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• Highlights: 

• High Accuracy: The model achieved an overall 
accuracy of 90% in classifying the two types of 
languages foho and fehan. 

• Performance of the foho language class 376 
sentences were correctly classified as foho 
language and 24 sentences were incorrectly 
classified as fehan language. 

• There were classification errors that occurred 
in the fehan language, 59 sentences were 
incorrectly classified as foho language and 
341 were correctly classified as fehan 
language. 

• The highest value is precision 93%, recall 94%, 
F1-Score 90%. 

 

 

1. Introduction 

Language is an essential element in human life, not only as a means of communication but also as 

a reflection of cultural identity. In Malaka Regency, East Nusa Tenggara, there are two main dialect 

variations known as Foho and Fehan. [1] . These two language varieties represent the geographical and 
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Abstract 

Regional languages are an important part of cultural identity that must be preserved. Malaka 

Regency in East Nusa Tenggara has two main dialects, Tetun Foho and Tetun Fehan, which differ in 

phonology, morphology, and vocabulary. This research aims to develop an automatic classification model 

that can distinguish between the two languages using the Naïve Bayes algorithm with a TF-IDF feature 

extraction approach. The dataset consists of 2,000 sentences in Foho and Fehan languages collected 

through observations, interviews, and social media. The research process included data preprocessing (case 

folding, tokenizing, and stemming), feature extraction using TF-IDF, model training, and performance 

evaluation using accuracy, precision, recall, and F1-score metrics. Test results showed that the model was 

able to classify both languages with 90% accuracy on a 40:60 data split, with high precision and recall, 

especially in the Foho language class. This research demonstrates the effectiveness of the Naïve Bayes 

method in regional language classification and has the potential to aid in the preservation and 

documentation of local languages in the digital age.. 

Keywords: Language Classification, Naïve Bayes, TF-IDF, Foho Language, Fehan Language, Malacca 

Regency 
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cultural differences of the Foho people, spoken in the mountainous areas and Fehan in the lowlands [2] . 

However, the introduction of these two languages faces various obstacles, ranging from a lack of formal 

documentation, minimal academic research, to limited technology that supports the classification of 

regional languages [3] . 

In several previous studies, such as those conducted by [4] and [5], the text classification method 

based on the Naïve Bayes algorithm was proven to be able to provide high accuracy in distinguishing 

regional languages [6] . Naïve Bayes is known for its simplicity and effectiveness in handling linguistic 

data, especially in feature-based text processing such as TF-IDF [7] . 

Based on these problems, this study aims to develop a classification model based on Naïve Bayes 

[5] , to automatically recognize and differentiate the Foho and Fehan languages [8] . This model is 

expected to help preserve regional languages through an efficient, accurate, and sustainable 

technological approach [9] . 

2. Method 
 
 

 
 
 
 
 

 
  

 
 

 

 

 

Figure 1 shows the framework of this research, which begins with inputting text documents in the 

Foho and Fehan languages. The text documents will then be processed through a pre-processing stage, 

namely Case Folding and Tokenizing. Next, research and testing are carried out. In the training stage, 

the data is divided into training data and test data, then features are extracted using Tf-Idf, and a Naïve 

Bayes model is trained for text classification. In the testing stage, pre-processing of the test data is 

carried out to ensure that the test data undergoes the same process as the training data, followed by 

prediction using the model to determine the class of the test data, and then evaluation is carried out. 

The output of this process is two types of language, namely Foho and Fehan, which are generated from 

text classification. The overall evaluation uses several matrices, including accuracy, precision, recall, f1-

score, and confusion matrix [7] . 

2.1 Data set 

The collected data comes from community observations and interviews with native Foho and Fehan 

speakers. Each sentence in the data has been labeled according to its respective language to facilitate 

the classification process. All data was then compiled in an Excel document, as shown in Figure 2. This 

labeling process was carried out manually to ensure accurate language identification, ensuring that the 

data used truly represents the characteristics of each dialect. This organized data then served as the 

basis for training and testing language classification models. 

2.2 Preprocessing 

Preprocessing is a very important initial stage before data is fed into a Naive Bayes model, especially 

in text classification tasks. The goal is to clean and prepare the data so that the model can work 

optimally. The preprocessing stage in Naive Bayes usually involves the following steps [3] : 

1. Data Collection 

Figure 1 
Framework 
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The research data was obtained through observations and interviews with native speakers of Foho and 

Fehan, then manually labeled to ensure classification accuracy. This verified data was compiled in an 

Excel document in Figure 2 below and became the main basis for the training and testing of the language 

classification model [10] . 

2. Data Sharing 

The cleaned, processed, and feature extracted dataset using Tf-IDF was divided into two parts: training 

data and test data. This division was carried out with a ratio ranging from 10% - 90% to 90% - 10%. The 

training data was used to train the naive Bayes model, while the test data was used to determine model 

performance. 

2.3 TF-IDF Feature Extraction 

Feature extraction in this study uses the TF-IDF method to transform text data into a numerical 

representation that reflects the importance of each word in a document. High weights are given to 

words that are unique to a document but rarely appear in other documents, thereby increasing 

classification effectiveness. The resulting TF-IDF representation is then used as the main input in the 

Naïve Bayes algorithm to accurately classify Foho and Fehan languages. 

 

 

 

 

 

 

 Figure 3 shows the prediction results of the language classification model for five example 

sentences. From these results, it can be seen that four sentences originally labeled B.foho were 

successfully predicted by the model as B.foho. However, there was one prediction error in a sentence 

that was actually labeled B.fehan but was predicted as B.foho. This indicates that the model has a fairly 

good performance in recognizing B.foho sentences, but still experiences errors in distinguishing the 

Figure 2 
Foho and Fehan 
Language Dataset 

Figure 3 
TF-IDF Feature 
Extraction 
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characteristics of B.fehan sentences. This error is likely caused by similarities in vocabulary or sentence 

structure between the two dialects [7] . 

2.4 Accuracy 

Accuracy is a measure used to assess the extent to which a model's prediction or classification 
results correspond to reality or actual data. In the context of data processing or machine learning, 
accuracy is calculated as the percentage of the number of correct predictions compared to the 
total number of predictions made [5] . 

𝑻𝑷 + 𝑻𝑵 
Curation: 

𝑻𝑷 + 𝑻𝑵 + 𝑭𝑷 + 𝑭𝑵 
 

2.5 Precision 

Precision is a measure used to assess the extent to which the positive predictions provided 
by a model are truly accurate or relevant. In the context of classification, precision is calculated by 
comparing the number of correct positive predictions (True Positive) with the total number of 
positive predictions generated, both correct and incorrect (True Positive + False Positive). High 
precision indicates that the model rarely provides incorrect positive predictions [5] . 

𝑻𝑷 
𝑷𝒓𝒆sis: 

𝑻𝑷 + 𝑭𝑷 

 

 

2.6 Recall 

Recall is a measure used to assess the extent to which a model can identify all true positive 
examples. In the context of classification, recall is calculated by comparing the number of correct 
positive predictions (True Positives) to the total number of actual positive data, namely the sum of 
True Positives and False Negatives. High recall indicates that the model is able to capture most of 
the positive examples, although it may miss some [5] . 

𝑻𝑷 
𝑹𝒆𝒄𝒂𝒍𝒍: 

𝑻𝑷 + 𝑭𝑵 

 

2.7 F1-Score 

F1 Score is a measure used to evaluate the performance of a classification model by 
considering both precision and recall. F1 Score is calculated as the harmonic mean between 
precision and recall, thus providing a more balanced picture of how well the model handles both 
metrics [11] . F1 Score values range from 0 to 1, where a value of 1 indicates a perfect model in 
terms of precision and recall, while a value of 0 indicates poor performance [5] . 

𝑹𝒆𝒄𝒂𝒍𝒍 𝑿 𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 
𝑭𝟏 - 𝑺𝒄𝒐𝒓𝒆: 𝟐 𝒙 

𝑹𝒆𝒄𝒂𝒍𝒍 + 𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 

  

3. Evaluation Results 
The results and discussion can be made complete, containing research findings and their 

explanations. 
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3.1. Split Ratio 10% Training Data 90% Test Data 

The classification model showed good and balanced performance in recognizing the two 
language labels, B.fehan and B.foho, with an overall accuracy of 87% across 200 test data sets. The 
high precision of B.fehan (93%) indicates good prediction accuracy, although its recall is lower 
(80%), indicating that there are still undetected B.fehan sentences. In contrast, B.foho has a high 
recall (94%) and a precision of 83%, reflecting the model's high sensitivity to this dialect despite 
some misclassifications. The confusion matrix in Figure 4 supports this evaluation, where out of 98 
B.fehan data sets, 78 were correctly classified and 20 were incorrectly classified as B.foho, while 
out of 102 B.foho data sets, 96 were correctly recognized and only 6 were mispredicted [12] . These 
results confirm that the model is more effective in recognizing B.foho and generally has stable and 
consistent performance in distinguishing between the two dialects. 

3.2. Split Ratio 20% Training Data 80% Test Data 

The classification model showed quite good and consistent performance in recognizing two 
language labels, B.fehan and B.foho, with an accuracy of 89% from a total of 400 test data. For the 
B.fehan label, the precision reached 92% but the recall was slightly lower at 84%, indicating that 
the model was quite accurate but there were still undetected data. Meanwhile, B.foho had a high 
recall of 93% and a precision of 87%, indicating the model's strong sensitivity to this class. The 
balanced F1-score values (88% for B.fehan and 90% for B.foho), as well as the macro and weighted 
average of 89%, confirmed that the model was able to handle both labels well. This is supported 
by the confusion matrix [13] in Figure 5, which shows that of the 193 B.fehan data, 163 were 
correctly classified and 30 were incorrectly classified as B.foho, while of the 207 B.foho data, 193 
were correctly recognized and only 14 were misclassified. Overall, these results indicate that the 
model is very effective, especially in recognizing B.foho, with low misclassification rates for both 
classes. 

 

 

 

Figure 4 
Split Ratio 
10:90 

Figure 5 
Split Ratio 
20:80 
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3.3. Split Ratio 30% Training Data 70% Test Data 

The classification model demonstrated strong and balanced performance in classifying two 
dialects, B.fehan and B.foho, with an accuracy of 89% across 600 test data sets. The high precision 
of B.fehan (92%) and the highest recall of B.foho (93%) reflect the model's good ability to detect 
both classes, despite the presence of a small number of missing data sets. The F1-scores of 88% 
and 90%, respectively, and the consistent macro and weighted average values [4] at 89%, reinforce 
the model's stable performance. The confusion matrix in Figure 6 shows that out of 295 B.fehan 
data sets, 251 were correctly classified and 44 incorrectly; while out of 305 B.foho data sets, 283 
were correctly recognized and only 22 were incorrectly recognized. These results confirm that the 
model is quite reliable and effective in distinguishing the two dialects with a low error rate. 

3.4. Split Ratio 40% Training Data 60% Test Data 
 

 

The classification model showed excellent and balanced performance in distinguishing 
between Fehan and Foho, with an overall accuracy of 90%. High precision and recall in both 
classes—93% and 85% for B.fehan, and 86% and 94% for B.foho—indicate good model accuracy 
and sensitivity. A balanced F1-score (89% and 90%) and a macro and weighted average of 90% 
confirm the stability of the model. The confusion matrix shows that out of 400 B.fehan data, 341 
were classified correctly and 59 incorrectly, while out of 400 B.foho data, 376 were recognized 
correctly and only 24 incorrectly [14] . These results indicate that the model is very effective, 
especially in recognizing B.foho, with low error rates in both classes. 

3.5. Split Ratio 50% Training Data 50% Test Data 

Figure 6 
Split Ratio 
20:80 

Figure 7 
Split Ratio 
40:60 

Figure 8 
Split Ratio 
50:50 
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The classification model demonstrated reliable and balanced performance with an accuracy 
of 89% on 1,000 test data sets, indicating that 890 data sets were correctly classified. High precision 
for B.fehan (93%) indicates accurate predictions, although its recall is lower (84%), while B.foho 
has the highest recall (93%) and precision of 86%, indicating high sensitivity to this class. F1-scores 
of 88% and 90%, respectively, and macro and weighted averages of 89%, reflect stable model 
performance [3] . The confusion matrix shows that out of 493 B.fehan data sets, 415 were correctly 
classified, while out of 507 B.foho data sets, 474 were correctly recognized. These results confirm 
that the model is quite accurate and balanced in distinguishing between the two dialects, with a 
low error rate. 

 

 

3.6. Split Ratio 60% Training Data 40% Test Data 

The classification model showed good and stable performance with an accuracy of 89% on 
1,200 test data. Fehan language has a high precision (92%) but a lower recall (84%), indicating good 
prediction accuracy despite missing data. In contrast, Foho language has a high recall (93%) and a 
precision of 86%, indicating the model is very sensitive to this class [3] . A balanced F1-score (88% 
for Fehan, 89% for Foho) and a macro and weighted average of 89% both strengthen the stability 
of the model's performance. The confusion matrix shows that the model is better at recognizing 
B.foho, with fewer misclassifications than B.fehan, although in general the model is quite reliable 
in distinguishing the two dialects. 

3.7. Split Ratio 70% Training Data 30% Test Data 

The classification model demonstrated robust and balanced performance with 89% accuracy 
across 1,400 data sets. Precision for B. fehan was high (93%), but recall was lower (85%), while B. 
foho had the highest recall (94%) and precision (86%). F1-scores of 88% and 90%, respectively, and 
macro and weighted average values consistently at 89%, indicated model stability. The confusion 
matrix supported these results, with 578 of 684 B. fehan data sets and 670 of 716 B. foho data sets 
correctly classified. These results confirm that the model is more reliable in recognizing B. foho, 
but still needs improvement in sensitivity to B. fehan data. 

 

 

Figure 9 
Split Ratio 
60:40 

Figure 10 
Split Ratio 
70:30 
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3.8. Split Ratio 80% Training Data 20% Test Data 

The classification model demonstrated stable performance with an accuracy of 88% across 
1,600 test datasets. High precision for B.fehan (91%) indicates good accuracy, although its recall 
still needs improvement (84%). Conversely, B.foho had the highest recall (92%) and precision of 
85%, indicating the model is very good at recognizing this class. The balanced F1-score (87% for 
B.fehan, 88% for B.foho), and the macro and weighted average were both 88%, reflecting 
consistent model performance. The confusion matrix supports this result, with a higher number of 
prediction errors for B.fehan (129 datasets) compared to B.foho (68 datasets), suggesting 
improvements are needed, particularly in increasing sensitivity to B.fehan datasets. 

3.9. Split Ratio 90% Training Data 10% Test Data 

  

The classification model performed quite well with an accuracy of 82% from 1,800 data sets, 
but there was an imbalance between the ability to recognize Fehan and Foho. Precision for B.fehan 
was high (94%), but recall was low (69%), indicating that many Fehan data sets were not detected. 
Conversely, B.foho had a high recall (95%) but lower precision (75%), indicating that the model was 
more sensitive to Foho but still often made incorrect predictions. F1-scores of 79 (Fehan) and 84 
(Foho) respectively indicated that the model was more optimal in recognizing B.foho. The 
confusion matrix showed that of the 902 B.fehan data sets, only 618 were correctly recognized, 
while of the 898 B.foho data sets, 856 were correctly classified. These results emphasize the need 
to improve accuracy, especially in recognizing B.fehan, to ensure a more balanced model 
performance [5] . 

 

4. Create a Discussion 

As part of the evaluation, Precision, Recall, and F1-Score metrics were analyzed across various 
training-to-test data ratios. The following graphs show the model's performance changes based on 
these ratios, providing insight into the model's accuracy, sensitivity, and balance in classifying 
Fehan and Foho. 

The precision of Fehan is relatively stable and high across various data ratios, especially when 
the training data proportion is large, such as at a 90-10 ratio, which reaches 94%. This 
demonstrates the model's consistency in recognizing the Fehan class. In contrast, the precision of 

Figure 11 
Split Ratio 
80:20 

Figure 12 
Split Ratio 
90:10 
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Foho fluctuates more, with the highest precision at 90% at a 30-70 ratio and the lowest at 75% at 
a 90-10 ratio. This pattern indicates that the model is more accurate in recognizing Foho when the 
training and test data ratio is more balanced. Overall, the graph shows that the more balanced the 
data ratio, the more evenly distributed the precision between classes, and that the right training 
data proportion can improve the overall model performance. 

The model has high and stable recall in recognizing Foho, ranging from 92% to 95% across all 
data ratios, even when training data is scarce. This reflects the model's strong sensitivity to the 
Foho class. In contrast, recall for Fehan is lower and more unstable, with a low of 69% at a 90-10 
ratio and improving to around 85% at more balanced ratios such as 70-30 or 50-50. This pattern 
indicates that the model has more difficulty consistently recognizing Fehan, likely due to the more 
complex structure or vocabulary variations. Overall, the graph highlights the need to improve the 
model's ability to detect Fehan, to ensure classification performance is less biased toward one class 
and to ensure fair and representative predictions. 

Based on the performance evaluation, the model shows stronger and more stable 
performance in classifying Foho than Fehan. Fehan's precision tends to be high and consistent 
across various ratios, but its recall is lower, indicating that the model often misses Fehan data 
despite being quite accurate in its predictions. In contrast, Foho has very high recall across almost 
all ratios, indicating that the model is very sensitive to this class, although its precision varies—
particularly lower at the initial ratio (90-10) before increasing at more balanced ratios. The F1-score 
for Foho is consistently higher than Fehan, with a maximum value reaching 90%, while Fehan's F1-
score reaches 89%. 

Overall, the 50-50 and 40-60 ratios demonstrated optimal model performance, with the 
balance between precision and recall yielding the highest F1-scores for both classes. This indicates 
that a balanced proportion of training and testing data significantly impacts the stability and 
accuracy of model predictions. This comparison also highlights the need to improve sensitivity to 
Fehan to prevent model bias and to classify both dialects more fairly and representatively in real-

world scenarios. 

5. Conclusion 

Based on the research results, it can be concluded that the Naïve Bayes method with TF-IDF 
architecture is quite effective in classifying the Foho and Fehan languages in Malaka Regency. From 
a total of 2000 data, consisting of 1000 data for each language, the model showed quite good 
performance. The highest accuracy achieved was 90% when using 40% of the data for training and 
60% of the data for testing. In addition, the model also obtained a precision value of 93% in the 
Fehan language, 94% Recall in the Foho language and an F1 Score reaching 90% in the Foho 
language. The model shows that it is able to distinguish the two languages well. Overall, the Naïve 
Bayes method with TF-IDF architecture can be a useful solution in efforts to preserve and 
document regional languages automatically, especially in helping identify and recognize languages 
quickly and efficiently through technology. 
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