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Abstract: Agricultural misinformation on social media poses risks to Indonesian food security and 

farmer livelihoods. False claims about fertilizers, pesticides, crop varieties, and farming practices can 

spread rapidly across social media platforms such as Instagram, YouTube, and Facebook, as well as 

through publicly available datasets, potentially influencing agricultural decisions and outcomes. This 

paper introduces AgriMisinfo-ID, a bilingual, multi-platform dataset for agricultural misinformation 

detection, containing 5,288 labeled samples collected from social media and supplementary public da-

tasets across Indonesian agricultural contexts. A hybrid detection system is proposed that combines an 

ensemble of fine-tuned Transformer models, IndoBERT and XLM-RoBERTa, with a Knowledge Ver-

ification module that cross-references agricultural claims against Wikidata and Wikipedia. Training uses 

Focal Loss to address class imbalance, together with GPT-4o-mini-based paraphrase augmentation for 

minority classes. Across three random seeds, the weighted ensemble achieves an F1-Macro of 0.5870 

± 0.0028 and an accuracy of 0.8027 ± 0.0039 on the test set, outperforming the individual models, a 

TF-IDF/SVM baseline, and an equal-weight ensemble in terms of F1-Macro. The Knowledge Verifi-

cation module provides evidence-based verdicts that can support the inspection and auditability of 

model decisions. This work provides a reproducible benchmark for agricultural misinformation re-

search in bilingual, low-resource settings. 

Keywords: Agricultural misinformation detection; Ensemble learning; IndoBERT; Indonesian NLP; 

Knowledge verification; Misinformation detection; Social media; XLM-RoBERTa. 

 

1. Introduction 

False information can spread faster than corrections, and farming communities may bear 
tangible economic consequences as a result. A viral post claiming that urea fertilizer perma-
nently poisons soil, or that organic pesticides are always safer than synthetic ones, can influ-
ence purchasing decisions across farming networks within a short period. By the time a cor-
rection circulates, farmers may already have switched products, delayed planting, or aban-
doned pest-management practices that were effective [1]. Indonesia makes this problem par-
ticularly relevant. More than 33 million farmers work in a sector that contributes roughly 13% 
of GDP, giving agricultural misinformation potentially significant economic consequences. 
Indonesia also has 212 million internet users and more than 167 million active social media 
accounts [2]. Facebook and Instagram reach over 80% of Indonesian internet users, while 
YouTube ranks second in national platform visits. Farmers use these channels to seek infor-
mation about fertilizer dosages, crop disease symptoms, and pest-control practices, often 
without reliable means of verifying the information they encounter. 
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Automated misinformation detection has advanced rapidly in recent years [3], but much 
of this progress has focused on political news and general hoax detection. In the Indonesian 
context, previous work has addressed political hoaxes [4] and general news classification [5], 
while agricultural claims remain largely unexplored. Agricultural misinformation presents dis-
tinct challenges: it involves domain-specific vocabulary that may not be adequately captured 
by general-purpose models, can combine true and false elements within a single claim, and 
may require a five-category label space that binary hoax classifiers cannot adequately represent 
[6]. Most Indonesian misinformation detection systems use binary labels, such as true or false, 
which may be too coarse for agricultural content. A post claiming that urea is safe at twice 
the recommended dose, for example, may contain a factual element while leading to a poten-
tially harmful conclusion. Agricultural misinformation therefore benefits from a finer-grained 
classification scheme that distinguishes misleading, unverified, and satirical content, together 
with models capable of differentiating among these categories. 

Building such a system is increasingly practical. Pre-trained Transformer models, partic-
ularly IndoBERT [7] and XLM-RoBERTa [8], provide strong Indonesian and multilingual 
text representations, respectively. Structured knowledge sources such as Wikidata and Wik-
ipedia can provide evidence for verifying agricultural claims. Evidence retrieval has also been 
identified as a practical approach for improving the interpretability of misinformation detec-
tion systems [9]. Focal Loss [10] can help address severe class imbalance without requiring 
extremely large amounts of labeled data. These components are therefore integrated into a 
unified detection pipeline for agricultural misinformation. The main contributions of this pa-
per are as follows: 

• A domain-specific dataset is introduced, consisting of 5,288 labeled samples across five 
categories collected from Instagram, YouTube, Facebook, and supplementary public 
sources within Indonesian agricultural contexts. 

• An ensemble-based detection approach is developed by combining IndoBERT and 
XLM-RoBERTa with Focal Loss and GPT-4o-mini-based paraphrase augmentation to 
address multilingual representation and class imbalance. 

• A Knowledge Verification module is incorporated to query Wikidata and Wikipedia and 
provide evidence-based verdicts and human-readable explanations. 
 

The remainder of this paper is organized as follows. Section 2 reviews related work on 
misinformation detection, Indonesian-language misinformation detection, knowledge graph-
enhanced fact verification, and data augmentation for imbalanced NLP. Section 3 presents 
the proposed methodology, including dataset construction, data augmentation, the ensemble 
Transformer architecture, and the Knowledge Verification module. Section 4 presents and 
discusses the experimental results, including overall performance, per-class analysis, confu-
sion matrices, ablation experiments, and Knowledge Verification analysis. Section 5 discusses 
the limitations and practical implications of the study. Finally, Section 6 concludes the paper 
and outlines directions for future research. 

2. Literature Review 

Misinformation detection has attracted substantial research across computational lin-
guistics, information systems, and related fields. This section reviews four bodies of work 
most relevant to the proposed approach: general misinformation and fake news detection 
using Transformer models, Indonesian-language misinformation detection, knowledge 
graph-enhanced fact verification, and data augmentation for imbalanced NLP. 

2.1. Misinformation and Fake News Detection 

Early fake news detection approaches relied on handcrafted features combined with 
classifiers such as SVM and logistic regression [11]. Shu et al. [1] organized this body of work 
into four main families: knowledge-based, style-based, propagation-based, and credibility-
based methods, each based on different assumptions about the signals that distinguish false 
from true content. The introduction of BERT [12] substantially advanced this field; Kaliyar 
et al. [13] showed that BERT-based approaches outperformed earlier methods on fake news 
classification, while subsequent studies explored further improvements using different Trans-
former-based configurations. Dhiman et al. [14] proposed GBERT, a hybrid approach that 
combines GPT-based generation with BERT classification for richer feature extraction. 
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Aljawarneh and Swedat [15] demonstrated that progressive fine-tuning of BERT can improve 
performance on social media datasets. Essa et al. [16] combined BERT with LightGBM and 
reported consistent gains compared with either component alone. Ilie et al. [17] benchmarked 
deep learning architectures across multiple context-aware misinformation datasets, providing 
useful reference points for model selection. 

Ensemble approaches have also become increasingly common in fake news detection. 
Lin et al. [18] showed that combining BERT-based ensembles with sentiment analysis can 
improve the identification of harmful news content. Al-Alshaqi et al. [19] demonstrated that 
combining multiple Transformer models with traditional machine learning classifiers can pro-
vide reliable performance across diverse modalities. Almandouh et al. [20] evaluated ensemble 
approaches across multiple benchmark configurations, while Khan et al. [21] extended en-
semble-based approaches to hybrid Transformer architectures for social media misinfor-
mation detection. Kumar et al. [22] combined BERT and RoBERTa with graph neural net-
works and reported strong binary classification results on FakeNewsNet. Mridha et al. [23] 
reviewed deep learning approaches for fake news detection, while Plikynas et al. [24] found 
that misleading content can be more difficult to detect than outright false claims, highlighting 
the importance of fine-grained classification. 

Knowledge-enhanced detection provides another direction for addressing limitations of 
purely neural approaches, particularly when additional evidence is needed to support model 
predictions. Seddari et al. [25] showed that combining linguistic analysis with knowledge-base 
lookups can improve both accuracy and interpretability on social media datasets. Xie et al. 
[26] incorporated knowledge graphs into heterogeneous graph neural networks for fake news 
detection and reported improvements in recall for minority categories. Joshi et al. [27] devel-
oped a multi-platform explainable detection system using domain adaptation and LIME, with 
user studies reporting increased trust when evidence citations were provided. Kuntur et al. 
[28] surveyed the use of large language models for both misinformation detection and gener-
ation, highlighting the rapidly evolving nature of the field. Gongane et al. [9] reviewed ex-
plainability techniques for misinformation detection and identified evidence retrieval as one 
of the practical approaches for supporting interpretable detection systems. 

2.2. Indonesian Language Misinformation Detection 

Indonesian misinformation detection has grown considerably, although existing cover-
age remains relatively narrow. Rahmawati et al. [4] fine-tuned IndoBERT for political hoax 
detection, establishing IndoBERT as an important baseline for Indonesian text classification. 
Sinapoy et al. [29] compared LSTM and IndoBERT for Twitter hoax detection and reported 
92.07% accuracy for binary classification, although that task involved only two categories. 
Nayoga et al. [5] evaluated CNN, LSTM, and Transformer configurations on an Indonesian 
news hoax corpus. Praha et al. [30] investigated CNN-LSTM transfer learning for fake news 
classification and reported stronger performance for LSTM-based configurations. Safira and 
Setiawan [31] compared Bi-LSTM and 1D-CNN approaches for social media hoax detection, 
while Pekandi [32] evaluated IndoBERT against ensemble and CNN-LSTM variants and re-
ported 92.24% accuracy on 6,120 articles. Sagama and Alamsyah [33] applied BERT and RoB-
ERTa to Indonesian online toxicity classification, further demonstrating the applicability of 
Transformer-based models to Indonesian text. 

Two additional studies extend Indonesian NLP classification to directions relevant to 
this work. Sirusstara et al. [34] applied RoBERTa to clickbait detection in Indonesian news 
headlines, demonstrating the applicability of Transformer models to subtler forms of content 
manipulation. Laimeheriwa et al. [35] surveyed Indonesian hoax analysis and fake news de-
tection using deep learning and identified challenges including limited labeled data and do-
main-specific vocabulary gaps. Taken together, these studies demonstrate the applicability of 
Transformer-based models to Indonesian text classification while also highlighting the con-
tinued need for domain-specific datasets and methods. However, the reviewed studies do not 
specifically address agricultural misinformation using a five-class label scheme together with 
structured knowledge verification. AgriMisinfo-ID addresses these gaps by combining a do-
main-specific agricultural misinformation dataset, fine-grained classification, and knowledge 
verification. 

Firmawan [36] demonstrated that SHAP can produce higher faithfulness scores than 
attention-based explanations across Transformer-based NLP models under domain shift, 
providing empirical support for the use of perturbation-based evidence scoring in the 
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Knowledge Verification module. Darnoto [37] applied transfer fine-tuning guided by linguis-
tic similarity to Indonesian regional-language sentiment analysis and showed that IndoBERT 
and XLM-R provide complementary strengths under low-resource conditions, providing sup-
porting evidence for the use of complementary Transformer models in the proposed ensem-
ble. 

2.3. Knowledge Graph-Enhanced Fact Verification 

Fact verification using structured knowledge sources predates the widespread adoption 
of deep learning. FEVER [38] established Wikipedia-grounded verification as a standard eval-
uation framework and remains widely used for benchmarking fact-checking systems. Kim et 
al. [39] extended this direction to multi-hop reasoning over knowledge graphs, showing how 
structured sources can support the verification of complex claims. Chen et al. [40] reviewed 
knowledge graph completion methods that underpin evidence retrieval in automated fact-
checking pipelines. Xie et al. [26] applied knowledge graph enhancement specifically to fake 
news detection and reported improved recall for minority categories, which is particularly 
relevant to the class imbalance encountered in AgriMisinfo-ID. 

The motivation for combining neural prediction with knowledge verification lies not 
only in classification performance but also in the availability of supporting evidence. Seddari 
et al. [25] reported measurable accuracy improvements from combining linguistic analysis 
with knowledge-base lookups while also highlighting the interpretability benefits of the hybrid 
approach. Joshi et al. [27] found that explainable systems providing cited evidence can in-
crease user trust compared with black-box classifiers across multiple social media platforms. 
Gongane et al. [9] reviewed explainability techniques and identified evidence retrieval as one 
of the practical approaches for deployment-oriented misinformation detection. Golda et al. 
[41] further discussed the potential of hybrid systems that combine neural models with struc-
tured knowledge, particularly in high-stakes domains. These studies provide supporting mo-
tivation for incorporating structured knowledge verification alongside neural misinformation 
classification. 

2.4. Data Augmentation for Imbalanced NLP 

Class imbalance is a persistent challenge in misinformation datasets, where false and sa-
tirical content may occur much less frequently than true or unverified posts. Sahin [42] bench-
marked text augmentation techniques for low-resource NLP across multiple languages and 
found that augmentation can improve F1 performance on minority classes, with the benefits 
depending on the severity of class imbalance. Muftie and Haris [43] evaluated IndoBERT-
based selective word insertion for Indonesian text classification and reported improvements 
over random-insertion baselines on Twitter data. Kim et al. [39] showed that augmented train-
ing combined with focused contrastive loss can achieve strong performance on imbalanced 
classification tasks, providing supporting motivation for combining augmentation with Focal 
Loss in AgriMisinfo-ID. 

Among different augmentation strategies, LLM-based paraphrase generation provides 
an effective way to expand minority classes while preserving the semantic content of the 
original samples. Compared with rule-based approaches such as synonym substitution or ran-
dom insertion, LLM-generated paraphrases can introduce lexical variation while retaining do-
main-specific terminology and sentence structure. This consideration is particularly relevant 
to agricultural text, where terms such as urea, NPK, and varietas unggul need to be preserved 
accurately to avoid introducing noise into the training data.  

A critical consideration in text augmentation is the potential introduction of label noise. 
Paraphrases that alter the factual meaning of a claim may effectively change its original label 
and consequently corrupt the training signal. In this study, GPT-4o-mini was instructed to 
preserve the original claim's meaning and agricultural context while varying its wording. A 
quality-filtering procedure was then applied to exclude paraphrases whose semantic content 
diverged substantially from the source according to a sentence-level semantic similarity 
threshold. Only paraphrases that passed this filtering process were included in the training 
set. 
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3. Method 

This section describes the four main components of AgriMisinfo-ID: dataset construc-
tion, data augmentation, the ensemble Transformer architecture, and the Knowledge Verifi-
cation module. 

3.1. Dataset Construction 

AgriMisinfo-ID was constructed through a five-stage pipeline comprising data collec-
tion, preprocessing, annotation, dataset splitting, and training-set augmentation. Figure 1 il-
lustrates the overall dataset construction pipeline and the flow of posts through these stages. 
Data were collected from social media sources and supplementary public datasets, followed 
by preprocessing and annotation. After annotation, the dataset was divided into training, val-
idation, and test partitions using stratified sampling. Data augmentation was then applied ex-
clusively to the training partition to address class imbalance. 

 

Figure 1. AgriMisinfo-ID dataset construction pipeline across five stages. 

3.1.1. Data Collection 

Agricultural content was actively collected between January 2020 and December 2024 
from four sources: YouTube through Data API v3, Instagram and Facebook through Apify 
cloud scraping, and supplementary public datasets including KisanVaani English Q&A and 
Indonesian hoax collections. The collection used 36 domain-specific keywords and hashtags 
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in Indonesian and English, covering fertilizers (pupuk, urea, NPK, kompos), pesticides (pes-
tisida, insektisida, fungisida), crop diseases (hama, penyakit tanaman), and farming practices 
(pertanian organik, hidroponik, varietas unggul). The raw collection produced 12,302 posts 
before deduplication. To support reproducibility, the data collection scripts, preprocessing 
pipeline, and annotation guidelines are publicly available through the project repository, to-
gether with the dataset released under a CC BY-SA 4.0 license. 

Figure 1 shows how the collected posts move through the preprocessing stages. Prepro-
cessing included MD5-based deduplication, Indonesian slang normalization using a 200-entry 
dictionary, language detection, and length filtering to retain posts between 20 and 2,000 char-
acters. After all filtering steps were applied, 5,288 posts remained. 

Keyword selection followed a two-stage process. In the first stage, an initial keyword set 
was derived from Indonesian Ministry of Agriculture extension materials and three previous 
studies on agricultural misinformation in South and Southeast Asia. In the second stage, the 
keyword set was expanded by analyzing frequently co-occurring terms in a 500-post pilot 
collection. Terms that frequently appeared in agricultural misinformation contexts but were 
absent from the initial list were added. The final set of 36 keywords covers major categories 
of agricultural misinformation, including fertilizer safety, pesticide toxicity, GMO crop claims, 
crop disease remedies, and farming-practice myths. 

3.1.2. Annotation 

GPT-4o-mini, accessed through the OpenRouter API, was used for weak labeling and 
was prompted to act as an agricultural fact-checking expert. The use of LLMs as annotators 
has been investigated in previous studies. Gilardi et al. [44] showed that ChatGPT can out-
perform crowd workers on annotation tasks including stance, topic, and frame detection 
across 6,183 tweets and news articles, while He et al. [45] demonstrated that GPT-3.5 can 
match or exceed crowdsourced annotators through an explain-then-annotate framework. 

Five categories were assigned: True, referring to factually accurate claims; False, referring 
to claims that contradict established agricultural science; Misleading, referring to partially cor-
rect claims framed deceptively; Unverified, referring to claims that cannot be confirmed or 
refuted using the available sources; and Satire, referring to clearly humorous content that is 
not intended as factual information. Two domain experts independently reviewed 528 sam-
ples selected through stratified random sampling by class: True (212), Unverified (232), Mis-
leading (68), False (12), and Satire (4). Cohen's Kappa between the two experts was 0.74, 
indicating reliable inter-annotator agreement, while the model–expert Kappa between GPT-
4o-mini and the expert consensus was 0.71, indicating substantial agreement [46]. 

The five label categories were defined with reference to the agri-food misinformation 
taxonomy. True posts contain claims that can be verified against authoritative agricultural 
sources. False posts directly contradict established agricultural science. Misleading posts con-
tain accurate facts framed to lead toward an incorrect conclusion. For example, a post may 
state that a fertilizer increases yield by 300% under controlled conditions while implying that 
the same increase can be achieved under typical smallholder conditions. Unverified posts 
cannot be confirmed or refuted using the available sources. Satire posts are clearly humorous 
and are not intended as factual claims. 

Annotator training was conducted before the validation review. Each expert received 
the category definitions, five annotated examples for each category, and a borderline-case 
guide covering common ambiguities, particularly between Misleading and Unverified. Disa-
greements occurred on 73 of the 528 validated samples (13.8%) and were resolved through a 
third adjudication round in which both experts discussed each case until consensus was 
reached. 

3.1.3. Label Distribution 

The final dataset contains 5,288 samples distributed across five categories: True (40.1%, 
n = 2,120), Unverified (44.0%, n = 2,330), Misleading (12.9%, n = 684), False (2.3%, n = 
120), and Satire (0.6%, n = 34). Posts span 2014 to 2024 by their original creation date. The 
posts from 2014–2019 originate from supplementary public datasets, including KisanVaani 
Q&A and Indonesian hoax collections, whereas scraped content covers 2020–2024. Indone-
sian-language posts account for 37.1% of the dataset, while English-language posts account 
for 62.9%. Accordingly, AgriMisinfo-ID is treated as a bilingual dataset covering Indonesian 
agricultural contexts. 
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The raw source distribution comprises 4,098 YouTube posts, 608 Instagram posts, 5 
Facebook posts, and 1,221 posts from supplementary public datasets. Because some posts 
appeared in both scraped and public dataset collections, the source counts are not mutually 
exclusive: the raw counts sum to 5,932 (4,098 + 608 + 5 + 1,221), and 644 posts that appeared 
in multiple source categories were identified and removed by MD5-based deduplication, yield-
ing 5,288 unique posts. The dataset was subsequently divided using stratified sampling into 
training (70%, n = 3,701), validation (15%, n = 793), and test (15%, n = 794) partitions. 

The relatively high proportion of Unverified samples (44.0%) reflects the difficulty of 
verifying agricultural claims in a low-resource setting. Many agricultural posts contain plausi-
ble claims about crop varieties, soil treatments, or pest-control methods that cannot be con-
firmed or refuted without access to localized agricultural extension information, which is not 
always available in structured form. This distribution therefore highlights the verification chal-
lenge addressed by the Knowledge Verification module. 

The False (2.3%) and Satire (0.6%) categories are substantially underrepresented relative 
to the other categories. This class distribution creates a potential bias toward majority classes 
during model training. The data augmentation strategy described in Section 3.2 and the Focal 
Loss objective described in Section 3.3.1 are therefore used to mitigate the effects of class 
imbalance. 

3.2. Data Augmentation 

The False and Satire categories contained only 84 and 24 training samples, respectively, 
creating a substantial imbalance relative to the majority classes. GPT-4o-mini was used to 
generate three to five paraphrases per minority-class sample while preserving the agricultural 
context and varying the wording. Figure 2 presents the class distribution before and after 
augmentation on the training split. 

 

Figure 2. Training-set class distribution before and after data augmentation. 

Augmentation was applied exclusively to the training partition after stratified splitting. 
The validation and test sets contain only original posts, and no augmented paraphrase was 
allowed to cross partition boundaries. False samples increased from 84 to 400, Satire from 24 
to 150, and Misleading from 478 to 500. True and Unverified samples were trimmed to 800 
and 600, respectively, to reduce majority-class dominance. After quality filtering, 464 aug-
mented samples were retained (False: +316, Satire: +126, Misleading: +22) and added to the 
training data. Of the 3,701 original training samples, 1,715 majority-class samples were re-
moved during trimming (True: 1,484 → 800, removing 684; Unverified: 1,631 → 600, remov-
ing 1,031). The final training set therefore contains 1,986 original retained samples plus 464 
augmented paraphrases, for a total of 2,450 samples (True 800 + Unverified 600 + Misleading 
500 + False 400 + Satire 150 = 2,450). 

Quality control was performed in two stages. First, GPT-4o-mini was prompted to pre-
serve the original claim meaning, agricultural context, and label while varying only the wording 
and sentence structure. Second, a semantic similarity filter was applied. Paraphrases with 
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cosine similarity below 0.65 or above 0.98 relative to the source sentence, computed using 
multilingual sentence embeddings, were discarded. The lower threshold was used to ensure 
sufficient semantic similarity, while the upper threshold was intended to exclude near-exact 
duplicates that provide limited additional training value. After filtering, 464 paraphrases 
passed the quality-control procedure. 

The target class distribution after augmentation and trimming was selected to balance 
minority-class exposure while preserving sufficient majority-class training data. False and Sat-
ire were increased to 400 and 150 samples, respectively, while True and Unverified were re-
duced to 800 and 600 samples. These target values were selected empirically by comparing 
validation F1-Macro across several configurations before selecting the final configuration. 

3.3. System Architecture 

The overall architecture of the proposed AgriMisinfo-ID detection system is illustrated 
in Figure 3. The system consists of two parallel branches: an ensemble Transformer branch 
for text classification and a Knowledge Verification branch for evidence-based claim verifi-
cation. The outputs of the two branches are subsequently combined through a fusion layer 
to produce the final prediction, confidence score, and explanation. 

 

Figure 3. Overall architecture of the AgriMisinfo-ID detection system. 

Each component addresses a specific characteristic of the dataset and classification task. 
IndoBERT is used because it was pre-trained on Indonesian Wikipedia, news articles, and 
social media text, providing representations suited to Indonesian linguistic patterns, including 
informal language, abbreviations, and code-switching. XLM-RoBERTa is included because 
62.9% of the dataset is in English, providing multilingual representations that complement 
the Indonesian-focused capabilities of IndoBERT. The two models are therefore used as 
complementary components of the ensemble. 

Focal Loss is used instead of standard cross-entropy to mitigate the effects of severe 
class imbalance. Standard cross-entropy may allow majority-class examples to dominate the 
optimization process, whereas Focal Loss down-weights easy examples and places greater 
emphasis on difficult cases, including minority-class samples. Knowledge Verification is 
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incorporated because agricultural claims may depend on specific numerical facts or biological 
relationships that cannot necessarily be verified from textual patterns alone. 

3.3.1. Ensemble Transformer 

IndoBERT [7] was pre-trained on Indonesian Wikipedia, news, and social media text, 
while XLM-RoBERTa [8] was trained across 100 languages using 2.5 terabytes of Com-
monCrawl data. Both models were fine-tuned for five-class classification using a maximum 
sequence length of 256, an effective batch size of 64, consisting of a per-device batch size of 
32 with two gradient-accumulation steps, a cosine learning-rate schedule with 10% warmup, 
weight decay of 0.01, label smoothing of 0.1, and a maximum of 10 epochs with early stopping 
based on validation F1-Macro with a patience of three epochs. Training was performed on 
an NVIDIA A100-SXM4-40GB GPU. 

Focal Loss [9] was configured with a gamma value of 2.0 and class-balanced alpha 
weights. The loss down-weights easy examples and directs greater gradient emphasis toward 
difficult minority-class cases [47]. The ensemble combines the two model probability distri-

butions using weighted soft voting 𝑃ensemble = 0.6𝑃IndoBERT + 0.4𝑃XML−R. The 0.6/0.4 
weighting was selected through a grid search on the validation set with increments of 0.1. 
IndoBERT received the higher weight because it achieved stronger F1-Macro performance 
on the validation data, particularly for the Misleading and Unverified categories. This 
weighting is also consistent with findings reported by Darnoto [37] regarding the comple-
mentary strengths of IndoBERT and XLM-R in Indonesian text classification. 

Label smoothing with a smoothing rate of 0.1 was applied to reduce overconfident pre-
dictions during training. Gradient accumulation over two steps was used to obtain an effective 
batch size of 64 without exceeding GPU memory limitations. Early stopping with a patience 
of three epochs based on validation F1-Macro was used to limit overfitting while allowing 
sufficient training time for minority-class representations to stabilize. The final ensemble 
weights were selected exclusively using the validation set. The grid search evaluated combi-
nations from 0.1/0.9 to 0.9/0.1 and selected the configuration that maximized validation F1-
Macro. 

3.3.2. Knowledge Verification Module 

The Knowledge Verification module performs evidence retrieval to complement the 
predictions generated by the Transformer ensemble. Entity extraction uses pattern matching 
against a 50-term agricultural dictionary covering fertilizers, pests, crops, and agrochemicals. 
The dictionary is supported by a local knowledge base containing 15 entity profiles derived 
from Indonesian agricultural extension publications. Matched entities trigger searches across 
three knowledge sources: the local knowledge base, Indonesian Wikipedia through the Me-
diaWiki API, and Wikidata through SPARQL [48]. 

Retrieved evidence items are scored according to keyword overlap between the input 
claim and the retrieved snippets. A knowledge score (KS) above 0.65 produces a supported 
verdict, a score below 0.35 produces a refuted verdict, and scores between these thresholds 
produce an insufficient_evidence verdict. Each verdict is accompanied by a cited explanation 
[9]. The Knowledge Verification output is then combined with the machine-learning predic-

tion using 𝑃final = 0.7𝑃ML + 0.3𝑃KV. When no agricultural entities are detected, the system 
falls back to the ML-only prediction. 

The three knowledge sources serve complementary purposes. The local knowledge base 
provides high-precision evidence through 15 manually curated entity profiles derived from 
Indonesian Ministry of Agriculture publications. These profiles cover commonly misrepre-
sented agricultural facts, including fertilizer composition, recommended pesticide dosages, 
and crop-variety characteristics. Wikipedia provides broader coverage but may return snippets 
that do not directly address the claim. Wikidata provides structured fact triples that can be 
queried precisely but is limited to entities represented in the knowledge graph. Evidence from 
the three sources is aggregated into a single knowledge score, with greater weight assigned to 
evidence from the local knowledge base. 

The 0.7/0.3 ML–KV fusion weights were selected through a validation-set grid search 
that evaluated combinations from 0.5/0.5 to 0.9/0.1 in increments of 0.05. The selected con-
figuration provided a balance between the contribution of the Knowledge Verification signal 
and the overall classification performance. 
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4. Results and Discussion 

This section evaluates the proposed AgriMisinfo-ID system across five dimensions: ex-
perimental setup, overall model performance, per-class performance, confusion-matrix anal-
ysis, ablation of the training components, and Knowledge Verification analysis. Because the 
dataset is substantially imbalanced, F1-Macro is treated as the primary evaluation metric, while 
accuracy and F1-Weighted are reported as complementary measures. 

4.1. Experimental Setup 

All experiments were conducted on an NVIDIA A100-SXM4-40GB GPU using 
PyTorch 2.6.0 and Hugging Face Transformers 4.35. All reported results are from the primary 
evaluation run. To assess robustness, the ensemble was additionally evaluated across three 
random seeds (42, 123, 456), yielding F1-Macro of 0.5870 ± 0.0028 and accuracy of 0.8027 
± 0.0039, confirming stability of the reported results. Model selection and hyperparameter 
tuning were performed using the validation set, with F1-Macro as the selection criterion. The 
test set was used only after the model configurations and hyperparameters had been finalized. 
The baseline classifier used TF-IDF features based on unigrams and bigrams, with a maxi-
mum vocabulary of 50,000 features and sublinear term-frequency scaling, followed by a 
LinearSVC classifier with class-balanced weights. 

F1-Macro was selected as the primary metric because of the pronounced class imbalance 
in the test set. Satire accounts for only 0.6% of the test samples (n = 5), while False accounts 
for 2.3% (n = 18). Under such a distribution, accuracy can obscure poor performance on 
minority classes. For example, a classifier that always predicts the majority class, Unverified, 
would achieve 44.1% accuracy but an F1-Macro of only 0.12. F1-Macro assigns equal im-
portance to all classes regardless of their support and therefore provides a more informative 
assessment of whether the models can distinguish the five misinformation categories. F1-
Weighted is additionally reported because it reflects performance while accounting for the 
observed class distribution. 

The TF-IDF/LinearSVC configuration provides a conventional text-classification refer-
ence against which the benefits of contextual Transformer representations can be assessed. 
Class-balanced weighting was applied to the SVM objective to reduce the dominance of the 
majority classes during training. The resulting baseline therefore provides a stronger compar-
ison than an unweighted traditional classifier while remaining computationally simpler than 
the proposed Transformer-based models. 

4.2. Overall Performance 

Table 1 summarizes the overall performance of the evaluated models on the test set. 
Because the dataset is highly imbalanced, F1-Macro is considered the primary metric, while 
accuracy and F1-Weighted are reported as complementary measures. The majority-class base-
line achieves an F1-Macro of only 0.1224, illustrating the difficulty of obtaining balanced per-
formance across the five classes by relying primarily on the dominant category. 

Table 1. Overall performance on the test set 

Model Accuracy F1-Macro F1-Weighted 

SVM + TF-IDF (Baseline) [11] 0.7406 0.5206 0.7367 

IndoBERT [7] 0.7834 0.5809 0.7822 

mBERT (bert-base-multilingual-cased) 0.7355 0.4454 0.7274 

XLM-RoBERTa [8] 0.7708 0.4978 0.7702 

Ensemble (Ours) 0.8048 0.5871 0.8032 

 

The SVM + TF-IDF baseline achieves an F1-Macro of 0.5206, indicating that conven-
tional lexical representations can capture some discriminative patterns in agricultural misin-
formation. However, IndoBERT achieves a higher F1-Macro of 0.5809, together with an 
accuracy of 0.7834 and an F1-Weighted score of 0.7822. This improvement suggests that 
contextual representations are better suited to capturing the linguistic patterns required for 
distinguishing the five misinformation categories. 
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mBERT obtains the lowest F1-Macro among the Transformer-based models, at 0.4454, 
despite achieving an accuracy of 0.7355. XLM-RoBERTa performs better than mBERT, 
reaching an F1-Macro of 0.4978, but remains below IndoBERT. These results suggest that 
multilingual pre-training alone does not necessarily provide an advantage for this task. The 
stronger performance of IndoBERT may be related to its Indonesian-focused pre-training, 
which is potentially better aligned with the linguistic characteristics of a substantial portion of 
the dataset. 

The ensemble achieves the highest scores across all three evaluation metrics, with an 
accuracy of 0.8048, an F1-Macro of 0.5871, and an F1-Weighted score of 0.8032. Multi-seed 
evaluation across three seeds (42, 123, 456) confirmed result stability (F1-Macro: 0.5870 ± 
0.0028). The improvement over IndoBERT in F1-Macro is relatively modest, indicating that 
the principal benefit of combining the two Transformer models is not a large increase in 
aggregate performance but potentially more balanced predictions across the five categories. 
This observation is particularly relevant for the present task because the minority classes are 
substantially smaller than the True and Unverified categories. 

Taken together, the results in Table 1 indicate that Transformer-based models provide 
stronger macro-averaged performance than the conventional SVM + TF-IDF baseline, with 
IndoBERT providing the strongest individual-model performance and the ensemble achiev-
ing the highest overall F1-Macro. However, the differences among the models should be 
interpreted alongside the per-class results, as macro-averaged performance alone does not 
reveal which misinformation categories remain difficult to classify. These class-level differ-
ences are examined in Section 4.3. 

4.3. Per-Class Performance 

Overall F1-Macro provides a useful summary of model performance, but it can conceal 
substantial differences across individual misinformation categories. Table 2 presents the per-
class F1-scores together with the corresponding test-set support, allowing the performance 
of each category to be interpreted in relation to the number of available test samples. 

Table 2. Per-class F1-score on the test set 

Label Support SVM IndoBERT XLM-R Ensemble 

True 318 0.7889 0.8380 0.8308 0.8549 

False 18 0.1600 0.3529 0.2632 0.3125 

Misleading 103 0.5370 0.6190 0.5899 0.6479 

Unverified 350 0.7836 0.8086 0.8053 0.8345 

Satire 5 0.3333 0.2857 0.0000 0.2857 

 

The ensemble achieves its strongest performance on the two most prevalent categories, 
True and Unverified, with F1-scores of 0.8549 and 0.8345, respectively. These categories have 
substantially larger test-set support (n = 318 and n = 350), providing considerably more ex-
amples for learning and evaluation. The ensemble also performs best on the Misleading cat-
egory, achieving an F1-score of 0.6479 compared with 0.6190 for IndoBERT and 0.5899 for 
XLM-RoBERTa. The 2.89 percentage-point improvement over IndoBERT suggests that 
combining complementary Transformer representations may be particularly useful for con-
tent that contains both factual and misleading elements. 

The Misleading category is especially important for this application because such posts 
may contain genuine agricultural facts while framing them in a way that leads to an incorrect 
or unsupported conclusion. The relatively lower F1-score compared with True and Unveri-
fied therefore indicates that distinguishing subtle semantic manipulation remains challenging 
even for the ensemble. This result is consistent with the motivation for using a fine-grained 
five-class formulation rather than a binary true/false classification. 

Performance on the False and Satire categories is considerably lower. The ensemble 
achieves F1-scores of 0.3125 for False and 0.2857 for Satire. However, these values should 
be interpreted cautiously because the corresponding test supports are only 18 and 5 samples, 
respectively. The limited number of original minority-class examples means that a small num-
ber of prediction changes can substantially affect the resulting F1-score. Therefore, these 
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results provide evidence of the difficulty of minority-class recognition but should not be in-
terpreted as definitive estimates of generalization performance for these categories. 

The comparison among models also reveals different strengths. IndoBERT achieves the 
highest F1-score on the False category (0.3529), while the ensemble performs better on True, 
Misleading, and Unverified. XLM-RoBERTa obtains an F1-score of 0.0000 on Satire, whereas 
IndoBERT and the ensemble both obtain 0.2857. The latter result suggests that the Indone-
sian-focused representation provided by IndoBERT may offer some advantage for this cate-
gory, although the extremely small support of five samples prevents a strong conclusion about 
the underlying cause. Overall, the per-class results show that the ensemble's improvement is 
concentrated primarily in the better-represented and practically important categories, partic-
ularly Misleading. At the same time, the persistent weakness on False and Satire indicates that 
class balancing and ensemble learning alone do not fully resolve the scarcity of minority-class 
evidence. This pattern motivates the subsequent confusion-matrix analysis, which examines 
the specific error patterns underlying these aggregate per-class scores. 

4.4. Confusion Matrix Analysis 

Figures 4–6 present the normalized confusion matrices for IndoBERT, XLM-RoB-
ERTa, and the proposed ensemble, respectively. All percentages shown in the confusion ma-
trices are row-normalized, with each value representing the proportion of all samples belong-
ing to the corresponding true class. Thus, the values within each row sum to 100%. The 
analysis focuses on the dominant error patterns across the five misinformation categories and 
provides additional insight into the class-level results reported in Table 2. 

 

Figure 4. Normalized confusion matrix for IndoBERT. 

 

Figure 5. Normalized confusion matrix for XLM-RoBERTa. 
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Figure 6. Normalized confusion matrix for the proposed ensemble. 

Across the three models, two error patterns are particularly notable. First, a substantial 
proportion of Misleading posts are classified as True. For the ensemble, 52.9% of the mis-
classified Misleading samples, corresponding to 18 of 34 errors, are assigned to the True cat-
egory. This pattern is plausible given the definition of Misleading content, as such posts may 
contain genuine agricultural facts while introducing an incorrect, exaggerated, or unsupported 
conclusion. Consequently, semantic overlap with legitimate agricultural information can make 
these samples difficult to distinguish from genuinely True posts. 

Second, False posts are frequently classified as Unverified. For the ensemble, 53.8% of 
the misclassified False samples, corresponding to 7 of 13 errors, are assigned to the Unverified 
category. This behavior suggests that the model can recognize uncertainty around a claim but 
may lack sufficient information to confidently distinguish a demonstrably false claim from 
one for which evidence is unavailable. Although this tendency may reduce the risk of incor-
rectly classifying false agricultural claims as True, it also highlights a limitation of text-based 
classification: distinguishing False from Unverified may require external evidence beyond lin-
guistic information alone. 

The error proportions of 52.9% and 53.8% are calculated only among the misclassified 
samples within the respective true classes and therefore differ from the row-normalized per-
centages displayed in Figures 4–6, where all samples in each true class are used as the denom-
inator. The confusion matrices were generated from the same test-set predictions used to 
calculate the per-class F1-scores reported in Table 2. 

The comparison across the three confusion matrices further illustrates the differences 
observed in the per-class results. The ensemble exhibits a more diagonal-dominant pattern 
for the better-represented categories, particularly True, Misleading, and Unverified, indicating 
fewer off-diagonal predictions for these classes. XLM-RoBERTa shows substantial off-diag-
onal mass for Satire, consistent with its zero F1-score for this category in Table 2. IndoBERT 
provides intermediate behavior, with stronger performance on False and Satire than XLM-
RoBERTa but weaker performance than the ensemble on several of the more populated cat-
egories. 

These confusion patterns also help explain why the overall improvement of the ensem-
ble is relatively modest despite its higher F1-Macro. The ensemble does not eliminate the 
fundamental ambiguity between Misleading and True or between False and Unverified. In-
stead, its contribution appears to be concentrated in reducing errors among the better-repre-
sented categories while providing complementary information for more difficult cases. This 
interpretation is consistent with the per-class results in Table 2, where the ensemble achieves 
its largest gains on True, Misleading, and Unverified rather than on the two smallest classes. 

These observations have practical implications for the proposed system. A text classifier 
can capture linguistic and contextual patterns associated with misinformation, but its ability 
to determine whether a specific agricultural claim is factually supported remains limited with-
out access to external evidence. The frequent confusion between False and Unverified there-
fore provides a direct motivation for the Knowledge Verification module introduced in 
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Section 3.3.2. Rather than treating every uncertain prediction as an isolated classification er-
ror, external agricultural evidence can potentially help distinguish claims that are genuinely 
false from those for which sufficient evidence is unavailable. 

These findings indicate that the principal challenge is not simply distinguishing misin-
formation from factual content, but separating categories that share substantial semantic 
overlap. In particular, the Misleading category requires the model to recognize when accurate 
information is combined with an inappropriate conclusion, whereas the False–Unverified 
boundary may require evidence beyond surface-level linguistic patterns. These observations 
further support the use of fine-grained classification together with evidence-based verification 
for agricultural misinformation detection. 

4.5. Ablation Study 

Table 3 isolates the contribution of Focal Loss and data augmentation using IndoBERT 
on the validation set (n = 793). All configurations in this table are evaluated on the validation 
set, while the corresponding test-set results are reported in Table 1. 

Table 3. Ablation study on the validation set (IndoBERT base) 

Configuration F1-Macro Gain vs. Baseline 

Cross-entropy, no augmentation (Baseline) 0.4843 — 

+ Focal Loss only 0.5491 +0.0648 

+ Augmentation only 0.5123 +0.0280 

+ Focal Loss and Augmentation 0.5809 +0.0966 

Ensemble (Ours) 0.6381 +0.1538 

 

The baseline configuration using standard cross-entropy without augmentation obtains 
an F1-Macro of 0.4843. Adding Focal Loss increases the score to 0.5491, corresponding to a 
gain of 6.48 percentage points. Augmentation alone produces a smaller improvement to 
0.5123, or 2.80 percentage points. When both techniques are applied, F1-Macro increases to 
0.5809, representing a total gain of 9.66 percentage points over the baseline. The combined 
improvement is slightly larger than the sum of the individual gains (6.48 + 2.80 = 9.28 points), 
suggesting a complementary interaction between the two techniques rather than independent 
additive effects [46]. 

This interaction is consistent with the role of the two components during training. Focal 
Loss places greater emphasis on difficult examples, but its effectiveness depends on having 
sufficient minority-class examples from which to learn difficult patterns. The original training 
set contained only 84 False and 24 Satire samples. Augmentation increases the number and 
lexical diversity of minority-class examples, thereby providing Focal Loss with a broader set 
of difficult instances. The results therefore suggest that augmentation and loss reweighting 
address different aspects of the same imbalance problem. 

Adding XLM-RoBERTa as the ensemble partner further increases the validation F1-
Macro to 0.6381. This result suggests that the second Transformer provides complementary 
information beyond what the IndoBERT configuration using Focal Loss and augmentation 
provides. However, because this value differs from the 0.5870 ± 0.0028 reported for the 
ensemble in Table 1, the distinction between validation and test results should be maintained 
explicitly throughout the manuscript. 

The ablation results therefore support the inclusion of both Focal Loss and augmenta-
tion in the training pipeline, while also indicating that the ensemble contribution should be 
interpreted separately from the training-component gains. In particular, the validation results 
demonstrate component-level effects, whereas the test-set results in Table 1 provide the final 
held-out evaluation. 

4.6. Knowledge Verification Analysis 

The Knowledge Verification (KV) module is intended to provide evidence-based infor-
mation that is not directly available from the text classification signal. Its effectiveness is 
therefore better characterized by its coverage and behavior across different evidence verdicts 
than by its contribution to a single aggregate classification metric. 
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Agricultural entities were detected in 74.3% of the test posts (n = 590), indicating that 
the current entity dictionary and knowledge sources can be applied to a substantial portion of 
the test set. Among these posts, the retrieved evidence produced three verdicts: supported 
(38.2%), insufficient_evidence (41.5%), and refuted (20.3%). The relatively large proportion 
of insufficient evidence indicates that evidence retrieval does not automatically yield a decisive 
factual verdict for every detected agricultural entity. This is expected for claims that require 
contextual or domain-specific evidence beyond what is available in current knowledge 
sources. 

The verdict distribution also provides an important indication of how the KV module 
differs from the five-class classifier. The supported verdict accounts for 38.2% of entity-de-
tected posts, while the refuted verdict accounts for 20.3%. The latter proportion is substan-
tially higher than the False class proportion in the dataset. This difference suggests that the 
KV module may identify individual incorrect sub-claims within posts that are not necessarily 
labeled as False at the post level, particularly when a Misleading or Unverified post contains 
a specific claim that conflicts with a knowledge-base entry. Thus, the KV signal should not 
be interpreted as a direct replacement for the five-class label. 

Two representative cases illustrate this behavior. A claim that urea fertilizer contains 
46% nitrogen received a supported verdict with a confidence score of 0.80, consistent with 
the corresponding entry in the local knowledge base. Conversely, the claim that organic pes-
ticides are always safer than synthetic pesticides received a refuted verdict with a confidence 
score of 0.70, consistent with the relevant misconception entry. These examples illustrate how 
retrieved evidence can provide an explicit basis for the system's output, although they do not 
by themselves establish the general accuracy of the verification module. 

The quantitative ablation provides a more direct assessment of the module's contribu-
tion. Compared with the ML-only configuration, adding KV increases accuracy by 1.13 per-
centage points and F1-Weighted by 0.60 points, while F1-Macro decreases by 0.0056 on the 
full test set. On the subset in which agricultural entities are detected, the reported accuracy 
improvement reaches 1.8 percentage points. This trade-off indicates that the current KV im-
plementation does not uniformly improve the five-class classification objective. Its contribu-
tion is more apparent in aggregate accuracy and evidence generation than in macro-averaged 
minority-class performance. 

One explanation is the mapping between knowledge verdicts and the five-class predic-
tion space. Supported evidence tends to contribute probability mass toward the True cate-
gory, which is already one of the better-represented classes. In contrast, the current 
knowledge sources provide less direct information for distinguishing False from Unverified 
or for recognizing Satire and misleading framing. Consequently, the KV module can provide 
useful factual evidence without necessarily improving every class in the classification task. 

The coverage result also identifies a clear limitation. Approximately one quarter of test 
posts do not contain entities recognized by the current agricultural dictionary and therefore 
fall back to the ML-only pathway. In addition, the knowledge base currently covers only a 
limited set of agricultural entities. Expanding the entity dictionary and developing a broader 
structured Indonesian agricultural knowledge base could increase coverage, although broader 
matching would also need to be controlled to avoid false entity detections. These limitations 
suggest that future improvements should focus not only on the fusion weights but also on 
retrieval coverage and evidence quality. 

4.7. Data Ethics and Governance 

The collection and release of social media data require particular attention to privacy and 
responsible data sharing. Usernames, profile photographs, and direct identifiers were re-
moved before annotation. Data collection was conducted using the YouTube Data API v3 
and Apify infrastructure, with the collection configuration respecting the applicable platform 
requirements. Twitter was disabled in the collection configuration. 

The publicly released dataset is limited to cleaned text, assigned labels, and platform 
category. User identifiers, post URLs, profile links, engagement metrics, and comment-thread 
structures are excluded from the released dataset. This minimizes unnecessary disclosure 
while preserving the primary information required for reproducible classification research. 
Researchers requiring additional metadata may request access through a data-access agree-
ment subject to institutional review requirements. 
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The annotation process also considered the exposure of human reviewers to potentially 
misleading or problematic content. GPT-4o-mini was used for weak labeling, while the hu-
man validation subset was reviewed by two domain experts who were informed of the re-
search purpose and intended use of the resulting dataset. 

These measures provide a reasonable basis for responsible dataset sharing while retaining 
the information necessary for research replication. Nevertheless, future releases should con-
tinue to follow platform-specific data-sharing requirements and ensure that previously public 
information is not redistributed in a form that unnecessarily increases the risk of identifying 
individual users. 

5. Conclusions 

AgriMisinfo-ID provides a bilingual dataset for agricultural misinformation detection in 
Indonesian social media contexts, comprising 5,288 labeled samples across five categories 
from YouTube, Instagram, Facebook, and supplementary public sources. The proposed 
framework combines IndoBERT and XLM-RoBERTa with Focal Loss, paraphrase augmen-
tation, and weighted soft voting, achieving an F1-Macro of 0.5870 ± 0.0028 and an accuracy 
of 0.8027 ± 0.0039 across three seeds on the test set. The ablation results indicate that Focal 
Loss and augmentation provide complementary benefits, while the Knowledge Verification 
module adds evidence-based information to the classification process. 

Several limitations remain. False and Satire detection is still unreliable because of the 
small number of original samples available for these categories. Additional independently val-
idated minority-class data are therefore needed for more reliable evaluation. The Knowledge 
Verification module also has limited coverage, with 25.7% of test posts lacking entity-based 
evidence. Expanding the agricultural knowledge base and improving retrieval coverage are 
important directions for future work. Extending the dataset to additional platforms such as 
TikTok and WhatsApp would further broaden its coverage. The dataset and associated re-
search resources will be released publicly to support reproducible research in agricultural mis-
information detection. 
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