. Random forests 

classifier is one of the foremost fruitful ensemble learning procedures that have been demonstrated to be exceptionally 

prevalent and effective in pattern recognition and machine learning for high-dimensional classification and skewed 

problems. A disadvantage related to tree classifiers is their high variance. In practice, it isn't exceptional for a little 

alteration within the training data set to result in an exceptionally diverse tree (Breiman, 2001). 

E.  Assess 

Models created during the previous stage are then assessed in this stage. The assessment uses a standard practice for 

assessing classification models which include the use of Confusion Matrix. A confusion matrix is a table that is used to 
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define the performance of a classification algorithm. It is a summary of the predictions made by a classifier in comparison 

to the true values. Confusion matrix is a powerful tool for measuring the quality of classification models. 

The basic mathematical formula for a confusion matrix is a table with rows representing the true values and columns 

representing the predicted values. For example, in a binary classification problem, the matrix will have two rows and two 

columns. The cells in the matrix represent the number of observations that have been predicted to belong to a certain class 

while they belong to another class. The diagonal elements represent the number of observations that have been correctly 

classified, while the off-diagonal elements represent the number of observations that have been misclassified. 

Mosteller and Wallace first introduced the confusion matrix in a 1964 paper "Inference in an Authorship Problem" 

(Mosteller & Wallace, 1963). Confusion matrix is widely used in many machine learning tasks for evaluating the 

performance of a classification model, it is also used to evaluate the performance of other models that make categorical 

predictions, such as decision trees, neural networks, and support vector machines. 
 

 
Figure 9. The Confusional Matrix of This Research 

 

IV.  FINDINGS 

In this study, eight different experiments have been conducted to explore the effects of different vectorization 

techniques and sampling methods for classifying Indonesian sentences based on their structure, focusing on four basic 

sentence types: SP, SPO, SPK, and SPOK. The dataset used for these experiments was approximately 1214 labeled 

sentences, the entire experiment used the Random Forest algorithm as the classifier. There are four vectorization methods 

tested which include Bag of Words (BoW), Term Frequency-Inverse Document Frequency (TF-IDF), Continuous Bag of 

Words (CBoW), and Skip-gram, in addition to oversampling and under-sampling is also used to address class imbalance. 

Figure 10 below displays the summary of the experiment results. 
 

Experiment 

Number 

Sampling Vectorization Accuracy 

1 Oversampled BoW 69% 

2 Undersampled BoW 65% 
3 Oversampled TF-IDF 70% 

4 Undersampled TF-IDF 73% 

5 Oversampled CBoW 76% 
6 Undersampled CBoW 68% 

7 Oversampled Skipgram 68% 

8 Undersampled Skipgram 65% 

Figure 10. Experiment Results 

 

The CBoW model combined oversampling achieved the highest accuracy (76%), indicating it has the best capability 

in classifying sentence structures. This finding is likely due to how CBoW works itself, in which the model predicts a 

target word based on its surrounding context that contributes to creating a representation of sentence structures. The 

efficiency of CBoW in encoding sentence context likely contributed to its better performance in distinguishing between 

the complex sentence structures represented in the dataset, as we can see from its confusion matrix shown in Figure 11. 
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In contrast, the Skip-gram model, despite functioning by creating a detailed word relationship mapping, showed lower 

accuracies, which are 68% with oversampling and 65% with under-sampling. This can be attributed to Skip-gram's focus 

on predicting surrounding words for a given target word, which, while useful for capturing word meanings, may not be 

as effective for the task of sentence structure classification. As we can see from its confusional matrix in Figure 12, Skip-

gram fails in distinguishing between SPK and SPOK, this is likely due to its detail-oriented structures. This is better at 

capturing relationships involving rare words or phrases, but this detail-oriented approach might not be as necessary for 

understanding general sentence structures, especially when the focus is on common syntactic patterns. 

 

 

 

 

 

 

 

 

 

 

 

 

On the other hand, BoW and TF-IDF might be too simple for this task. In the case of BoW, the oversampling method 

might have helped to balance the classes, leading to better model performance compared to under-sampling. However, 

BoW does not consider the order of words or context, which might limit its effectiveness in capturing sentence structures. 

Compared to oversampling, the decrease in accuracy in BoW_under-sampling could be due to the loss of information 

caused by under-sampling itself. This method might have removed valuable examples, leading to a less effective training 

process for the model. 

 

 

 

 

 

 

 

 

 

 

 

However, in the case of TF-IDF, things are reversed. This method weighs the words based on their frequency across 

the datasets, which can provide better insights into each word concerning sentence structures. The impact of sampling 

methods on model performance was also notable. TF-IDF with under-sampling achieved higher accuracy (73%) than with 

oversampling (70%), suggesting that the model could generalize better with a more balanced, albeit smaller, dataset. This 

result underscores the potential trade-off between dataset size and balance in machine learning, where reducing the 

number of samples to achieve class balance can sometimes lead to more robust models. 

 

 

 

 

 

 

 

 

 

 

 

V.  DISCUSSION 

This study explored the impact of various vectorization techniques and sampling methods on classifying Indonesian 

sentences based on their structure using the Random Forest algorithm. Four basic sentence types were classified: Subject-

Predicate (SP), Subject-Predicate-Object (SPO), Subject-Predicate-Complement (SPK), and Subject-Predicate-Object-

Complement (SPOK). Through eight different experiments, we aimed to determine the most effective vectorization and 

sampling combinations for achieving high classification accuracy. 
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A.  Vectorization Techniques 

The experiments tested four vectorization methods: Bag of Words (BoW), Term Frequency-Inverse Document 

Frequency (TF-IDF), Continuous Bag of Words (CBoW), and Skip-gram. Each method offers a unique approach to 

representing text data, impacting how well sentence structures can be distinguished by the classifier. 

The results show that CBoW combined with oversampling achieved the highest accuracy (76%), making it the most 

effective method in this study. CBoW works by predicting a target word based on its surrounding context, enabling it to 

capture sentence structure better than other methods. This efficiency in encoding the contextual relationship between 

words allows CBoW to more accurately differentiate between the four sentence types. The confusion matrix in Figure 11 

supports this, as CBoW-oversampling shows fewer misclassifications, especially between closely related sentence 

structures such as SPO and SPOK. 

In contrast, the Skip-gram model yielded lower accuracy (68% with oversampling and 65% with undersampling), which 

can be explained by its mechanism of predicting surrounding words from a given target word. Although Skip-gram excels 

in capturing detailed word relationships, it may not be as effective in sentence structure classification, where 

understanding the general syntactic patterns is more important than detailed word-level relations. As indicated in the 

confusion matrix (Figure 12), Skip-gram particularly struggled to distinguish between SPK and SPOK, likely because its 

focus on rare word relationships does not contribute much to identifying common sentence structures. 

The BoW and TF-IDF models both performed reasonably well but with notable differences in their performance. BoW 

with oversampling achieved 69% accuracy, slightly higher than undersampling (65%). This is likely because 

oversampling helped balance the classes, allowing the model to train on a more evenly distributed dataset. However, 

BoW's limitation lies in its inability to capture the word order or context, which is essential for understanding sentence 

structure. The underperformance with undersampling can be attributed to the loss of critical information, as valuable 

training examples may have been removed, reducing the model’s effectiveness. 

In the case of TF-IDF, under-sampling produced a better result (73% accuracy) than oversampling (70%). This suggests 

that under-sampling helped the model generalize better, even with a smaller dataset. TF-IDF considers word frequency 

across the dataset, which allows it to weigh words in a way that better reflects sentence structure. This finding highlights 

the importance of balancing dataset size and quality in machine learning models, where fewer but more balanced samples 

can sometimes lead to more robust performance, as evidenced by the confusion matrix in Figure 14. 

B.  Impact of Sampling Methods 

Sampling methods, particularly oversampling and undersampling, were employed to address the class imbalance in the 

dataset. The impact of these methods was evident across all experiments. Generally, oversampling improved the model 

performance for vectorization methods like CBoW and BoW, as it mitigated the issue of underrepresented classes. 

However, oversampling also risked introducing noise by duplicating samples, which may explain why TF-IDF performed 

better with under-sampling. 

Undersampling, on the other hand, produced mixed results. For TF-IDF, it resulted in better model accuracy, likely 

because it removed noisy or redundant data, allowing the classifier to focus on more representative examples of each 

sentence type. However, for methods like BoW and Skip-gram, undersampling led to a decrease in accuracy, suggesting 

that these methods require a larger dataset to capture enough information about sentence structures. 

C.  Implications for Indonesian Sentence Classification 

The findings of this study have significant implications for classifying Indonesian sentence structures. First, the 

superiority of CBoW in combination with oversampling demonstrates that capturing the contextual relationships between 

words is critical for understanding sentence structures. This suggests that future studies should explore further 

enhancements to context-based models, such as more sophisticated embeddings or deep learning techniques like BERT, 

which could potentially improve classification accuracy. 

Moreover, the trade-offs between oversampling and undersampling highlight the importance of dataset balance in 

machine learning. While oversampling can help address class imbalances, it may not always lead to improved 

performance, particularly for vectorization methods like TF-IDF, which benefit from undersampling. This finding 

suggests that achieving optimal performance may require fine-tuning the balance between dataset size and quality, 

depending on the specific vectorization method employed. 

Finally, the lower performance of BoW and Skip-gram indicates that these methods may not be well-suited for sentence 

structure classification tasks that require an understanding of the syntactic arrangement of words. Future research should 

consider exploring more advanced models that can capture word order and context more effectively, such as recurrent 

neural networks (RNNs) or transformers. 

VI.  CONCLUSION 

The study's results highlight the importance of choosing appropriate vectorization and sampling techniques for specific 

linguistic tasks. CBoW's context-capturing efficiency, especially when combined with oversampling, proved to be most 

effective for classifying Indonesian sentence structures, offering a promising direction for further research in 

computational linguistics and natural language processing. The linguistic characteristics of the Indonesian language, with 
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its structured sentence construction (SP, SPO, SPK, SPOK), played a significant role in the experiment outcomes. The 

ability of CBoW to capture sentence-wide context likely provided it with an advantage in identifying the underlying 

structure of sentences, which is less pronounced in models like Skip-gram that emphasize word-to-word relationships. 

While the findings offer valuable insights into the suitability of different vectorization and sampling methods for 

sentence structure classification in Indonesian, the study has limitations, including the relatively small size of the dataset. 

Future research could explore larger datasets, different machine learning algorithms, and deep learning approaches to 

further understand the dynamics of sentence structure classification in Indonesian and other languages with similar 

syntactic features. 
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