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Abstract

This study examines Indonesian public sentiment toward the Ministry of Education, Culture, Research, and Technology
(Kemendikbudristek)'s Chromebook procurement under Nadiem Makarim and evaluates emoji tokenization in text
classification. Between 2021 and 2024, the initiative sparked debate over device specifications, internet connectivity in
frontier, outermost, and underdeveloped (3T) regions, and budget accountability. A balanced dataset of 4,794 comments
(2,397 from Instagram and 2,397 from YouTube) was analyzed after removing duplicates. Sentiment pseudo-labels
(negative, positive, and neutral) were generated using Indonesian RoOBERTa fine-tuned on the SmSA IndoNLU benchmark.
Two preprocessing scenarios were compared: removing emojis and emoticons (E1) and converting them into descriptive
tokens (E2). Unigram and bigram TF-IDF features were classified using class-weighted Multinomial Logistic Regression
within a leakage-free pipeline. Negative sentiment dominated (76.93%; 3,688 comments), followed by positive (17.86%;
856 comments) and neutral (5.21%; 250 comments). In the 80:20 holdout evaluation, E2 achieved 0.8352 accuracy and
0.6722 macro F1, while E1 achieved 0.8321 accuracy and 0.6725 macro F1. Five-fold cross-validation showed modest
improvements with E2 in mean accuracy (0.8204 vs. 0.8169) and macro F1 (0.6433 vs. 0.6333). Performance was higher
on Instagram than on YouTube. Overall, findings indicate predominantly negative public reception and modest benefits
from emoji tokenization.
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1. INTRODUCTION

Public reactions toward government procurement programs often surface first on social media, offering
an unfiltered view of citizen sentiment. In Indonesia, the digital education initiative launched by the Ministry
of Education, Culture, Research, and Technology (Kemendikbudristek), led by Nadiem Makarim, allocated
over Rp 17.42 trillion between 2021 and 2024 for Information and Communication Technology (ICT)
infrastructure, including approximately Rp 3.7 trillion for laptop computers. The selection of Chrome OS-
based laptops (Chromebooks) at an estimated unit price of Rp 10 million sparked national debate. Educators,
technology analysts, and civil society groups questioned the utility of cloud-dependent hardware in schools
across frontier, outermost, and underdeveloped (3T) regions, where electricity grids and internet coverage
remain inconsistent. Widespread concerns over budget allocation, hardware specifications, and policy
alignment made the Chromebook procurement one of the most visible public controversies in Indonesian
education governance [1].

Despite the national prominence of this controversy, policy evaluations have largely relied on formal
parliamentary hearings and internal administrative audits, leaving the actual distribution and nuance of citizen
opinion largely unquantified. Conventional public opinion surveys are constrained by sampling delays, high
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costs, and social desirability bias. Social media data can fill this empirical gap by capturing spontaneous public
reactions in real time, yet analyzing this discourse requires multi-platform observation. Instagram and YouTube
reflect two distinct communication styles in Indonesia: Instagram comments are typically concise, reactive,
and emoji-heavy, whereas YouTube comment sections under investigative news reports feature longer, multi-
clause arguments. Evaluating both platforms within a balanced framework helps avoid single-source sampling
bias and clarifies how platform interfaces influence public discourse [19].

From an analytical standpoint, user-generated comments in Indonesian pose specific challenges for
Natural Language Processing (NLP). Informal text (bahasa gaul) contains frequent spelling variations, slang,
word shortenings, and code-mixing between Indonesian, regional languages (such as Javanese and Sundanese),
and English [2]. Within this unstructured text, emojis and emoticons serve as visual cues for sentiment, stance,
and tone [6]. While text preprocessing pipelines often strip non-alphanumeric characters, removing emojis
risks discarding affective signals [11]. Conversely, retaining emojis as text tokens is not straightforward. In
Indonesian political discussions, laughing and clown emojis often function as markers of sarcasm or mockery
rather than literal amusement [8]. Whether emoji tokenization aids or hinders sentiment classification on
informal policy discourse remains an open empirical question [9].

Earlier sentiment studies on Indonesian government policies, including evaluations of the BPJS health
system, the Omnibus Law, and curriculum reforms, have largely centered on single-platform Twitter datasets
using standard cleaning routines [3], [13]. Although international studies show that emojis can provide useful
features for sentiment and sarcasm detection [4], [5], [7], others report that adding emoji tokens can increase
feature sparsity without consistent performance gains [9], [14]. Furthermore, while pretrained transformer
models such as IndoBERT and IndoRoBERTa produce high-quality representations [2], their computational
demands limit practical deployment for real-time monitoring. Using a fine-tuned transformer teacher to
generate pseudo-labels for training an interpretable, lightweight linear classifier provides a practical alternative
[24], but the cross-platform stability and emoji sensitivity of this approach have not been tested on Indonesian
public policy controversies.

To address these gaps, this study investigates three research questions: (RQ1) What is the overall and
platform-specific sentiment distribution regarding the Nadiem Makarim Chromebook case on Instagram and
YouTube? (RQ2) How does converting emojis and emoticons into textual tokens (E2) compare with removing
them (E1) when using TF-IDF features and class-weighted Multinomial Logistic Regression? (RQ3) How
stable are the resulting models and cross-platform differences under stratified holdout testing and five-fold
cross-validation in a leakage-free pipeline? This work provides three main contributions: an empirical
assessment of public opinion on the Chromebook procurement controversy using balanced data from two
platforms; a controlled comparison of emoji preprocessing methods in informal Indonesian text; and a
reproducible workflow that combines transformer pseudo-labeling with an interpretable linear baseline.

2. MATERIAL AND METHOD

This study adopts a quantitative text-mining and machine learning design structured into six main
stages: data acquisition and integration, text cleaning and platform balancing, construction of dual emoji
representations, NLP-based teacher pseudo-labeling, TF-IDF feature extraction, and class-weighted Logistic
Regression modeling evaluated under holdout and five-fold cross-validation protocols. The end-to-end
analytical workflow is illustrated in Figure 1.
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Figure 1. Research Methodology
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2.1. Data Sources, Acquisition, and Scope

The research corpus was assembled from publicly accessible user comments on Instagram and YouTube
addressing the Kemendikbudristek Chromebook procurement controversy during the peak discussion period
between 2021 and 2024. Data acquisition targeted high-engagement posts from verified national news outlets,
tech reviewers, and official educational channels using specific Indonesian keywords, including ‘Chromebook
Nadiem’, 'pengadaan laptop Kemendikbud', 'laptop 30 triliun', and 'Chromebook sekolah 3T'. The initial raw
collection yielded 5,002 comments, comprising 2,502 comments from Instagram and 2,500 comments from
YouTube. Non-textual modalities, such as embedded video content, user avatars, and social network graphs,
were excluded to focus strictly on natural language discourse.

Table 1. Data volume across preprocessing stages

Processing Stage Instagram Youtube Total

Raw uploaded data 2,502 2,500 5,002

After removing empty comments 2,502 2,500 5,002
After the within-platform duplicate removal 2,397 2,481 4,878
After text preprocessing 2,397 2,481 4,878

After platform balancing 2,397 2,397 4,794

2.2. Data Cleaning and Platform Balancing

Exported comment files were standardized across platform fields and parsed to ensure UTF-8
compliance. Missing and blank comments were verified; no records were empty. Duplicate comments were
detected by lowercasing text and collapsing redundant whitespace. Deduplication was performed strictly within
each platform rather than globally, recognizing that identical comments across platforms represent distinct user
expressions in separate social ecosystems. This reduced Instagram comments to 2,397 and YouTube comments
to 2,481. Basic cleaning converted text to lowercase, removed URLS, stripped user mentions (@username),
eliminated system interface artifacts, and normalized repetitive punctuation. Hashtags were stripped of the #'
symbol while retaining their lexical content. Because YouTube contained slightly more comments than
Instagram, random undersampling (random_state=42) was applied to YouTube, yielding a balanced corpus of
exactly 2,397 comments per platform and 4,794 comments in total [12], [13]. Balancing prevents evaluation
metrics from being skewed toward the platform with greater observation volume.

2.3.  Emoji and Emoticon Processing Pipeline

Unicode emojis were identified using the Python emoji library, while popular ASCII text emoticons
(suchas"), "(,"D',"XD', ' T_T',and ":v") were extracted via compiled regular expressions. An indicator variable
was created to verify the presence of expressive symbols. In the finalized balanced corpus, every retained
comment contained at least one Unicode emoji or textual emoticon. Consequently, the analyzed corpus
specifically reflects expressive, emoji-bearing public discourse [8].

2.4. Controlled Preprocessing Scenarios

To assess the empirical impact of emoji treatment, two controlled text representations were constructed
from the identical balanced corpus: (1) Scenario E1 (No Emoji): All Unicode emojis were stripped using
emoji.replace_emoji() and textual emoticons were removed via regex; (2) Scenario E2 (Emoji Tokens): Emojis
were converted into standardized descriptive text using emoji.demojize(language="en’) and prefixed with
'emoji_', while text emoticons were translated to canonical Indonesian tokens (e.g., 'emot_senyum’,
‘'emot_sedih’, 'emot_tertawa'). The underscore connector was preserved to treat multi-word emoji descriptors
as atomic unigram features in TF-1DF vectorization [4], [6].

Table 2. Controlled preprocessing scenarios

Experiment Output field Emoji treatment Example
E1: No emoji text_tanpa_emoji Unicode emojis and textual s?mangat pak i
emoticons removed — “semangat pak

“semangat pak °
— ‘semangat pak
emoji_folded_hands®

Unicode emojis demojized;

E2: Emoji tokens  text_dengan_emoji_token emoticons mapped to tokens

2.5.  NLP-Based Automatic Sentiment Pseudo-Labeling

To establish reproducible sentiment labels across the corpus without prohibitive manual annotation
costs, automatic pseudo-labeling was conducted using a state-of-the-art Indonesian deep language model. The
teacher model was wllwo/indonesianroberta-base-sentiment-classifier, an Indonesian ROBERTa architecture
fine-tuned on the SMSA IndoNLU benchmark [2]. SmSA is the definitive sentence-level Indonesian sentiment
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resource, covering positive, negative, and neutral classes. Inference was performed using the Hugging Face
Transformers pipeline with a batch size of 32 and a maximum sequence length of 512 tokens. URLs and user
mentions were removed prior to labeling, while full lexical and emoji context was preserved.

The teacher model assigned a pseudo-label and associated confidence score to each comment. Across
the 4,794 balanced comments, the distribution was 3,688 negative (76.93%), 856 positive (17.86%), and 250
neutral (5.21%), as detailed in Table 3. These labels serve as machine-annotated reference targets. In this
teacher-student setup, downstream Logistic Regression models evaluate how effectively a lightweight linear
classifier can reproduce deep contextual sentiment representations under different text preprocessing schemes
[24].

Table 3. NLP-generated pseudo-label distribution

Pseudo-label Number of Comments Percentage
Negative 3,688 76.93%
Positive 856 17.86%
Neutral 250 5.21%

Total 4,794 100.00%

2.6. TF-IDF Feature Extraction

Text representations E1 and E2 were converted into high-dimensional numerical feature spaces using
scikit-learn's TfidfVectorizer. The extraction configuration used unigrams and bigrams (ngram_range=(1,2)),
sublinear term frequency scaling, min_df=2, max_df=0.98, and a vocabulary limit of 30,000 features. The
Term Frequency-Inverse Document Frequency weight for term t in comment d is computed as Equation 1.

TF-IDF(t,d) = TF(t,d) X log (%m) @

where TF(t, d) is the term frequency in comment d, N is the total number of comments, and DF(t) is the
document frequency. To strictly prevent data leakage, vectorizers were fitted solely on training partitions [15],
[16].

2.7. Downstream Classifier: Scientific Justification for Logistic Regression

Multinomial Logistic Regression was chosen as the downstream classifier based on several practical
and theoretical considerations [13], [17], [33]: (1) Compatibility with High-Dimensional Sparse Feature
Spaces: Extracting unigram and bigram TF-IDF features yields a 30,000-dimensional sparse feature space. In
high-dimensional text settings, linear decision boundaries are often sufficient to separate sentiment classes,
avoiding the computational cost and potential overfitting of non-linear models; (2) Probabilistic
Interpretability: Unlike deep neural networks, Logistic Regression yields explicit weight coefficients (w_K)
corresponding to log-odds changes, allowing direct inspection of which terms and emoji tokens drive class
predictions; (3) Computational Efficiency: With linear training complexity and O(d) inference time, Logistic
Regression operates efficiently on standard hardware without GPU requirements, making it suitable for
continuous data processing; (4) Regularization and Class Weighting: An L2 penalty (C=1.0) limits extreme
weight values caused by collinear informal words, while setting class_weight="balanced' adjusts loss penalties
inversely proportional to class frequencies, directly addressing the 76.93% negative class majority [12], [23].

_ _ exp(wlx+by)
P(y =k I x) - 2]- exp(w]Tx+bj) (2)

The classifier predicts the sentiment class k achieving the maximum posterior probability.
Hyperparameter tuning validated C=1.0 with L-BFGS solver and max_iter=2000, ensuring guaranteed
numerical convergence. Two separate vectorizer-classifier pipelines were trained independently for E1 and E2.

Table 4. Experimental configuration

Component Implemented setting
Platform scope Instagram and YouTube
Final dataset size 4,794 comments; 2,397 per platform
Teacher labeler Indonesian ROBERTa sentiment classifier fine-tuned on SmSA
Text inputs No-emoji text and emoji-token text
TE-IDE Unigrams-bigrams; min_df=2; max_df=0.98; sublinear TF;
max_features=30,000
Classifier Logistic Regression; C=1.0; class_weight=balanced; max_iter=2,000
Holdout test Stratified 80:20 split; random_state=42
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Component Implemented setting
Cross-validation Stratified 5-fold; shuffled; random_state=42
Accuracy and macro-F1; macro-precision, macro-recall,
classification report, confusion matrix

Primary metrics

2.8.  Holdout Training and Testing Protocol

The corpus was partitioned using an 80:20 stratified holdout split (random_state=42), yielding 3,835
training instances and 959 testing instances (738 negative, 171 positive, and 50 neutral). Stratification preserves
exact class proportions across splits [12]. Identical row indices were used for E1 and E2 to ensure a controlled,
paired experimental comparison free of test-set variation bias. Models were evaluated overall and separately
across Instagram (482 test comments) and YouTube (477 test comments) to detect platform-specific behaviors
[19].

2.9. Stratified Five-Fold Cross-Validation

To mitigate variance from single-split partitioning, stratified five-fold cross-validation was conducted
with shuffled folds (random_state=42). TF-IDF vectorization and Logistic Regression were encapsulated
inside scikit-learn Pipelines, guaranteeing that vocabulary extraction and IDF weighting were learned solely
within the training folds. Mean and standard deviation were computed for accuracy and macro F1-score across
all five folds [15], [20].

2.10. Evaluation Metrics and Model Artifact Export

Model evaluation incorporated Accuracy, Macro-Precision, Macro-Recall, and Macro-F1 score,
supplemented by class-specific classification reports and confusion matrices. Macro-F1 was designated as the
primary benchmark metric because it weights all classes equally and penalizes models that achieve high
accuracy merely by overpredicting the majority negative class [21], [22]. Following evaluation, full-dataset
models and transformation pipelines were serialized with complete metadata to ensure scientific reproducibility
[25].

2.11. Ethical Considerations and Research Scope

All analyzed comments were retrieved exclusively from public social media posts, in compliance with
the respective platforms' terms of service and ethical guidelines for internet research [26]. Direct personal
identifiers, usernames, handles, and URLs were purged prior to analysis. The scope of this research is
intentionally bounded: the findings characterize Indonesian public sentiment in emoji-bearing comments on
Instagram and YouTube about the Chromebook case, providing empirical evidence of online public discourse
without asserting legal conclusions.

3. RESULTS AND DISCUSSION
3.1. Data Acquisition, Cleaning, and Balancing Results

The raw dataset comprised 5,002 comments (2,502 Instagram and 2,500 YouTube). Deduplication per
platform eliminated 105 redundant entries from Instagram (reducing the total to 2,397) and 19 from YouTube
(reducing the total to 2,481). Platform balancing via random undersampling on YouTube standardized the
corpus to exactly 2,397 comments per platform, yielding 4,794 final comments. Table 5 details the stages of
data attrition.

Table 5. Data Cleaning and Balancing Results

Stage Instagram Youtube Total

Initial data 2,502 2,500 5,002

After removing blank comments 2,502 2,500 5,002
After removing duplicates per platform 2,397 2,481 4,878
After text preprocessing 2,397 2,481 4,878

After platform balancing 2,397 2,397 4,794

3.2. Emoji and Emoticon Detection Results

Every comment in the balanced corpus contained at least one detected emoji or textual emoticon.
Common emojis included face with tears of joy, clown face, rolling on the floor laughing, and praying/folded
hands, alongside text emoticons like )" and ":v'. This verified that the dataset provided a rich empirical basis
for evaluating the comparative utility of emoji tokenization versus emoji removal in Indonesian text [8], [30].

3.3.  Sentiment Pseudo-Label Distribution across Platforms
The RoBERTa pseudo-labeling revealed that negative sentiment dominated Indonesian public opinion
regarding the Chromebook procurement, accounting for 76.93% (3,688 comments) of the total corpus. Positive
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sentiment comprised 17.86% (856 comments), while neutral sentiment accounted for 5.21% (250 comments).
As visualized in Figure 2, this distribution was consistent across both platforms: Instagram registered 77.22%
negative, 17.40% positive, and 5.38% neutral sentiment, while YouTube registered 76.64% negative, 18.31%
positive, and 5.05% neutral sentiment. This cross-platform consistency demonstrates a clear public consensus
critical of the Chromebook initiative.

Sentiment Percentage by Platform
80 77.2%

76.6%

Sentimen
mmm negatif
mem netral
mmm  positif

Persentage (%)
[%%) Py w [=1] ~
o o o o o

]
o

18.3%

—
o

5.4% 5.0%

instagram youtube
Platform

[=]

Figure 2. Sentiment Percentage by Platform

3.4. Holdout Evaluation and Confusion Matrix Analysis

In the stratified holdout evaluation (959 test comments: 738 negative, 171 positive, 50 neutral), the no-
emoji representation (E1) achieved an accuracy of 0.8321, macro-precision of 0.6738, macro-recall of 0.6711,
and macro-F1 of 0.6725. The emoji-token representation (E2) achieved an accuracy of 0.8352, macro-precision
of 0.6621, macro-recall of 0.6847, and macro-F1 of 0.6722, as shown in Table 6. The overall performance
differences between E1 and E2 were modest, with E2 offering a slight gain in overall accuracy (+0.0031) while
maintaining nearly identical macro-F1.

Table 6. Overall Holdout Evaluation Results

Text Representation Accuracy  Macro Precision  Macro Recall Macro F1
Without Emoji 0.8321 0.6738 0.6711 0.6725
With Emoji Token 0.8352 0.6621 0.6847 0.6722

Figure 3 illustrates the confusion matrix comparison between E1 and E2. Both models demonstrated
high recall on the dominant negative class, correctly predicting 663 negative comments in E1 and 661 in E2.
Notably, E2 improved sensitivity toward the minority classes: correctly classified positive comments increased
from 112 to 116 (improving positive class recall from 0.655 to 0.678), and correctly classified neutral
comments increased from 23 to 24 (raising neutral recall from 0.460 to 0.480). However, this was accompanied
by a minor increase in false-positive classifications as negative, explaining why macro-F1 remained steady
despite higher accuracy and improved recall on minority classes.

Without Emoji With Emoji Token

Accuracy=0.832 | Macro F1=0.672 Accuracy=0.835 | Macro F1=0.672
- 600 - 600
qg', 663 21 54 = 661 28 49
g 500 g 500
p 400 - 400
[~ 53  —
g 2 23 5 gE 20 24 6
3 2 - 300 32 - 300
- 200 - 200
= 54 5 112 & £ 47 8 116 .
g 100 g 100
-0 -0
negatif netral positif negatif netral positif
Prediction Prediction

Figure 3. Comparison between no-emoji and with-emoji-token text representations in the holdout evaluation
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3.5. Platform-Specific Classification Performance

Evaluating the holdout test set by the platform revealed marked performance differences between
Instagram (482 comments) and YouTube (477 comments), as summarized in Table 7. For Instagram, both
representations achieved high efficacy: E1 yielded 0.8672 accuracy and 0.7579 macro-F1, while E2 achieved
0.8672 accuracy and 0.7582 macro-F1. In contrast, YouTube performance was lower: E1 reached 0.7966
accuracy and 0.5937 macro-F1, whereas E2 achieved 0.8029 accuracy and 0.5897 macro-F1. The model
showed higher classification stability on Instagram, whereas YouTube's macro-F1 was 16.85 percentage points
lower, underscoring clear differences in cross-platform text characteristics.

Table 7. Platform-Specific Evaluation Results

Text Representation Platform Test Samples  Accuracy PMa_cr_o Macro Macro F1
recision Recall
Without Emoyji Instagram 482 0.8672 0.7588 0.7592 0.7579
Without Emoji YouTube 477 0.7966 0.6016 0.5875 0.5937
With Emoji Token Instagram 482 0.8672 0.7337 0.7883 0.7582
With Emoji Token YouTube 477 0.8029 0.5952 0.5872 0.5897

3.6. Five-Fold Cross-Validation Performance

Stratified five-fold cross-validation confirmed the stability of the classification architecture across
randomized data partitions. The emoji-token representation (E2) achieved higher average performance than
E1, increasing mean accuracy from 0.8169 + 0.009 to 0.8204 + 0.008, and macro-F1 from 0.6333 + 0.015 to
0.6433 +0.014. These cross-validated gains demonstrate that emoji tokenization provides a small but consistent
positive inductive bias when evaluated across multiple partitions, helping the model capture subtle nuances in
sentiment.

3.7.  Discussion and Scholarly Interpretation

The distribution of sentiment reflects clear public skepticism toward the Chromebook procurement
program. Negative sentiment accounted for 76.93% of the corpus, maintaining consistent levels on both
Instagram (77.22%) and YouTube (76.64%). Reviewing top TF-IDF n-grams and misclassified comments
indicates three primary areas of public concern: (1) Price-to-specification ratio, where users questioned
spending approximately Rp 10 million per unit on dual-core Chrome OS devices, pointing out that general-
purpose Windows laptops with broader offline functionality were available at similar price points; (2)
Infrastructure readiness in 3T schools, with commenters noting that cloud-centric laptops are impractical in
rural areas with unreliable electricity and limited internet access; and (3) Budget transparency, reflected in
frequent comments questioning public procurement procedures. The close alignment in negative proportion
across Instagram and YouTube indicates that critical feedback was consistent across both media types.

A notable outcome of the evaluation is the performance gap between Instagram (macro F1: 0.7582) and

YouTube (macro F1: 0.5897), representing a 16.85 percentage-point difference. This difference relates to the
interaction between platform affordances and language use [19]. Instagram comments in the dataset are largely
short and direct (‘kemahalan untuk spek segitu’, 'gak guna di desa’), producing clear unigram and bigram TF-
IDF features that align well with linear boundaries. In contrast, YouTube comments under news and tech
review videos tend to be longer and contain multi-sentence commentary. Commenters frequently use rhetorical
framing, such as opening with sarcastic praise (‘bagus sekali idenya’) before criticizing the lack of electricity
in village schools. Because TF-IDF treats words independently, positive terms within sarcastic statements shift
the decision score, leading to false positives and lower macro F1 on YouTube.
The limited gain from emoji tokenization (+0.0031 in holdout accuracy, +0.0035 in cross-validation accuracy)
illustrates the pragmatic complexity of emojis in Indonesian political commentary. In discussions of public
policy, emajis rarely convey straightforward emotional states. Tokens such as emoji_face with_tears_of joy,
emoji_clown_face, and emot_tertawa are often used to express ridicule or cynicism toward policy
announcements [8], [32]. When mapped to text tokens, their co-occurrence with both positive words (in ironic
statements) and negative words (in direct critiques) weakens their discriminative utility for linear models.
While emoji tokens helped identify additional positive and neutral cases (raising positive recall from 0.655 to
0.678), their overall effect remains small unless combined with explicit sarcasm detection methods [9], [30].

Comparing these outcomes with prior work supports several established patterns in text mining. The
effectiveness of TF-IDF paired with class-weighted Logistic Regression aligns with findings by Fadri et al. [3],
Pasha et al. [17], and Riswawan [33], indicating that regularized linear models offer dependable, interpretable
baselines for noisy social text. In addition, the teacher-student setup showed that a lightweight classifier can
approximate RoBERTa pseudo-labels with over 83% accuracy without requiring specialized hardware for
inference, providing a viable workflow for continuous monitoring of public discourse [24].
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4, CONCLUSION

This study examined Indonesian public sentiment regarding the Nadiem Makarim Chromebook
procurement controversy across Instagram and YouTube comments, addressing all three research questions.
Regarding RQ1, public sentiment was predominantly negative across both platforms, accounting for 76.93%
of the 4,794 balanced comments (77.22% on Instagram and 76.64% on YouTube), driven by concerns about
device pricing, 3T infrastructure constraints, and procurement transparency. Regarding RQ2 and RQ3,
converting emojis and emoticons into text tokens (E2) yielded a slight improvement over emoji removal (E1)
in five-fold cross-validation (accuracy: 0.8204 vs. 0.8169; macro F1: 0.6433 vs. 0.6333) and improved positive
recall in holdout testing, though holdout macro F1 was essentially equivalent (0.6722 vs. 0.6725). Furthermore,
classification performance was higher on Instagram (macro F1: 0.7582) than on YouTube (macro F1: 0.5897),
indicating that comment length and rhetorical style influence the stability of linear models.

The novelty of this study lies in presenting a platform-balanced empirical analysis of an Indonesian
educational procurement controversy, paired with a controlled evaluation of emoji tokenization in informal
Indonesian text. The results provide an empirical reference point for policy feedback and demonstrate that a
simple, interpretable linear model can effectively replicate deep transformer sentiment labels in resource-
constrained environments.

Future research can build on these findings in three ways: First, incorporating human-labeled evaluation
sets with inter-annotator agreement metrics (such as Cohen's or Fleiss' Kappa) would provide an external
benchmark for transformer pseudo-label accuracy. Second, integrating dedicated sarcasm-detection techniques
could help disambiguate the role of humorous emojis in political comments. Third, applying Aspect-Based
Sentiment Analysis (ABSA) would enable sentiment evaluation across specific policy components, such as
device specifications, procurement pricing, and regional connectivity.
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