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 The Ministry of Finance plays a strategic role in maintaining national economic stability through 
fiscal policy management, taxation, public debt administration, and state budget control. In 
today’s digital era, social media platforms such as X have become important channels for the 
public to express opinions about government policies. This study analyzes public perceptions of 
the Ministry of Finance’s performance using machine-learning-based sentiment analysis and 
identifies the most effective classification model. Data were collected from public posts on X and 
processed using text mining and Natural Language Processing (NLP). Three Recurrent Neural 
Network (RNN) models were tested: Long Short-Term Memory (LSTM), Gated Recurrent Unit 
(GRU), and an improved variant, LSTM_G. The findings show that negative sentiment dominates 
at 43.0%, followed by neutral at 33.9% and positive at 23.1%. Among the models, LSTM_G 
achieved the highest accuracy of 78.98%, indicating strong capability in capturing sequential 
patterns in dynamic, unstructured social media text. These results reflect substantial public 
concerns regarding fiscal policies and demonstrate the usefulness of sentiment analysis as a data-
driven tool for decision-making and for strengthening public communication strategies to 
enhance the Ministry’s digital reputation. 
 

I. INTRODUCTION 

The Ministry of Finance holds a vital role in maintaining 
national economic stability through fiscal management, 
taxation, debt financing, and control of the State Budget 
(APBN) [1]. Each policy issued by this ministry has broad 
implications for the public economy, ranging from changes in 
the prices of basic necessities to subsidy levels and purchasing 
power [2]. Therefore, understanding public perceptions of the 
Ministry’s performance and policies is a strategic aspect for 
maintaining public trust and supporting the effectiveness of 
government actions. 

In recent years, social media platforms such as X have 
become major spaces for people to express opinions, criticism, 
and support regarding economic policies [3]. Their fast, 
interactive, and massive nature makes them relevant for 
studying how public opinion forms and spreads. Every policy 
issued by the Ministry of Finance tends to trigger new 
discussions on X, making the platform an important source of 
data for understanding public responses to fiscal issues. The 
use of digital conversation analysis has even become a 
supporting approach in evaluating fiscal policy, especially 
when real-time public sentiment is needed for more responsive, 
data-driven decision-making. 

In this context, sentiment analysis emerges as a highly 
relevant method. Through text mining and Natural Language 

Processing (NLP), it identifies whether opinions expressed in 
text are positive, negative, or neutral[4]. One commonly used 
method is Long Short-Term Memory (LSTM), which is 
designed to retain important information across word 
sequences while ignoring irrelevant parts [5]. This ability to 
preserve contextual meaning makes LSTM effective for 
processing unstructured and emotionally dynamic social 
media text. 

Recurrent Neural Networks (RNN), specifically LSTM 
and GRU were selected because sentiment analysis on social 
media text inherently involves sequential and contextual 
information, where the meaning of a word depends on 
preceding and following words. Unlike traditional machine 
learning models that treat text as independent features [6], 
RNNs process input as ordered sequences and maintain a 
hidden state that allows the model to capture contextual 
dependencies across words, which is essential for interpreting 
nuanced opinions in short and informal posts on X. 
Furthermore, standard RNN limitations in learning long-term 
dependencies are effectively addressed by LSTM through 
memory cells and gating mechanisms, while GRU offers a 
computationally efficient alternative with fewer parameters 
and faster convergence, making it well suited for large-scale 
social media data. Compared to transformer-based models, 
RNN architecture provides a balanced trade-off between 
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contextual modeling capability, data requirements, and 
computational efficiency, which aligns with the dataset 
characteristics and research objectives of this study. 

The Gated Recurrent Unit (GRU) operates similarly to 
LSTM but with a simpler and more efficient structure. GRU 
uses “gating” mechanisms to determine which information to 
keep or discard, allowing faster training without significant 
accuracy reduction [5]. This efficiency makes GRU suitable 
for analyzing short text such as posts on X, particularly when 
processing speed is essential. 

This study examines public perceptions of the Ministry of 
Finance’s policies and performance using conversational data 
from X. The approach employs deep learning based on 
Recurrent Neural Networks (RNN), focusing on two main 
architectures: LSTM and GRU. Through these models, the 
study aims to portray public opinion on Indonesia’s fiscal 
policies and assess whether discussions regarding a potential 
Ministry of Finance reshuffle align with sentiments expressed 
in public discourse. Additionally, the findings are expected to 
provide valuable input for the government to improve public 
communication strategies and enhance the effectiveness of 
national financial management. 

II. LITERATURE REVIEW 

A. Recurrent Neural Network (RNN) 

Recurrent Neural Network (RNN) is a fundamental 
architecture designed to process sequential data through what 
is known as a recurrent connection [8]. However, its main 
weakness lies in its difficulty in retaining long-term 
information, which leads to vanishing and exploding gradient 
problems. To address this issue, Long Short-Term Memory 
(LSTM) was developed, featuring three main gates—forget 
gate, input gate, and output gate—to regulate the flow of 
information. The core computations of LSTM are 
mathematically defined as in (1) – (6):  

𝑓௧ = 𝜎൫𝑊௙[ℎ௧ିଵ, 𝑥௧] + 𝑏௙൯ (1) 

𝑖௧ = 𝜎(𝑊௜[ℎ௧ିଵ , 𝑥௧] + 𝑏௜) (2) 

𝑜௧ = 𝜎(𝑊௢[ℎ௧ିଵ, 𝑥௧] + 𝑏௢) (3)  

𝐶௧
෩ =𝑡𝑎𝑛ℎ tanh(𝑊஼[ℎ௧ିଵ, 𝑥௧] + 𝑏஼) (4) 

𝐶௧ = 𝑓௧ ⋅ 𝐶௧ିଵ + 𝑖௧ ⋅ 𝐶௧
෩  (5) 

ℎ௧ = 𝑜௧ ⋅𝑡𝑎𝑛ℎ tanh(𝐶௧) (6) 

Through this mechanism, LSTM can selectively store or 
forget information as needed, making it effective for data with 
long-term dependencies [9]. 

B. Gated Recurrent Unit (GRU) 

Another, more simplified model is the Gated Recurrent 
Unit (GRU), which uses only two gates update gate and reset 
gate. Its simpler architecture allows GRU to be trained more 
quickly while producing competitive results compared to 
LSTM. The formulas are written as in (7) – (11): 

𝑧௧ = 𝜎(𝑊௭[ℎ௧ିଵ, 𝑥௧] + 𝑏௭) (7) 

𝑟௧ = 𝜎(𝑊௜[ℎ௧ିଵ, 𝑥௧] + 𝑏௥) (8) 

ℎ௧
෩ =𝑡𝑎𝑛ℎ tanh(𝑊௛[ℎ௧ିଵ, 𝑥௧] + 𝑏௛) (9)  

𝐶௧ = 𝑓௧ ⋅ 𝐶௧ିଵ + 𝑖௧ ⋅ 𝐶௧  ෪ (10) 

ℎ௧ = (1 − 𝑧௧) ⋅ ℎ௧ିଵ + 𝑧௧ ⋅ ℎ௧
෩  (11) 

With this architecture, GRU can still capture sequential 
context without the complexity of LSTM [10]. 

C. Bidirectional LSTM (biLSTM) 

A further development is the Bidirectional LSTM 
(biLSTM), which processes sequential data in two directions 
forward and backward allowing for a more complete 
understanding of word context. Its computation is expressed as 
in (12) – (14): 

ℎሬ⃗ ௧ = 𝐿𝑆𝑇𝑀൫𝑥௧ , , ℎሬ⃗ ௧ିଵ൯ (12) 

ℎ⃖ሬ௧ = 𝐿𝑆𝑇𝑀൫𝑥௧ , ℎ⃖ሬ௧ିଵ൯ (13)  

ℎ௧ = ൣℎሬ⃗ ௧; ℎ⃖ሬ௧൧ (14) 

This approach produces word representations enriched by 
both preceding and following context in a sentence [11]. 

D. LSTM GloVe (LSTM_G) 

Beyond the basic architecture, models may be improved 
using external embeddings. LSTM_G is an LSTM model that 
uses GloVe (Global Vectors for Word Representation) 
embeddings as input. Here, xt is not a one-hot vector but a 
semantic vector generated by GloVe as in (15): 

𝑥௧ = 𝐺𝑙𝑜𝑉𝑒(𝑤௧) (15)  

The remaining computations follow standard LSTM 
formulas but incorporate global semantic representations [12]. 

E. Bidirectional LSTM GloVe (biLSTM_G) 

Similarly, biLSTM_G combines bidirectional mechanisms 
with GloVe word representations. The formulas remain 
identical to biLSTM, but the input xt is a GloVe vector as in 
(16) – (18): 

ℎሬ⃗ ௧ = 𝐿𝑆𝑇𝑀൫𝐺𝑙𝑜𝑉𝑒(𝑤௧), ℎሬ⃗ ௧ିଵ൯ (16) 

ℎ⃖ሬ௧ = 𝐿𝑆𝑇𝑀൫𝐺𝑙𝑜𝑉𝑒(𝑤௧), ℎ⃖ሬ௧ିଵ൯ (17) 

ℎ௧ = ൣ; ℎ⃖ሬ௧൧ (18) 

This enhances the model’s ability to understand context 
with richer semantic meaning. GRU_G applies the same 
concept to GRU, using GloVe embeddings as input while 
retaining the efficiency of GRU. 

F. LSTM_FASTTEX 

Another widely used embedding is FastText, which is 
based on subword information and can therefore recognize 
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unseen words or words with spelling variations. 
LSTM_FASTTEXT uses this embedding as input so that 
standard LSTM operations are performed on (19):  

𝑥௧ = 𝐹𝑎𝑠𝑡𝑇𝑒𝑥𝑡(𝑤௧) (19) 

Thus, the model captures not only long-range 
dependencies but also morphological variations [13]. 

G. Bidirectional LSTM FASTTEXT 
(biLSTM_FASTTEXT) 

For bidirectional processing, biLSTM_FASTTEXT 
integrates BiLSTM with FastText embeddings, computed as in 
(20) – (22): 

, ℎሬ⃗ ௧ = 𝐿𝑆𝑇𝑀൫𝐹𝑎𝑠𝑡𝑇𝑒𝑥𝑡(𝑤௧), ℎሬ⃗ ௧ିଵ൯ (20) 

ℎ⃖ሬ௧ = 𝐿𝑆𝑇𝑀൫𝐹𝑎𝑠𝑡𝑇𝑒𝑥𝑡(𝑤௧), ℎ⃖ሬ௧ିଵ൯ (21) 

ℎ௧ = ൣ; ℎ⃖ሬ௧൧ (22) 

This model excels in handling complex and highly varied 
text. 

2.1 GRU_FASTTEXT 

Finally, GRU_FASTTEXT is a GRU model with FastText 
embeddings as input. Its formulas follow the standard GRU 
framework but use subword-based representations as in (23) – 
(26): 

𝑧௧ = 𝜎(𝑊௭[ℎ௧ିଵ, 𝐹𝑎𝑠𝑡𝑇𝑒𝑥𝑡(𝑤௧)] + 𝑏௭) (23) 

𝑟௧ = 𝜎(𝑊௥[ℎ௧ିଵ , 𝐹𝑎𝑠𝑡𝑇𝑒𝑥𝑡(𝑤௧)] + 𝑏௥) (24) 

ℎ௧
෩ =𝑡𝑎𝑛ℎ tanh(𝑊௛[𝑟௧ ⋅ ℎ௧ିଵ, 𝐹𝑎𝑠𝑡𝑇𝑒𝑥𝑡(𝑤௧)] + 𝑏௛) (25) 

ℎ௧ = (1 − 𝑧௧) ⋅ ℎ௧ିଵ + 𝑧௧ ⋅ ℎ௧
෩  (26) 

With its simple architecture and flexible embeddings, 
GRU_FASTTEXT serves as a fast yet effective alternative. 

 

III. RESEARCH METHODS 

A. Type of Research 

This study employs an applied quantitative research design 
with a computational approach, aiming to classify public 
sentiment on social media regarding the Ministry of Finance 
of Indonesia. The research relies on natural language 
processing (NLP) and deep learning methods to analyze 
textual data originating from public conversations on the social 
media platform X (formerly Twitter). The primary goal of this 
study is to measure and categorize sentiment polarity based on 
public expressions about government activities and financial 
policies. The use of quantitative methods enables a systematic 
and measurable evaluation of sentiment patterns, while deep 
learning provides a high level of adaptability in processing 
informal language typically found in social media content. The 
study also integrates supervised learning techniques, in which 
labeled text data is required to train various sentiment 
classification models. 

B. Data and Data Sources 

The dataset used in this study consists of public posts 
(tweets) collected from X (Twitter) during the observation 
period of January 1, 2025, to September 27, 2025, using the 
keyword “Kemenkeu”, representing discussions related to the 
Ministry of Finance. Data scraping was conducted using 
authenticated access through browser cookies to comply with 
platform policies and obtain public tweets relevant to the topic. 
Only Indonesian-language tweets were retained by applying 
language filtering, and the data was saved in CSV format for 
further processing. Following collection, an initial cleaning 
process was performed to remove advertisements, spam, 
duplicate content, and irrelevant tweets, ensuring that the 
dataset contains only valid and contextually relevant 
discussions. The processed text was then normalized through 
several preprocessing steps, including tokenization, slang 
normalization, abbreviation expansion, stopword removal, and 
stemming using an Indonesian stemming algorithm. After 
normalization, a manual labeling process was performed to 
categorize each tweet into three sentiment classes (positive, 
neutral, and negative), supervised by multiple annotators to 
maintain consistency and reliability. The labeled dataset was 
then utilized for model training and evaluation. 

C. Research Flowchart 

Based on Figure 1 illustrates the systematic workflow 
proposed in this study, beginning with the data collection 
phase followed by data preprocessing and tokenization to 
clean and structure the text. Once the class attributes are 
defined, the process moves to the classification stage, which 
conducts a comparative analysis of multiple deep learning 
architectures. This includes testing LSTM, GRU, and BiLSTM 
models using different embedding techniques such as standard, 
GloVe (denoted as _G), and FastText variants. To assess 
performance, each model undergoes a rigorous evaluation 
using standard metrics including accuracy, precision, recall, 
and F1-score. The pipeline concludes by identifying and 
selecting the model that demonstrates the best overall accuracy. 

D. Model Evaluation 

To determine the most effective sentiment classification 
model, each deep learning architecture tested in this research 
was evaluated using the same labeled dataset. The evaluation 
focused on four commonly used performance metrics in 
supervised text classification: accuracy, precision, recall, 
and F1-score as in (27) – (30): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(27) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(28) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(29) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(30)  
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Accuracy measures the overall correctness of model 
predictions, while precision reflects the model’s ability to 
identify sentiments accurately without misclassification. 
Recall evaluates the completeness of predictions by measuring 
the proportion of correctly recognized sentiment classes, and 
the F1-score provides a balanced assessment between 
precision and recall, particularly useful when class 
distributions are imbalanced. By comparing these metrics 
across all models—including the baseline RNN and its 
variants such as LSTM, GRU, LSTM_G, biLSTM_G, 
GRU_G, LSTM_FASTTEXT, biLSTM_FASTTEXT, and 
GRU_FASTTEXT—this study identifies the optimal 
architecture for sentiment classification on Indonesian social 
media text related to the Ministry of Finance. The evaluation 
approach ensures objective assessment and facilitates model 
selection based on measurable predictive performance. 

 

IV. RESULTS AND DISCUSSION 

The data collected from social media platform X using 
keywords related to the Ministry of Finance was processed 
through a series of text preprocessing stages to ensure its 
suitability for sentiment modeling. Three primary techniques 
were applied: stopword removal, slang normalization, and 
abbreviation normalization. Stopword removal was conducted 
to eliminate high-frequency words such as “yang,” “di,” and 
“dan” that do not convey meaningful information for 
classification. Slang normalization was performed using a 
predefined dictionary to convert informal or non-standard 
words commonly found on social media into their formal 
equivalents, for example, “gmn” to “bagaimana” and “yg” to 

“yang.” The final step utilized an abbreviation dictionary to 
expand commonly used shortened terms, such as changing 
“pajak” to “pajak negara” and “apbn” to “anggaran pendapatan 
dan belanja negara.” These preprocessing procedures resulted 
in a cleaner and more standardized text corpus ready for 
further analysis. 

Following preprocessing, tokenization was applied to 
break each sentence into smaller units (tokens) that can be 
processed computationally. The resulting tokens facilitated the 
conversion of text into numerical vector representations 
suitable for machine learning and deep learning models. 
Subsequently, sentiment categories were defined as the target 
class attributes consisting of three labels: positive, negative, 
and neutral. The labeling process was conducted manually and 
semi-automatically with the aid of a sentiment lexicon to 
maintain consistency across annotations. Finally, a sentiment 
distribution check was performed to observe the proportion of 
positive, negative, and neutral sentiments in the dataset, 
providing insights into the overall polarity of public opinion. 

Based on the results of the attribute-level analysis at 
Figure 2, the sentiment classification shows that 23% of the 
data are categorized as positive, 43% as negative, and 33.9% 
as neutral. Subsequently, the dataset will be classified using 
eight RNN models, where the accuracy of each model will be 
evaluated and obtained as follows: 

 

Figure 1. Research Flowchart 
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Figure 2. Sentiment Distribution 

 

Table 1. LSTM Result. 
LSTM Precision Recall F1-Score 

Negative 0.76 0.83 0.79 
Neutral 0.79 0.82 0.81 
Positive 0.72 0.55 0.63 
Accuracy     0.76 
Macro avg 0.76 0.74 0.74 
Weighted avg 0.76 0.76 0.76 

Table 2.  GRU Result. 
GRU Precision Recall F1-Score 
Negative 0.78 0.83 0.81 
Neutral 0.84 0.81 0.83 
Positive 0.72 0.65 0.68 
Accuracy     0.78 
Macro avg 0.78 0.77 0.77 
Weighted avg 0.78 0.78 0.78 

Table 3. LSTM_G Result. 
LSTM_G Precision Recall F1-Score 
Negative 0.78 0.83 0.81 
Neutral 0.84 0.81 0.83 
Positive 0.72 0.65 0.68 
Accuracy     0.78 
Macro avg 0.78 0.77 0.77 
Weighted avg 0.78 0.78 0.78 

Table 4. BiLSTM_G Result. 
bLSTM_G Precision Recall F1-Score 
Negative 0.82 0.76 0.79 
Neutral 0.77 0.90 0.83 
Positive 0.69 0.61 0.65 
Accuracy     0.77 
Macro avg 0.7699 0.76 0.75 
Weighted avg 0.77 0.77 0.77 

Table 5. GRU_FastText Result. 
GRU_FastText Precision Recall F1-Score 

Negative 0.70 0.86 0.77 

Neutral 0.82 0.82 0.82 

Positive 0.75 0.43 0.55 

Accuracy     0.75 

Macro Avg 0.76 0.70 0.71 

Weighted Avg 0.75 0.75 0.73 

Table 6. LSTM_FastText Result. 
LSTM_FastText Precision Recall F1-Score 

Negative 0.67 0.83 0.74 

Neutral 0.87 0.68 0.76 

Positive 0.64 0.57 0.61 

Accuracy     0.72 

Macro Avg 0.73 0.69 0.70 

Weighted Avg 0.73 0.72 0.72 

Based on Table 1, the LSTM model achieves a moderate 
overall performance with an accuracy of 0.76, showing 
relatively strong results for the negative and neutral classes, 
while performance on the positive class remains weaker, as 
indicated by a lower F1-score. Table 2 demonstrates that the 
GRU model outperforms the standard LSTM, achieving a 
higher accuracy of 0.78 along with improved macro and 
weighted average F1-scores, suggesting better generalization 
across sentiment classes. As shown in Table 3, the LSTM_G 
model produces identical results to GRU, indicating that the 
inclusion of gating mechanisms enhances model stability and 
classification consistency. Table 4 reveals that the 
BiLSTM_G model excels in capturing neutral sentiment with 
a high recall value, although this improvement is accompanied 
by reduced performance in the positive class, resulting in a 
slightly lower overall accuracy. For models incorporating 
FastText embeddings, Table 5 shows that GRU_FastText 
attains an accuracy of 0.75 with strong performance on 
negative and neutral sentiments but suffers from a substantial 
decline in positive sentiment recall. Similarly, Table 6 
indicates that LSTM_FastText yields the lowest overall 
accuracy among all models, highlighting that the FastText–
LSTM combination is less effective for identifying positive 
sentiment in this dataset. 

Based on the evaluation results, the model with the highest 
performance is LSTM_G, achieving an accuracy of 78.97%. 
This result indicates that the application of GloVe embedding 
in the LSTM architecture significantly improves performance 
compared with the standard model and other variants. This 
improvement can be attributed to GloVe’s ability to capture 
global semantic representations of words, enabling the model 
to better map the context of public opinions expressed on 
social media. 

Overall, LSTM_G proves to be effective in analyzing 
negative and neutral sentiments, while still facing challenges 
in identifying positive sentiments. With an accuracy 
approaching 80%, this model is considered the most optimal 
for analyzing public sentiment toward the Ministry of Finance. 
Future research may address the limitations related to sarcasm 
and mixed opinions by integrating multi-modal approaches or 
more complex transformer-based architectures. 
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The confusion matrix analysis at Figure 3 shows that the 
model performs best in predicting the negative class (562 
correctly classified instances), followed by the neutral class 
(427 correctly classified instances). However, 
misclassifications are still present, particularly in the positive 
class, where 87 positive instances were incorrectly predicted 
as negative and 40 were misclassified as neutral. These errors 
are commonly influenced by the presence of sarcasm and 
ambiguous opinions, which remain challenging for text-based 
models to interpret accurately. 

 
Figure 3. Confusion Matrix 

 

 
Figure 4. Training and validation losses 

The training results of the LSTM_G model are presented 
in Figure 4. The loss curves show a clear downward trend for 
both the training and validation data, decreasing from 0.72 to 
approximately 0.52 by the seventh epoch. The validation loss 

remains stable with only a small gap from the training loss, 
indicating the absence of significant overfitting. 

The accuracy plot also demonstrates consistent 
improvement: training accuracy increases from 0.69 to 0.79, 
while validation accuracy rises from 0.75 to 0.77 with minor 
fluctuations after the sixth epoch. This pattern indicates that 
the model learns progressively and maintains strong 
generalization performance. 

With a final accuracy of 78.97 percent, the results confirm 
that the combination of LSTM and GloVe embeddings is an 
effective and optimal approach for analyzing public sentiment 
related to the Ministry of Finance. 

V. CONCLUSION 

The sentiment analysis of public conversations regarding 
the Ministry of Finance on platform X shows that the majority 
of responses lean negative at 43.0 percent, followed by neutral 
sentiment at 33.9 percent and positive sentiment at 23.1 
percent. These proportions indicate public concern and 
dissatisfaction toward several ongoing fiscal policies, 
including issues related to economic stability, perceived 
uncertainty in policy changes, and public reactions to reshuffle 
discourse that is seen as potentially affecting trust and 
regulatory certainty. 

From the modeling perspective, this study identifies the 
LSTM_G architecture as the best-performing model, 
achieving an accuracy of 0.7898. This performance suggests 
that an LSTM-based Recurrent Neural Network combined 
with GloVe word embeddings is effective in capturing 
temporal patterns and linguistic dynamics present in social 
media text. Beyond providing a measurable picture of public 
perceptions of fiscal policy, these findings also offer important 
insights for policymakers to rethink their public 
communication strategies to better address societal concerns. 

Future research is encouraged to expand the dataset by 
incorporating additional social media platforms such as 
Instagram, Facebook, and YouTube to obtain a more 
comprehensive representation of public sentiment. Exploring 
more advanced deep learning models, such as BERT or 
RoBERTa, may also provide deeper semantic understanding. 
Furthermore, applying temporal analysis may yield additional 
insights into how public perceptions shift over time, allowing 
the results to be used strategically in government 
communication planning and policy evaluation. 
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