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Abstract— Background: The distinction between standard and non-standard Indonesian sentences is
traditionally well-defined, yet the ubiquity of digital communication has increasingly blurred these
boundaries. This convergence introduces significant lexical ambiguity in formal contexts, complicating the
performance of automated text classification systems. Objective: This study aims to enhance the robustness
of Support Vector Machine (SVM) classification by addressing these linguistic irregularities through TF-
IDF vectorization and a targeted directional augmentation strategy. Methods: A corpus comprising 5,394
labeled sentences was processed under a strict anti-leak grouping strategy to rigorously prevent semantic
leakage between training, validation, and testing sets. To resolve decision boundary overlaps often missed
by the baseline model, manual directional augmentation was applied, specifically targeting ambiguous
sentence structures to enrich the training distribution and linguistic diversity. Results: The experiments
demonstrated that directional augmentation significantly refined the model's decision margins. While the
baseline model achieved a test accuracy of 94.39%, the augmented approach substantially improved
generalization capabilities across unseen groups, elevating validation accuracy from 96.11% to 97.39% and
test accuracy to 96.16%. Conclusion: These findings substantiate that structurally enriching the dataset
effectively mitigates overfitting and improves sensitivity. However, given the scalability constraints of
manual intervention, future research should prioritize automated augmentation techniques and contextual
embeddings to handle deep linguistic nuances further.
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I. INTRODUCTION

Text classification, a core task in Natural Language Processing (NLP), is driven by the
growing adoption of intelligent systems for interpreting human language [1]. One of its key
applications is distinguishing between standard and non-standard language styles, a particularly
relevant task in the Indonesian context where speakers often blend formal and informal styles
within a single discourse [2]. The expansion of digital platforms, while amplifying linguistic
fluidity, has also introduced new complexities to the classification process [3].

Standard Indonesian sentences—typically found in formal domains such as government or
academic communication—are increasingly mixed with non-standard expressions that dominate
daily interactions [4]. This is evident in short expressions like “Kesabaran adalah kunci”
(Patience is the key) or “Cinta itu sederhana’ (Love is simple), which are structurally standard
but commonly used in informal settings, posing a challenge for machine learning models that lack
deep semantic understanding, particularly in detecting stylistic ambiguity [5].

Existing approaches to text -classification include rule-based systems, statistical
representations like CountVectorizer, and machine learning techniques such as Support Vector
Machines (SVMs) [6-8]. SVMs are particularly effective in high-dimensional spaces but heavily
rely on the quality of input features [9]. CountVectorizer, while proficient at capturing word
frequency, often misses contextual relevance, especially in short texts [10]. However, TF-IDF
representations, with their ability to highlight more informative terms, offer a promising solution
for improving feature quality in short-text classification [11-12].

Data augmentation is essential for improving model generalization, especially when labeled
data is limited or imbalanced. Studies by Bayer et al. [13-14] and Kesgin et al. [15] have
demonstrated the effectiveness of augmentation techniques such as synonym replacement and
paraphrasing in enhancing model robustness, predominantly in English-language settings.
However, research on Indonesian data augmentation remains scarce, particularly in addressing
classification challenges involving poetic or stylistically ambiguous expressions—highlighting
an urgent gap in current literature. To address this, the present study introduces a context-aware
manual augmentation strategy that incorporates pragmatic usage patterns and discourse-level
variation in Indonesian texts.

This study introduces a method combining TF-IDF with manual data augmentation to enhance
SVM performance in detecting standard sentences with subtle semantics or contextual ambiguity
[16]. The augmentation emphasizes expressive language such as wise sayings, motivational

quotes, and reflective phrases that frequently challenge traditional classifiers [17].
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The key contributions of this study are: (1) a context-aware, manual augmentation strategy
tailored to the unique characteristics of Indonesian texts, and (2) improved classification of short,

ambiguous standard sentences—providing a practical basis for more effective text classification

in low-resource Indonesian language settings.

II. RESEARCH METHOD

This study uses a quantitative approach with an experimental method to evaluate the
performance of the Support Vector Machine (SVM) algorithm in classifying standard and non-
standard sentences in Indonesian. The primary focus is on increasing the model’s sensitivity to
short poetic and philosophical sentences that often cause misclassification. The Overview of

Research Methodologies is shown in Error! Reference source not found..

Design

Modelling

Augmentation

A

Tools

A

Analysis

Fig 1. Overview of Research Methodology

The diagram in Error! Reference source not found. provides an overview of the research

methodology. Detailed descriptions of each component are presented in the subsequent sections.

A. Research Design

The data used in this study consists of 5,394 Indonesian sentences, each labeled as standard
and non-standard. The standard sentences were collected from formal sources such as academic
documents, news, and government texts. In contrast, non-standard sentences came from social

media, online forums, and informal conversations that reflect everyday language varieties.

All data underwent a preprocessing process that included text normalization (changing capital

letters, removing special characters, and refining spelling) and removing punctuation and
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numbers that were irrelevant to the classification task [18-19]. The data was divided into three

parts: 70% for training, 15% for validation, and 15% for testing [20-21] . This division aims to

maintain a balanced distribution between classes and avoid overfitting during training [22].
B. Modelling and Text Representation

The model used in this study is SVM with a linear kernel. The selection of SVM is based on
its ability to produce an optimal hyperplane that can separate two classes with a maximum margin
and its stability in handling high-dimensional data. Text representation is done using two
approaches that are compared in stages:

1. Baseline: Using CountVectorizer to convert sentences into vectors based on word

frequency [23].

2. TF-IDF-based Model: Using TF-IDF Vectorizer [24] to give more weight to more

informative and less frequent words so that the model can be more sensitive to the

difference between standard and non-standard sentences.
C. Manual Data Augmentation

To address data limitations and better handle ambiguous patterns, a series of manual data
augmentation strategies [25] —chosen to precisely control linguistic variations and ensure
contextual relevance—were applied, including

1. Replacing words with synonyms [26] contextually without changing the core meaning of

the sentence,

2. Rearranging phrase structures to create variations of expressions that remain valid,

3. Adding new sentences with a poetic or philosophical style that represent sentence types

that are often misclassified.

The following examples, as presented in Error! Reference source not found., illustrate the
implementation of each manual augmentation technique described previously. These instances
highlight the importance of contextual relevance and stylistic variation in addressing
classification challenges associated with semantically subtle or pragmatically ambiguous

sentences.

Table 1. Examples of manual data augmentation techniques

Original Sentence Augmented Sentence English

Synonym Replacement  Kesabaran adalah kunci  Kesabaran merupakan  Patience is the key
kunci utama

Phrase Reordering Cinta itu sederhana Sederhana itu cinta Love is simple
Style Injection Harapan sejati True hope illuminates
menerangi kehidupan life
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While the classification task addresses both standard and non-standard sentences, the
augmentation specifically targets short standard sentences. This focus was based on an initial

analysis, which showed that such sentences were frequently misclassified due to their structural

similarity to informal expressions, thereby impacting model performance.
D. Tools and Experiment Environment

All experiments were conducted in Python using libraries such as Scikit-learn (for SVM
implementation and evaluation) [27], NLTK and SpaCy [28] (for text preprocessing and
augmentation), NumPy and Pandas [29] (for data manipulation), and Matplotlib [30] (for result
visualization). Experiments were executed on Google Colaboratory, a cloud-based platform that

enables efficient notebook execution without reliance on high local computing power.

E. Data Analysis

The performance evaluation was carried out using standard quantitative metrics [31], including
accuracy, precision, recall, and F1-score, to comprehensively assess the model’s classification
capability. Furthermore, confusion matrix analysis was employed to examine the distribution of
true positives, false positives, true negatives, and false negatives, offering more profound insights
into model behavior [32]. Comparative analysis was performed between the baseline and the
improved models, with particular attention given to persistent error patterns after applying manual

augmentation techniques.

ITII. RESULT AND DISCUSSION

A. Performance Comparison Before and After Augmentation

Prior to model evaluation, a dataset of 5,394 sentences was meticulously prepared, comprising
2,725 standard and 2,669 non-standard Indonesian sentences to ensure balanced class
representation. Although relatively modest, this dataset reflects the typical challenges of low-

resource settings, where high-quality annotated linguistic data in Indonesian remains scarce.

This study consistently employed the TF-IDF Vectorizer as the feature extraction method
across all experimental conditions. The core comparison examined the impact of manual data
augmentation by contrasting the baseline model with the augmented variant. Results indicated a
validation accuracy improvement from 96.11% to 97.39%, while the test accuracy improved from
94.39% to 96.16%, confirming that augmentation enhanced intra-split generalization without
affecting overall robustness. These findings underscore the effectiveness of the augmentation
strategy in addressing structurally challenging cases. The data in Table 2 summarizes the model’s

accuracy before and after manual augmentation.
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Table 2. Model Accuracy before and after Manual Augmentation

Experimental Setting Accuracy (%)
SVM + TF-IDF Vectorizer (before augmentation) 94,39 (test) / 96,11 (validation)
SVM + TF-IDF Vectorizer + Manual Augmentation 96,16 (test) / 97,39 (validation)

To highlight the improvement in classification performance, the confusion matrices before and
after augmentation are presented in Fig 2 and Fig 3, respectively. The detailed confusion matrix

data is shown in Table 3.

True

Predicted

Fig 2. Classification Results before Augmentation

True

Predicted

Fig 3. Classification Results after Augmentation
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Table 3. Comparison of Augmentation Results (Based on Test Set Confusion Matrix)

TP FN TN FP Errors
Before Augmentation 756 60 793 32 92
After Augmentation 795 21 783 42 63

The improvement observed in the confusion matrices indicates that manual data augmentation
enhanced the model's precision in identifying standard sentences, as evidenced by the reduction
of False Negatives from 60 to 21 and total errors from 92 to 63. The results demonstrate stronger
discrimination between sentence types. The TF-IDF Vectorizer further reinforced this effect by
highlighting contextually informative words. Furthermore, the augmented data broadened the
model's linguistic coverage by introducing a wider variety of patterns, particularly short and
ambiguous standard sentences that were underrepresented in the baseline. As a result, the model

exhibited better generalization to previously challenging sentence structures.
B. Error Analysis of Ambiguous Sentences

The decrease in False Negatives from 60 to 21 indicates that ambiguous patterns in standard
sentences—such as poetic expressions or informal stylistic elements—remain challenging for the
model. This suggests that manual data augmentation has yet to capture these complex linguistic
variations fully. In real-world applications, minimizing False Positives from 32 to 42 is crucial
for ensuring data integrity, particularly in tasks such as official document analysis. Conversely,
False Negatives warrant increased attention in contexts like chatbot systems, where maintaining
response quality is essential.

Compared to previous approaches, the results highlight the effectiveness of TF-IDF combined
with manual augmentation. However, the scalability of this method remains a limitation that
should be addressed in future research. The remaining prediction errors predominantly occur in
short or ambiguous standard sentences, typically characterized by simple structures and everyday
vocabulary. To further illustrate the classification challenges posed by such instances, several

representative examples are presented in Error! Reference source not found..

Table 4. Examples of Standard Sentences

Indonesian English
1 Waktu tidak pernah menunggu siapa pun Time never waits for anyone
2 Hidup adalah perjalanan untuk belajar Life is a journey to learn
3 Kejujuran adalah dasar dari kepercayaan Honesty is the foundation of trust
4 Setiap usaha membawa hasil yang sepadan Every effort brings a fair result
5 Kedamaian dimulai dari hati yang tenang Peace begins with a calm heart
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Sentences such as “Waktu tidak pernah menunggu siapa pun” and “Hidup adalah perjalanan
untuk belajar” possess a poetic and philosophical tone that makes them difficult for machine
learning models to classify. This complexity arises from the abstract meaning of words such as
“waktu” and “belajar”, which do not explicitly indicate whether the sentence belongs to a
standard or non-standard category. Machine learning models such as Support Vector Machines
(SVMs) rely on concrete lexical and syntactic patterns for classification. However, in the case of
these sentences, the extracted textual features are often ambiguous because similar constructions
may appear in both standard and non-standard contexts.

Furthermore, the concise structure of sentences like “Kejujuran adalah dasar dari
kepercayaan” and “Kedamaian dimulai dari hati yang tenang” provides limited linguistic
information for the model to infer contextual nuances, leading to potential misclassification.
Ambiguity in semantic usage also plays an important role. For instance, “Setiap usaha membawa
hasil yang sepadan” can appear in formal or informal discourse depending on the situation. In
casual conversation, such a sentence may be perceived as expressive or motivational, while it
would still be considered grammatically standard in a formal document. This semantic overlap
complicates the model’s ability to draw a clear boundary between the two classes without

incorporating deeper contextual or pragmatic features.
C. Effectiveness of Manual Augmentation

Furthermore, the words used in these sentences are neutral and frequently appear across
standard and non-standard expressions. For instance, terms such as “waktu”, “usaha”, or “hati”
carry general meanings that do not explicitly define the formality of a sentence. As a result,
distinguishing between stylistic and contextual usage becomes challenging when relying solely

on lexical features.

These limited semantic cues indicate that simple feature-based approaches, such as
CountVectorizer or TF-IDF Vectorizer, cannot handle such nuanced cases. Consequently, more
targeted manual augmentation—particularly through the inclusion of short, standard sentences
with ambiguous or philosophical tones like “Kedamaian dimulai dari hati yang tenang” or
“Setiap usaha membawa hasil yang sepadan”—is essential to expose the model to subtle
linguistic variations. This augmentation strategy enables the classifier to recognize better
contextual signals that differentiate standard from non-standard constructions. Furthermore,
integrating context-aware modeling techniques can enhance the model’s sensitivity to these

ambiguous linguistic patterns.
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To address this challenge, data augmentation was performed manually with human
intervention to maintain the quality and relevance of the text. A total of 100 ambiguous standard
sentences were selected and augmented using the following approach:

1. Synonym Replacement, in which common words in a sentence are replaced with their
synonyms to maintain the original meaning while slightly altering the structure. This
technique was applied to a subset of the 100 augmented sentences. Examples of this
process are:

a. before: Hidup adalah perjalanan untuk belajar (Life is a journey to learn).
b. After: Hidup merupakan perjalanan untuk memahami makna kehidupan (Life is
a journey to understand the meaning of life).

2. Reordering phrases, where the sentence structure is rearranged to increase syntactic
diversity and enrich the dataset variation. This transformation was also performed on
several of the 100 manually augmented sentences. Examples of this process are:

a. before: Kejujuran adalah dasar dari kepercayaan (Honesty is the foundation of
trust).

b. after: Dasar dari kepercayaan adalah kejujuran (The foundation of trust is
honesty).

The results of this augmentation help the model understand more complex variations of
standard sentences, especially ambiguous or poetic sentences that tend to be misclassified.
Although small, the increase in accuracy from 94.39% before augmentation to 96.16% after
augmentation (and from 96.11% to 97.39% on the validation set) shows significant improvement
in overcoming False Negatives. Although Deep Learning-based models are often the first choice
in natural language processing, the results of this study show that SVM can still be utilized
effectively, especially in the following conditions:

1. Limited Dataset: SVM performs well on small to medium-sized datasets, such as those
used in this study, because its computational complexity is lower than deep learning
models.

2. Simple Feature Representation: Using TF-IDF, SVM can capture text patterns well
without requiring deeper context representations like in transformer models [33].

3. Controlled Text Ambiguity: In the case of ambiguous sentences, simple data augmentation

can help improve the performance of SVM at a lower computational cost.
D. Limitations and Future Work

This improvement is mainly due to manual augmentation that provides variations to the
ambiguous standard sentence patterns. However, this manual augmentation is also a limitation in

the study because it is impractical when applied to larger data scales. In such scenarios, NLP-
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based automatic augmentation approaches, such as transformer models or generative algorithms,
are potential solutions for the future.

The findings confirm that combining a simple feature-based approach with data augmentation
can provide optimal results in classifying standard and non-standard sentences. This work offers
practical contributions to applications such as official document analysis, text clustering, and
classification systems that are sensitive to variations in language style in Indonesia. Future
research directions, which are crucial for advancing the field, include exploring deep learning-
based models to capture deeper contextual understanding and adopting automated augmentation
strategies to improve efficiency at a larger scale.

While the study results are promising, it is important to note the limitations. The manual data
augmentation strategy, which relies heavily on human intervention, may not be practical for large-
scale or dynamic automated systems. Additionally, the TF-IDF-based text representation used in
this work may not fully capture contextual meaning and pragmatic intent, particularly in short,
poetic, or expressive Indonesian sentences. Furthermore, the SVM model’s inability to interpret
semantic relationships between words and account for more complex contextual or syntactic
dimensions is a significant limitation when dealing with the flexibility inherent in Indonesian
language varieties.

The flexible characteristics of Indonesian in shifting sentence functions from standard to non-
standard (and vice versa) make this classification task challenging if it only relies on word
frequency-based representation. Therefore, an advanced approach is needed that integrates
context-based models and automatic augmentation strategies tailored to Indonesia's linguistic

structure and cultural variations.

IV. CONCLUSION

This study contributes a manually crafted augmentation approach tailored to structural
ambiguities in Indonesian, which has rarely been explored in previous works. The approach
enables a Support Vector Machine (SVM), combined with a TF-IDF Vectorizer, to effectively
classify standard and non-standard Indonesian sentences. The model achieved a high accuracy of
96.16%, with notable improvements in handling short and ambiguous standard sentences and
reducing false negatives. These findings highlight the potential of traditional machine learning
models in resource-constrained settings, particularly when supported by well-targeted data
augmentation, as evidenced by the observed improvement in classification accuracy following
manual sentence expansion. However, limitations in semantic understanding and the scalability
of manual augmentation remain challenges. Future research should explore context-aware

models, such as those based on contextual embeddings, to better capture the nuances of meaning
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in Indonesian. Additionally, scalable and linguistically informed automatic augmentation

methods are needed to support wider applications in dynamic and large-scale environments.
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	A. Research Design
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	The model used in this study is SVM with a linear kernel. The selection of SVM is based on its ability to produce an optimal hyperplane that can separate two classes with a maximum margin and its stability in handling high-dimensional data. Text repre...
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