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 Even though it is considered a more traditional method compared to more 

modern algorithms, term frequency inversed document frequency (TF-IDF) 

nevertheless produces good results in a range of text mining tasks. This 

study assesses the effectiveness of several TF-IDF modifications for short 

text classification. Imbalanced datasets are another issue that is addressed in 

this research. To rectify the imbalanced issue, we integrate standard, log-

scaled, and boolean TF-IDF in short text classification with undersampling 

and oversampling methods. Precision, recall, and f-measure metrics are used 

to evaluate each experiment. The best result is obtained when applying 

boolean TF-IDF with the oversampling method. Oversampling methods 

outperform the undersampling methods in every experiment, although there 

are some cases where experiments with undersampling methods are 

considerable. Additionally, our conducted study reveals that employing 

modified TF-IDF, such as boolean or log-scaled versions, provides greater 

advantages to classification performance, particularly in handling 

imbalanced datasets, when compared to solely relying on the standard TF-

IDF approach. 
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1. INTRODUCTION 

For years, many methodologies were conducted for the best result in text mining for text document, 

specifically in machine learning approach. As unstructured data, document needs to be vectorized to undergo 

into machine learning methodologies. The combination of term frequency (TF) along with inverse document 

frequency (IDF) is still prominent vectorization for text mining. This method is also known as term 

frequency inversed document frequency (TF-IDF). Kowsari et al. [1] states although TF-IDF – or TF alone 

failed to capture syntactic and semantic characteristic of text, the computation of vectorization is quite simple 

and manageable with low-resource computing. Compared to state-of-the-art document vectorization such as 

word-embedding [2], fastText by Facebook [3], or even transformer-based language model like BERT [4] 

TF-IDF still yields decent performance for multiple text mining task. This is also proven by prior research by 

Marcinczuk et al. [5], who attempts to compare modern approaches such as word2vec and BERT with TF-

IDF as “classical one” in four types of datasets. The experiment shows that TF-IDF ranks as 1st place in 2 

datasets and 2nd in 1 dataset with significantly faster computation time. 

Document classification is one of popular text mining task. This is done by grouping the documents 

into multiple class with label. Kowsari et al. [1] specifies there are four types of document scopes in text 

classification: document level, paragraph level, sentence level, and sub-sentence level, although most of 

document classification is focused on sentence and/or document level [6]. This level of scope also defines 

https://creativecommons.org/licenses/by-sa/4.0/
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length of the classified text. Compared to document level scope like news articles [7] or paragraph level 

document like abstract [8], sentence level documents have significant differences. The main difference is the 

number of texts in the document, where document or paragraph level document have longer text than 

sentence level document. Shorter document means the resource for document tasks are scarcer and noisier 

compared to longer text. The scarcity of text resource in sentence level document classification will be seen 

as sparse vector [9]. 

Alongside the sparse vector which is resulted from shorter text, the common problem for document 

classification is the imbalanced distribution of classes. It is usually rephrased as imbalanced dataset. 

Imbalanced dataset could lead to inadequate performance of the classifier model. This is because majority of 

classification models require balanced classes to obtain optimal performance [10]. The problem of 

imbalanced dataset becomes more uncertain and problematic if the dataset is imbalanced to the extreme. The 

extreme imbalanced dataset means there are majority and minority classes, where the presence of the 

minority classes is only represented with little to nearly none instances compared to majority classes [11]. 

However, for the past years methodologies for solving imbalanced dataset are developed. 

Experimental review done by Tanha et al. [12] reveals four methods to handle imbalanced dataset: data-level 

method, algorithm-level method, hybrid-method, and boosting-method. The data-level methods work by 

resampling the number of the instances in the dataset [13]. The resampling process is called undersampling 

when the instances with majority class are sampled down so that those instances are balanced with minority 

instances. On the contrary, when the minority instances are synthesized so the minority classes have the same 

distribution as majority classes, it is called oversampling [13]. Both of undersampling and oversampling 

technique are vastly applied in recent researchers. Furthermore, these techniques are furtherly developed into 

several algorithms for multiple cases, like adaptive synthetic (ADASYN) [14], synthetic minority oversampling 

technique (SMOTE) [15], random-based undersampling [16], and neighbor-based undersampling [17]. 

Our research experiments the data-level imbalanced handling method by comparing oversampling 

technique and undersampling technique for short text classification. The experiments are done specifically in 

Bahasa Indonesia’s dataset. Although it is spoken roughly by hundreds of million speakers worldwide [18], 

the resources for Bahasa Indonesia text mining task are limited [19]. Furthermore, our research employs 

traditional TF-IDF vectorizer even so because its simplicity and the beneficial to the computational time. 

 

 

2. RELATED WORK 

The following paragraphs will discuss about the related works that inspire the research. The related 

works focus on the vectorizer method, imbalanced dataset handlings, machine learning methods, and the text 

classification problems. Zhu et al. [20] utilizes TF-IDF method for hot topic detection in news articles. This 

research refines TF-IDF vectorizer to adapt to time-distributed information and user attention. The refined 

vector is then clustered with clustering method to extract the hot topics of the news network. Similar subject 

of hot topic detection is also conducted by Bok et al. [21] who modifies TF-IDF to carry out the temporal 

information of document frequencies. In addition to modified document frequency, Bok et al. [21] scales the 

term frequency of the words into logarithmic scale. The logarithmic scaling of term frequency is also done in 

the comparative research by Piskorski and Jacquet [22]. The comparison is conducted between log-scaled 

TF-IDF character N-grams and word embedding for fine-grained classification task shows that log-scaled 

TF-IDF approach outperform word embedding approach in most tasks. 

Imbalanced dataset handlings are done in several previous researches. Ishaq et al. [15] combine 

oversampling technique with several data mining techniques to improve the prediction of heart failure case. 

This research employs SMOTE to oversample the minority class which is the mortality case. The conducted 

research also shows that random forest classifier yields the most promising results based on several 

evaluations. In network attack, Zuech et al. [16] explores the sampling methods by undersampling the 

majority class. This research also shows that random forest classifier outperforms most of the classifiers. 

Another research by Oskouei and Bigham [23] experiments oversampling and undersampling techniques in 

extremely imbalanced dataset. The explored datasets consist of 13 standard real datasets from open-source 

repository. The research shows that in imbalanced problem resampling method is crucial, and is more 

preferred than exploring the influence of the classifier. The research also concludes that oversampling 

methods outperform in all cases compared to undersampling methods. 

As stated in previous paragraph, random forest classifier yields sufficiently well performance in 

classification, including the problem with imbalanced dataset [15], [16]. Triayudi and Fitri [24] explores 

various method of classifications in educational data mining. Even though it is not the perfect result, random 

forest classifier performs well in majority task, especially in modelling without any feature selections.  

In another imbalanced case, Mohammed et al. [25] experiments several models of classification in 

transactions data. The data contains immense number of columns and rows. Random forest classifier 

outperforms all other models in oversampling technique, and falls into 2nd position in undersampling 
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technique. These prior researches [15], [16], [25] concludes that random forest classifier is befitting for 

classification problem with imbalanced problem. 

There have been several studies done on short text mining. Bernard et al. [26] explore the clustering 

method for tracking news stories in short messaging in Covid-19 area. This research utilizes the sparse TF-

IDF combined with Transformer as the vectorization methods. Previous method by Miranda et al. [27] was 

used in this research [26], which uses supervised clustering from monolingual and crosslingual approaches. 

Besides that, unsupervised K-means was also utilized and combined with prior research [27]. The result 

shows that TF-IDF is still robust for doing multiple short text mining, even when is combined with other type 

of vectorization. In another research by Marivate and Sefara [28] conducted text classification in multiple 

tasks. The research utilizes global augmentation method which uses synonym augmentation, semantic 

similarity augmentation, and round-trip translation. Although the loss is reduced when the global 

augmentation is employed, the result shows that the reduction of loss with global augmentation is not 

significant. Moreover, this research explores the method in English which has large resources and corpora. 

The proposed method of this research may not necessarily be applicable in other languages.  

In Bahasa Indonesia text, Setiabudi et al. [29] explores the effect misspelled word in Bahasa 

Indonesia’s text classification. Levenshtein distance is employed to fix the misspelled word. The misspelled 

correction itself is conducted before the model performs as preprocessing. The result shows that with the 

misspelled correction with the Naïve Bayes model outperform the baseline model by 8.2%. However, this 

research also shows that the addition of this preprocessing adds the complexity and elapsed time of the 

model. Santoso et al. [30] work with sentiment analysis and hoax classification in Bahasa Indonesia. The 

study suggests using particle swarm optimization (PSO) to increase Naïve Bayes’ accuracy. Both researches 

by Setiabudi et al. [29] and Santoso et al. [30] further prove that Bahasa Indonesia’s resources for text 

mining and classification are lacking. 

 

 

3. METHOD 

This section is divided into several subsections: research methodology, dataset, scenario of 

experiment, and evaluation metrics. Each subsection will be explained further. 

 

3.1.  Research methodology 

The flowchart in Figure 1 briefly describes how this research is accomplished. The research begins 

with the collected dataset. The dataset will be explained further in subsection 3.2. Before undergo any 

process, the dataset is then preprocessed using usual standard prepocess for text mining, which are 

tokenization, case-folding, and stemming [31]. The data then is splitted into two parts; training data and 

testing data. The training data will be the base of the TF-IDF vectorization, and results in bag-of-words. The 

bag-of-words is used as vectorizer to transform both training data and testing data. Once all the data is 

transformed into vector using bag-of-words, the training data is applied into the model. Inspired by prior 

researches [15], [16], [25], the random forest algorithm is employed to yield the better result. The testing 

process is done after the random forest model is build, engaging the testing data as the benchmark for the 

prediction result. 

The evaluation metrics will be used to compare the performance of each experiment. In Figure 1, the 

bolded blocks are the processes that will be experimented with multiple scenario. The detail of experiment 

scenarios and the evaluation metrics are respectively elucidated in subsections 3.3 and 3.4. 

 

3.2.  Dataset 

The dataset used is the title of the final assignment of Information Technology students at 

Universitas Udayana. The classified class of each assignment is the topic of corresponding assignment. This 

dataset is described simply in Table 1. 

This dataset is used because of the following reasons: 

− The dataset is presented in formal Indonesian language. 

− The dataset title of each assignment, contains a relatively short number of words compared to 

paragraphs or abstracts of the assignments. This supports the sentence level classification. 

− The dataset has many classes, but there are some classes that have a very small number of instances 

compared to other classes. 
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Figure 1. The research method explained in flowchart 

 

 

Table 1. Summary of the dataset 
Topic Code Number of assignments 

Digital Bali tourism DBT 10 

Digital imaging system DIS 12 

Data science DS 52 
Digital economy ED 14 

Internet of thing IOT 18 

Information system IS 74 
Network and cloud computing NCC 11 

IT governance TKTI 9 

Total 200 

 

 

3.3.  Scenario of experiment 

As pictured in Figure 1, the bolded blocks are the process which will be experimented in this 

research. Thus, the TF-IDF vectorization methods and the sampling methods are the parameters of the 

experiment. Table 2 explains the parameters and the how those parameters contribute in each experiment. 
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Table 2. Experimented scenarios 
Scenario TF-IDF used Sampling method 

Scenario 0 Standard TF-IDF No sampling 
Scenario 1 Standard TF-IDF Oversampling 

Scenario 2 Log-scaled TF-IDF Oversampling 

Scenario 3 Boolean TF-IDF Oversampling 
Scenario 4 Standard TF-IDF Undersampling 

Scenario 5 Log-scaled TF-IDF Undersampling 

Scenario 6 Boolean TF-IDF Undersampling 

 
 

Scenario 0 in Table 2 is used as baseline for the model. In these scenarios, log-scaled and boolean 

modification of TF-IDF are introduced [32]. The standard TF-IDF is defined in (1), where the log-scaled TF-

IDF is formulated in (2), and boolean TF-IDF is in (3). 
 

𝑡𝑓𝑖𝑑𝑓𝑡,𝑑 = 𝑡𝑓𝑡,𝑑 × 𝑙𝑜𝑔 (
𝑁

𝑑𝑓𝑡
) (1) 

 

𝑙𝑜𝑔 − 𝑡𝑓𝑖𝑑𝑓𝑡,𝑑 = (1 + 𝑙𝑜𝑔(𝑡𝑓𝑡,𝑑)) × 𝑙𝑜𝑔 (
𝑁

𝑑𝑓𝑡
) (2) 

 

𝑏𝑜𝑜𝑙𝑒𝑎𝑛 − 𝑡𝑓𝑖𝑑𝑓𝑡,𝑑 = {
𝑙𝑜𝑔 (

𝑁

𝑑𝑓𝑡
) , 𝑖𝑓𝑡𝑓𝑡,𝑑 > 0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (3) 

 

tft,d itself represents the frequency of term t in document d, and dft represents number of documents that 

contain term t. The total document in the collection is symbolized with N. In such, tfidft,d represents the TF-

IDF value of term t in document d. 

Combined with TF-IDF modifications, sampling methods are also experimented. Both of 

oversampling and undersampling are conducted in different scenarios. The oversampling method is carried 

out by adding new instances to minority classes so that those classes have the same number of instances with 

the majority class. In contrast, undersampling method cuts the number of instances in majority classes, 

resulting the majority and minority classes have the same total of instances [33]. 

 

3.4.  Evaluation metrics 

The evaluation will be concluded in each scenario in Table 2. Precision, recall, and f-measure are 

used to evaluate the experiments. Precision and recall are more favorable in imbalanced dataset for their 

abilities to elaborate the model performance in specific class, rather than overall dataset with all classes. This 

is the opposite of accuracy measure, which evaluate the overall performance of model. Accuracy tends to 

measure the performance of the model by the majority class [34]. 

Precision is defined as ratio of correct prediction with total prediction, whereas recall is ratio of 

correct prediction with total of actual classes. Both precision and recall are measured in specific classes,  

f-measure combines both of precision and recall, and is used to measure in specific classes as well. They are 

different with accuracy which measures in overall classes. In (4) to (6) show the formula of precision, recall, 

and f-measure respectively, where c represents specific class in the case. 

 

𝑝𝑐 =
𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑓𝑜𝑟𝑐𝑙𝑎𝑠𝑠𝑐

𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑓𝑜𝑟𝑐𝑙𝑎𝑠𝑠𝑐
 (4) 

 

𝑟𝑐 =
𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑓𝑜𝑟𝑐𝑙𝑎𝑠𝑠𝑐

𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑎𝑐𝑡𝑢𝑎𝑙𝑐𝑙𝑎𝑠𝑠𝑐
 (5) 

 

𝑓1 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑐 =
2×𝑝𝑐×𝑟𝑐

𝑝𝑐+𝑟𝑐
 (6) 

 

All of the metrics in (4) to (6) will be summarized in weighted average. The weighted average 

accounts the number of classes in the testing data. In (7) explains the calculation of weighted average further. 

 

𝑊𝐴(𝑚) =
∑ 𝑚𝑐×𝑠𝑐
𝑛𝑐
𝑖=1

∑ 𝑠𝑐
𝑛𝑐
𝑖=1

 (7) 

 

WA(m) represents the weighted average of metric m. Metric m can be either precision, recall, of f-measure. mc 

represents the measurement of metric m in class c, and sc represents total member of class c in testing data. 
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4. RESULT AND DISCUSSION 

Our experiments with various parameters as in Table 2 yield compliying results. Table 3 illustrates 

in brief about the results of our experiments. The numbers in Table 3 are the weighted average as explained 

in (7). The detailed result of each experiment projected in the confusion matrix. Tables 4 to 6 show the 

confusion matrix for each scenario. 

From the Table 3, it can be concluded that scenario 3 with oversampled log-scaled TF-IDF results 

the best scores of all metrics. The baseline model in scenario 0 –using standard TF-IDF with no sampling, 

already shows excellent performance. Its average precision, recall, and f-measure are exceeding 80%. All of 

the scenarios with the oversampling method (scenario 1-3) provide better outcomes than baseline scenario. 

On the other hand, scenario 4-6, which employ the undersampling strategy, considerably underperform the 

baseline model in all criteria. 

 

 

Table 3. Result of each scenarios in summary 
Scenario Avg. precision (%) Avg. recall (%) Avg. f-measure (%) 

Scenario 0 80.965 85.000 81.900 

Scenario 1 81.943 87.500 83.955 

Scenario 2 82.500 87.500 84.152 
Scenario 3 91.373 90.000 88.764 

Scenario 4 67.905 57.500 53.583 

Scenario 5 69.750 60.000 56.455 
Scenario 6 66.766 57.500 53.021 

 

 

Table 4. Confusion matrix for baseline scenario 
  Predicted label 
  DBT DIS DS ED IOT IS NCC TKTI 

True label 

(baseline 

scenario) 

DBT 2 0 0 0 0 0 0 0 

DIS 0 2 0 0 0 0 0 0 

DS 0 0 9 0 0 1 0 0 
ED 0 0 0 0 0 3 0 0 

IOT 0 0 0 0 4 0 0 0 

IS 1 0 0 0 0 14 0 0 
NCC 0 0 0 0 0 0 2 0 

TKTI 0 0 0 0 0 1 0 1 

 

 

Table 5. Confusion matrixes for scenarios with oversampling 
  Predicted label 
  DBT DIS DS ED IOT IS NCC TKTI 

True label 

(scenario 1) 

DBT 2 0 0 0 0 0 0 0 

DIS 0 2 0 0 0 0 0 0 
DS 0 0 10 0 0 0 0 0 

ED 0 0 1 0 0 2 0 0 

IOT 0 0 0 0 4 0 0 0 
IS 1 0 0 0 0 14 0 0 

NCC 0 0 0 0 0 0 2 0 

TKTI 0 0 0 0 0 1 0 1 
True label 

(scenario 2) 

DBT 2 0 0 0 0 0 0 0 

DIS 0 2 0 0 0 0 0 0 

DS 0 0 10 0 0 0 0 0 
ED 0 0 0 0 0 3 0 0 

IOT 0 0 0 0 4 0 0 0 

IS 1 0 0 0 0 14 0 0 
NCC 0 0 0 0 0 0 2 0 

TKTI 0 0 0 0 0 1 0 1 

True label 
(scenario 3) 

DBT 2 0 0 0 0 0 0 0 
DIS 0 2 0 0 0 0 0 0 

DS 0 0 10 0 0 0 0 0 

ED 0 0 1 1 0 1 0 0 
IOT 0 0 0 0 4 0 0 0 

IS 1 0 0 0 0 14 0 0 

NCC 0 0 0 0 0 0 2 0 
TKTI 0 0 0 0 0 1 0 1 
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Table 6. Confusion matrixes for scenarios with undersampling 
  Predicted label 

  DBT DIS DS ED IOT IS NCC TKTI 

True label 

(scenario 4) 

DBT 2 0 0 0 0 0 0 0 

DIS 0 2 0 0 0 0 0 0 

DS 0 0 9 0 0 1 0 0 
ED 1 0 0 2 0 0 0 0 

IOT 0 0 0 0 4 0 0 0 

IS 6 1 4 1 0 2 0 1 
NCC 0 0 1 0 0 0 1 0 

TKTI 1 0 0 0 0 1 0 1 

True label 
(scenario 5) 

DBT 2 0 0 0 0 0 0 0 
DIS 0 2 0 0 0 0 0 0 

DS 0 0 9 0 0 1 0 0 

ED 1 0 0 2 0 0 0 0 
IOT 0 0 0 0 4 0 0 0 

IS 6 1 3 1 0 2 0 2 

NCC 0 0 0 0 0 0 2 0 
TKTI 1 0 0 0 0 1 0 1 

True label 

(scenario 6) 

DBT 2 0 0 0 0 0 0 0 

DIS 0 2 0 0 0 0 0 0 
DS 0 0 9 0 0 1 0 0 

ED 1 0 0 2 0 0 0 0 

IOT 0 0 0 0 4 0 0 0 
IS 6 1 4 1 0 2 0 1 

NCC 0 0 1 0 0 0 1 0 

TKTI 1 0 0 1 0 1 0 1 

 

 

The outcome of resolving the unbalanced dataset issue is displayed in Table 3. Based on our 

completed situations, the oversampling methods greatly outperform the undersampling methods in short text 

classification. Comparing short text classification to long text classification, the completed bag-of-words has 

significantly fewer text resources. 

According to De Boom et al. [9], sparse vectors are produced when text resources for short text 

classification are limited. Undersampling makes the already limited resources even more so. Scarce resources 

produce a jumble of words that are unable to distinguish between classification classes. On the other hand, 

the classifier model may more easily identify the classes by creating a synthesis vector with oversampling 

since the bag-of-words vector has larger dimensions. With the limited dataset in this research, the 

undersampling approach is more likely to produce sparse vector, thus resulting poor result compared to the 

oversampling approach with synthetic vector. 

Despite producing poor performance, this research demonstrates that undersampling can beat 

baseline models, even oversampling methods, especially in minority classes. Class ED will be used as an 

illustration. Class ED is consistently misspredicted in the baseline model from Table 4, and no additional 

classes are projected to be ED, thus making the precision and recall results for ED are zero. This issue 

persists even in cases of oversampling, with only one case of class ED is accurately predicted by scenario 3 

(best scenario). The undersampling approach prevents this. Based on Table 6, two of the three instances of 

class ED in the testing data are correctly classified by the scenario using the undersampling method. Better 

recall for class ED in the undersampling approach is the outcome of this. 

Class ED has the fifth-lowest number of instances; the other classes with less instances than class 

ED are DBT, DIS, NCC, and TKTI. Recalculating the f1-measure, precision, and recall for these five classes 

yields the following results for each scenario: Table 7. Based on Table 7, scenarios 4-6 with undersampling 

demonstrates the same, if not superior, recall for minority class classification, even though scenario 3 still 

performs best in average precision and f-measure for minority classes. 

 

 

Table 7. Result of each scenarios (DBT, DIS, ED, NCC, and TKTI only) 

Scenario 
Avg. precision 

(%) 
Avg. recall (%) 

Avg. f-measure 
(%) 

Scenario 0 66.667 63.636 63.030 

Scenario 1 66.667 63.636 63.030 
Scenario 2 66.667 63.636 63.030 

Scenario 3 93.939 72.727 76.667 

Scenario 4 61.212 72.727 60.000 
Scenario 5 58.182 81.818 64.242 

Scenario 6 57.071 72.727 57.954 
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Accounting only minority classes as shown in Table 7 indicates that the undersampling method can 

still perform well in minority classes despite overall performance results that are dropping, particularly when 

we consider coverage of true prediction as the primary factor. However, the trade-off of this approach with 

undersampling method is the decline performance of majority classes. As stated in Table 6, with the 

escalation in the performance of minority classes such as class ED, the undersampling method tends to 

neglect the majority such as class IS. As indicated in Table 3, this results in a decline in the overall outcomes 

for undersampling method. 

The experiment results in Tables 3 and 7 yield further question: which TF-IDF modification is the 

best for either oversampling and undersampling method? We now simply pay attention to the oversampling 

method’s output, which is shown in Table 5. Scenarios 1-3’s confusion matrices are essentially the same. 

Scenarios 1-3 are identical but for the class ED. Class ED is only accurately classified in Scenario 3, and that 

is only in one out of three instances. For this reason, even though there isn’t much of a difference between 

scenarios 1-3, scenario 3 with Boolean TF-IDF is the best scenario out of all the TF-IDF modifications in the 

oversampling method. 

In short text document like title, one word typically occurs in few occurence, sometimes even 

almost once. As a result, the regular TF-IDF (as in scenario 1) will produce a vector that is almost 

exclusively 1 and 0 if the terms do not occur. A vector that contains only 1 and 0 is referred to be boolean 

vector. Scenario 3 is executed using the word’s boolean feature; if the term exists, its occurrence will be 

considered as True (or 1) and vice versa. This is why the scenarios 1-3 have similar result as stated in Table 5, 

with scenario 3 has slight superiority. Despite Boolean TF-IDF vectorization with undersampling method 

shows dominance in performance, the best undersampling method doesn’t share the similar vectorization. 

According to Tables 3 and 7, scenario 5 which makes use of log-scaled TF-IDF, produces the best results 

when using the undersampling method. 

In undersampling method, the bag-of-word dimension is much less than in the non-sampling 

method. In comparison to standard bag-of-words from non-sampling approach, the smaller bag-of-words 

from undersampling method returns even more sparse vector. Log-scaled TF-IDF can be used to solve the 

sparse vector problem. This is due to the fact that log-scaled TF-IDF always yields non-zero TF based on (2). 

The occuring terms will be valued greater than 1 –depending on the log value of the frequency, while the 

non-occurring terms will be valued at 1 (not 0). The absence of 0 in the vector results the less sparse vector. 

Compared to standard TF-IDF or boolean TF-IDF, where non-occurring terms are valued at 0, this is 

significantly different because they would create the more sparse vector. Apparently, by making limited 

resources even less with undersampling method, the less sparsed vector is needed. 

From the prior discussion, the experiment also find that class ED is the most misclassified class in 

most scenarios, where class ED is primarily misclassified as class IS. Meanwhile in undersampling approach 

most classes are misclassified as IS. This can be shown from scenario 0 as in Table 4, scenarios with an 

oversampling method as in Table 5, and scenarios with undersampling as in Table 6. 

The last assignment topic, digital economy (ED) in Table 1 has numerous intersections with other 

topics particularly information system (IS). This is due to the fact that titles pertaining to the digital economy 

typically use the words “bangun” (building), “implementasi” (implementing), or “rancang" (designing), even 

“sistem informasi” (information system), which are terms that can be used to refer to information systems. As 

shown in Table 8 (in Appendix), we can observe that several phrases from class ED are also widely used in 

class IS by selecting five examples from the entire dataset for each ED and IS. 

 

 

5. CONCLUSION 

TF-IDF, however regarded as a traditional approach in comparison to contemporary algorithms, 

continues to yield excellent results in a variety of text mining tasks. In this study, the use of several TF-IDF 

modification for short text categorisation is evaluated. Another problem is imbalanced datasets are a common 

issue in text mining jobs. In order to address the imbalanced problem, we combine either oversampling and 

undersampling methods with standard, log-scaled, and boolean TF-IDF in short text classification. Each 

experiment is assessed using measurements of precision, recall, and f-measure. 

According to the results, we find that the undersampling method performs badly when compared to 

the standard approach, whereas the oversampling method performs significantly better than the standard 

approach in several TF-IDF modification. On the other hand, the undersampling technique covers true 

prediction better than the standard and oversampling method if only minority classes are measured, leading to 

a better recall measurement. Our experiment also find that boolean TF-IDF is slightly better utilized than the 

standard TF-IDF if combined with oversampling method. Despite of poor performance for undersampling 

method, our experiment shows that log-scaled TF-IDF is better suited, because its ability to handle sparse 

vector. With these findings, we believe that utilizing oversampling approach combined with boolean TF-IDF 

vectorization is best suited for imbalanced short text classification, especially in Indonesian language which 
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has limited resources. Additional research on TF-IDF modification can be conducted in the future, 

particularly when compared to the most advanced word2vec and large-language modelling (LLM) 

techniques. It is also feasible to explore in future research using the hybrid technique by adjusting the 

oversampling and undersampling. 

 

 

APPENDIX 

 

Table 8. Sample titles for class ED and IS 
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