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 Digital fraud threatens micro, small, and medium enterprises (MSMEs), yet most 

automated detection studies remain centered on structured transactions, URLs, 

emails, or English-language benchmarks. This study evaluates fraud-risk narrative 

classification in 13,541 deduplicated Indonesian-language texts collected during a 

three-year window spanning 2023-2026 from Kompas, Detik, YouTube, and X. All 

retained documents were human-reviewed and assigned a binary discourse-level 

label and, for risk-positive records, one of seven fraud categories. A tuned TF-IDF 

linear support vector machine (SVM) was compared with IndoBERT using group-

disjoint train-validation-test partitions, validation-only threshold selection, cost-

sensitive learning, and 2,000 paired bootstrap resamples. On the untouched test set 

(n=2,032), IndoBERT achieved 0.9586 Macro-F1, 0.9636 accuracy, 0.9177 
Matthews correlation coefficient, and 0.9771 PR-AUC. Its mean Macro-F1 

improvement over SVM was 0.0149 with a 95% bootstrap confidence interval of 

0.0045-0.0256, whereas the PR-AUC difference was small and uncertain (0.0022; 

95% CI: -0.0044-0.0090). IndoBERT reduced false negatives from 69 to 50 and false 

positives from 31 to 24. Secondary analyses exposed uneven category difficulty, 

strong topic overlap around social engineering, and a length-sensitive trade-off: 

IndoBERT was better on short texts but worse than SVM on documents exceeding 

512 words. The contribution is an auditable Indonesian MSME-related fraud 

benchmark that combines duplicate control, a strong classical baseline, calibrated 

decision thresholds, paired uncertainty, category-level diagnostics, and error analysis 

rather than proposing a new neural architecture. 
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I. INTRODUCTION 

Digital fraud has become an operational risk for micro, 

small, and medium enterprises (MSMEs) as commercial 

activity increasingly depends on social media, marketplaces, 

mobile banking, and quick-response payment systems [1]-[3]. 

Fraud incidents are no longer limited to unauthorized card 

transactions. They may begin with impersonation, persuasive 
messages, malicious links, counterfeit QR codes, illegal 

lending offers, or fabricated investment opportunities. For 

small firms with limited cybersecurity resources, even a 

single incident can disrupt cash flow, expose credentials, 

damage customer trust, and create substantial recovery costs. 

The research landscape does not yet represent this diversity 

equally. Reviews of digital payments and MSME adoption 

describe rapid uptake and associated challenges, but generally 
focus on adoption, infrastructure, and payment-system risk 

rather than document-level fraud narratives [1]-[3]. Fraud-

related text research remains fragmented by channel and 

attack type. Social-media studies emphasize automated or 

deceptive profiles [4]-[6]; recruitment-fraud detection 

operates in a narrow job-advertisement domain [7]; and 

phishing studies typically model emails, websites, URLs, or 

cybercrime artifacts [8]-[15]. Although fraud detection with 

natural-language processing is expanding [9], these settings 

differ substantially from heterogeneous Indonesian narratives 

that combine reportorial news, user comments, chronology, 

persuasion, warnings, and victim experience. 
Transformer language models offer a plausible way to 

capture contextual signals that sparse lexical representations 

mailto:bayupriyaa@amikompurwokerto.ac.id
https://creativecommons.org/licenses/by-sa/4.0/


JAIC e-ISSN: 2548-6861    4651 

 

Fraud-Risk Classification in Indonesian MSME-Related Online Narratives: A Comparison of IndoBERT and TF-IDF–SVM 
(Bayu Priya Mukti) 

may miss. Indonesian studies have demonstrated the value of 

contextual and hybrid deep representations for sentiment, 

multilabel, emotion, and review classification [16]-[20]. 

Foundational Indonesian resources, including IndoBERT, 

IndoBERTweet, and IndoNLU, provide the technical basis 

for such work [26]-[28]. Recent evidence also shows that the 

best representation strategy can depend on sample size and 

domain: frozen IndoBERT embeddings with XGBoost can 

rival full fine-tuning [32], while carefully designed TF-IDF 

pipelines remain strong for Indonesian user-generated text 
[33]. Nevertheless, evidence for digital-fraud narratives 

relevant to Indonesian MSMEs remains limited. More 

importantly, a transformer advantage is difficult to interpret 

when the comparator is weak, duplicates cross the data split, 

decision thresholds are optimized on the test set, or only point 

estimates are reported. Such practices create serious leakage 

and reproducibility risks [22], [23]. 

This study addresses both the domain gap and the 

evaluation gap. It asks four questions: (1) Does IndoBERT 

outperform a carefully tuned TF-IDF linear SVM for binary 

fraud-risk classification? (2) Is the observed improvement 
supported by paired uncertainty estimates? (3) Which fraud 

categories remain difficult under a secondary multiclass 

analysis? and (4) What do topic structure, lexical indicators, 

and document length reveal about model errors? The novelty 

lies not in a new architecture, but in an integrated 

benchmarking design: a deduplicated Indonesian MSME-

oriented corpus, group-disjoint partitions, a tuned and 

threshold-calibrated classical baseline, an untouched test set, 

paired bootstrap comparison, seven-category diagnostics, and 

length-sensitive error analysis. 

The resulting model is intended for prioritization and 

monitoring rather than autonomous legal or factual judgment. 
In practice, predicted risk can support content triage, analyst 

review, and targeted security education. Because the data 

include public narratives from different sources and writing 

styles, the analysis also provides a realistic test of how 

contextual and lexical models behave under heterogeneous 

Indonesian digital discourse. 

II. MATERIALS AND METHODS 

A. Data Sources and Label Structure 

The raw corpus comprised 16,142 Indonesian-language 

documents collected during a three-year rolling window 

spanning 2023-2026 through source-specific API crawling: 

3,556 records from Kompas, 3,500 from Detik, 5,709 from 

YouTube, and 3,377 from X. Kompas and Detik contributed 

online news reports, whereas the social-media portion 

consisted of YouTube comments and X posts or replies 

discussing QRIS-related digital fraud events. A document 

was eligible when it was written in Indonesian and contained 

at least one of the terms qris, penipuan, digital, or umkm. 

Extremely short comments, exact or normalized duplicates, 

and records that were unrelated to the study context after 

content screening were excluded. User identifiers were not 

reported, and only aggregate results are presented. 

The binary outcome was operationalized at the discourse 

level rather than from the mere occurrence of a fraud-related 

keyword. The fraud-risk class represented user-level 

comments, posts, or narratives describing exposure to fraud, 

attempted deception, victimization, or a concrete QRIS-

related modus. The non-risk class primarily comprised 
reportorial or informational news texts. Such news records 

were assigned to the non-risk class even when they mentioned 

a fraud event or contained risk terminology, because third-

person journalistic reporting was not treated as direct 

evidence of a target user-level fraud-risk narrative. Thus, non-

risk in this study means absence of the target discourse-level 

account, not absence of fraud-related words. Risk-positive 

records were additionally assigned one primary category: 

social engineering, fake account, phishing, marketplace scam, 

fake QRIS, fraudulent investment, or illegal online loan. All 

13,541 retained documents were independently checked by 
two Indonesian-language annotators, and disagreements were 

resolved through adjudication using a shared operational 

guide [24]. Binary agreement was 0.880 with Cohen's kappa 

of 0.822; category agreement was 0.810 with kappa of 0.800. 

The lower category agreement is substantively important 

because a single incident may combine impersonation, 

phishing, payment manipulation, and persuasion even though 

the dataset requires one primary category. All experiments, 

tables, and figures reported in this manuscript use this final 

human-reviewed corpus. 

B. Data Audit, Deduplication, and Partitions 

The eligibility screening and deduplication pipeline 

reduced 16,142 raw records to 13,541 retained documents. 

Extremely short texts, exact and normalized duplicates, and 

documents that failed the relevance criterion were removed 

before partitioning. In the final corpus, mean length was 

1,443.1 characters or 199.8 words; median length was 222 

words and the maximum was 1,702 words. No normalized 

duplicate group contained conflicting binary labels. 

Deduplication was completed before partitioning so that near-
identical records could not cross data subsets. 

Figure 1 introduces the final corpus. Panel (a) shows that 

9,025 records (66.65%) were non-risk under the study's 

discourse-level definition and 4,516 (33.35%) were fraud 

risk. Panel (b) reveals a pronounced long tail: social 

engineering accounts for 2,703 risk-positive records, whereas 

illegal online loans contribute only 56. This imbalance 

motivates the use of Macro-F1 and category-specific 

diagnostics rather than accuracy alone. 
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Figure 1. Binary class distribution and fraud-category composition after deduplication.

The deduplicated corpus was divided by normalized text 

group into training, validation, and test partitions using a fixed 

seed of 42. As detailed in Table I, the split retained nearly 
identical risk prevalence across subsets. Figure 2 provides the 

same composition visually and confirms that the validation 

and test sets are equal in size. A direct group-overlap audit 

found no shared text group across the three partitions. 

TABLE I. CORPUS COMPOSITION AND GROUP-DISJOINT PARTITIONS 

Partition Non-risk Risk Total % risk 

Train 6,317 3,160 9,477 33.34 

Validation 1,354 678 2,032 33.37 

Test 1,354 678 2,032 33.37 

Total 9,025 4,516 13,541 33.35 

 

 
Figure 2. Class composition of the training, validation, and test partitions. 

C. Tuned TF-IDF Linear Baseline 

The classical baseline used word-level TF-IDF features 

with one- to three-word n-grams. A randomized search 

evaluated 15 configurations through five-fold cross-

validation on the training partition. The best setting used 

C=1.90475, max_df=0.90, a 30,000-feature cap, and class 

balancing. Before tuning, linear SVM reached 0.9449 

validation Macro-F1, compared with 0.9377 for logistic 

regression and 0.5120 for a dummy classifier. The tuned SVM 
achieved 0.9450 cross-validated Macro-F1. Its decision 

threshold was then selected exclusively on the validation set, 

yielding a final threshold of 0.440. 

D. IndoBERT Fine-tuning 

The transformer model was indobenchmark/indobert-base-

p1. The 95th percentile of tokenized length was 664 tokens; 
the maximum input length was limited to 256 tokens to fit the 

available GPU memory. Training used AdamW, a learning 

rate of 2×10⁻⁵, weight decay of 0.01, a 0.10 warmup ratio, 

batch sizes of 16 for training and 32 for evaluation, two-step 

gradient accumulation, a linear scheduler, and mixed 

precision on an NVIDIA Tesla T4. Weighted cross-entropy 

used class weights [0.7501, 1.4995]. The best checkpoint was 

selected by validation Macro-F1 with early-stopping patience 

of two evaluations. The final validation-selected decision 

threshold was 0.905. 

Table II consolidates the modeling protocol. The table is 
included to make the comparison auditable: both models 

share the same group-disjoint partitions and untouched test 
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set, but they differ in representation, optimization, and 

threshold. Threshold selection and checkpoint selection never 

used test labels. 

TABLE II. MODELING AND SELECTION PROTOCOL 

Component TF-IDF + SVM IndoBERT 

Representation 
1-3 word n-grams; 

30k features 
256-token contextual 

encoder 

Imbalance 
Balanced class 

weights 
Weighted cross-

entropy 

Selection 
15 configurations; 5-

fold CV 
Best validation 

Macro-F1 

Training C=1.90475 
5 epochs; 

LR=2×10⁻⁵ 

Threshold 0.440 (validation) 0.905 (validation) 

Test use Final evaluation only Final evaluation only 

E. Evaluation and Secondary Analyses 

Macro-F1 was the primary metric because it assigns equal 

importance to both classes and is less misleading than 

accuracy when class distributions are unequal [21]. Accuracy, 

balanced accuracy, risk-class precision, recall and F1, 

Matthews correlation coefficient (MCC), PR-AUC, ROC-

AUC, and confusion matrices were also reported. Model 

differences were evaluated with 2,000 paired bootstrap 

resamples of the same test predictions. Percentile 95% 

confidence intervals were computed for each model and for 

the IndoBERT-minus-SVM difference. A difference was 
interpreted as supported only when its interval excluded zero. 

Three secondary analyses were conducted. First, TF-IDF 

multinomial logistic regression classified the seven fraud 

categories within the risk-positive subset. Second, non-

negative matrix factorization (NMF) summarized six latent 

lexical topics; NMF is appropriate for non-negative TF-IDF 

matrices and has been widely examined for short social-media 

text [29]-[31]. Recent work also explores large-language-

model-based thematic analysis [25], but NMF was retained 

here because its term-topic structure is deterministic and 

directly inspectable. Third, global linear coefficients and 
record-level errors were analyzed. Length sensitivity 

compared records of 512 words or fewer with records 

exceeding 512 words. The cutoff was specified before 

inspecting model-specific error rates. 

III. RESULTS AND DISCUSSION 

A. Binary Test Performance 

Table III reports the complete binary test results, while 

Figure 3 emphasizes the four metrics most relevant to 

imbalanced classification. IndoBERT achieved 0.9586 

Macro-F1, 0.9636 accuracy, 0.9543 balanced accuracy, and 

0.9177 MCC. The tuned SVM remained a strong comparator 

at 0.9439 Macro-F1 and 0.8886 MCC. The largest practical 

gain was in risk recall, which increased from 0.8982 to 0.9263 

without sacrificing precision. Thus, the contextual model 

recovered more fraud-risk narratives while also slightly 

reducing false alarms. 

TABLE III. BINARY PERFORMANCE ON THE UNTOUCHED TEST SET (N=2,032) 

Metric SVM IndoBERT Difference 

Accuracy 0.9508 0.9636 +0.0128 

Balanced accuracy 0.9377 0.9543 +0.0166 

Risk precision 0.9516 0.9632 +0.0116 

Risk recall 0.8982 0.9263 +0.0281 

Risk F1 0.9241 0.9444 +0.0203 

Macro-F1 0.9439 0.9586 +0.0147 

MCC 0.8886 0.9177 +0.0291 

PR-AUC 0.9749 0.9771 +0.0022 

ROC-AUC 0.9817 0.9828 +0.0011 

 

 
Figure 3. Comparison of test-set Macro-F1, PR-AUC, balanced accuracy, 

and MCC. 

The source of this improvement is visible in Figure 4. The 

SVM produced 69 false negatives and 31 false positives; 

IndoBERT reduced these counts to 50 and 24, respectively. 

Across 2,032 test records, the contextual model therefore 

corrected 19 additional risk cases and seven additional non-

risk cases at the aggregate confusion-matrix level. This 

balance matters operationally because a missed fraud-risk 

narrative can delay intervention, whereas excessive false 

positives increase the burden on analysts. 
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Figure 4. Confusion matrices for the tuned linear SVM and IndoBERT.

Figure 5 compares discrimination across all possible 

thresholds. The ROC curves are nearly superimposed, with 

AUC values of 0.982 and 0.983. The precision-recall curves 

show a similarly small separation, with average precision of 

0.975 and 0.977. These curves explain why the fixed-

threshold gains in Macro-F1 and recall are more substantial 

than the differences in ranking metrics: both models rank 

most cases well, but IndoBERT provides a more favorable 

operating point after validation-based threshold selection. 

 
Figure 5. ROC and precision-recall curves for both binary classifiers.
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B. Training Dynamics 

Figure 6 shows the epoch-level learning dynamics. 

Training loss declined monotonically from 0.1867 to 0.0213, 

whereas validation loss reached its minimum near epoch 2 
and then rose to 0.1875 by epoch 5. Validation Macro-F1 

increased rapidly and stabilized around 0.96, while PR-AUC 

remained near 0.983 after epoch 2. This divergence indicates 

increasing confidence on the training set without a 

corresponding ranking improvement on validation data. 

Checkpoint selection by validation Macro-F1 is therefore 

more defensible than reporting the final epoch automatically. 

Nevertheless, a single seed cannot quantify variability from 

parameter initialization or minibatch order. 

 
Figure 6. IndoBERT training loss, validation loss, Macro-F1, and PR-AUC by epoch.

C. Paired Bootstrap Uncertainty 

Table IV separates score magnitude from uncertainty. The 

mean bootstrap Macro-F1 was 0.9438 for SVM and 0.9587 

for IndoBERT. Their paired difference was 0.0149 with a 

95% confidence interval of 0.0045-0.0256. Figure 7 shows 

the corresponding distribution: almost all resampled 

differences lie to the right of zero. The empirical probability 

of a non-positive difference was 0.0005, supporting the 

conclusion that IndoBERT improves Macro-F1 on this test 

population. 

The PR-AUC result leads to a different conclusion. 

Although IndoBERT's point estimate was higher, the paired 
difference of 0.0022 had a 95% interval from -0.0044 to 

0.0090, and the empirical probability of a non-positive 

difference was 0.257. The study therefore does not claim a 

confirmed PR-AUC improvement. Reporting this distinction 

prevents a small point-estimate advantage from being 

presented as a robust gain. 
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TABLE IV. PAIRED BOOTSTRAP RESULTS FROM 2,000 RESAMPLES 

Metric SVM mean [95% CI] IndoBERT mean [95% CI] Paired difference [95% CI] 

Macro-F1 
0.9438 [0.9334, 

0.9545] 
0.9587 [0.9490, 0.9677] 0.0149 [0.0045, 0.0256] 

PR-AUC 
0.9749 [0.9675, 

0.9816] 
0.9771 [0.9687, 0.9846] 0.0022 [-0.0044, 0.0090] 

 
Figure 7. Paired bootstrap distribution of the IndoBERT-minus-SVM 

Macro-F1 difference. 

D. Seven-Category Secondary Classification 

The secondary multiclass baseline achieved 0.7950 

accuracy and 0.7001 Macro-F1. Table V shows that fake 

QRIS and social engineering reached the highest F1 scores, 

0.8764 and 0.8651, respectively. Fraudulent investment 

reached 0.7750, while phishing achieved high recall (0.8644) 

but lower precision (0.6456). Fake accounts and marketplace 

scams were more difficult, and the illegal-online-loan 

estimate was unstable because only eight cases were present 

in the secondary test partition. 

TABLE V. SECONDARY MULTICLASS PERFORMANCE WITHIN RISK-POSITIVE 

RECORDS 

Fraud category Precision Recall F1 Support 

Fake account 0.5976 0.6533 0.6242 75 

Fraudulent 
investment 

0.7750 0.7750 0.7750 40 

Marketplace scam 0.5652 0.5532 0.5591 47 

Phishing 0.6456 0.8644 0.7391 59 

Illegal online loan 0.6000 0.3750 0.4615 8 

Fake QRIS 0.8478 0.9070 0.8764 43 

Social engineering 0.8947 0.8374 0.8651 406 

Figure 8 clarifies where these errors occur. Seventeen 

fake-account cases were predicted as social engineering, 

while 27 social-engineering cases were predicted as fake 

accounts. Marketplace scams were confused with phishing 
nine times and with social engineering seven times. Four of 

eight illegal-online-loan cases were absorbed into social 

engineering. These patterns are consistent with the annotation 

challenge: a message may impersonate a trusted party, direct 

the victim to a phishing channel, and request a transfer, but a 

single-label taxonomy forces one primary category. 

 

 
Figure 8. Confusion matrix for the seven-category TF-IDF secondary 

baseline. 

E. Topic Structure and Lexical Evidence 

Figure 9 presents the within-topic category proportions 

from the six-topic NMF solution. Social engineering 

dominates five topics, ranging from 0.61 in Topic 0 to 0.92 in 

Topic 1. Topic 2 is more heterogeneous: phishing contributes 

0.24, fake accounts 0.20, marketplace scams 0.10, and social 

engineering 0.30. Fake QRIS reaches its largest share in Topic 

3 at 0.12. The heatmap indicates that lexical topics do not map 
one-to-one onto fraud categories. Instead, social-engineering 

language cuts across incident types and channels, which helps 

explain both the dominance of this label and the off-diagonal 

multiclass errors. 
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Figure 9. Fraud-category proportions within the six NMF topics. 

The global linear explanation in Figure 10 shows why the 
classical baseline remained highly competitive. Its strongest 

risk indicators include penipuan (fraud), penipu (fraudster), 

ketipu (being scammed), modus, tipu, palsu (fake), ditipu, 

tertipu, OTP, scan QRIS, raib (lost), mengatasnamakan 

(impersonating), scam, and password. Many narratives 

therefore contain direct lexical evidence. At the same time, 

these coefficients reveal a failure mechanism: news reports 
and educational warnings may mention the same terms 

without describing a risk-positive event, while implicit 

incidents may describe persuasion and loss without using an 

explicit fraud word. 

 

 
Figure 10. Fifteen strongest positive lexical coefficients in the global linear 

explanation. 

F. Record-Level Error Analysis 

The latest record-level analysis in Table VI goes beyond 

the aggregate confusion matrices. SVM made 100 errors and 
IndoBERT made 74. Forty-one cases were missed by both 

models; SVM alone was wrong on 59 cases, whereas 

IndoBERT alone was wrong on 33. The net reduction of 26 

errors therefore reflects complementary behavior rather than 

simple containment. IndoBERT reduced social-engineering 

errors from 42 to 26 and phishing errors from 12 to seven, but 

its fake-QRIS errors increased from 10 to 12. This category-

specific reversal would be hidden by overall metrics. 

TABLE VI. RECORD-LEVEL ERROR DECOMPOSITION ON THE BINARY TEST SET 

Error diagnostic SVM IndoBERT 

Total errors 100 74 

False positives 31 24 

False negatives 69 50 

Social-engineering errors 42 26 

Phishing errors 12 7 

Fake-QRIS errors 10 12 

Errors unique to model 59 33 

Errors shared by both 41 41 

Manual inspection of high-confidence disagreements 

revealed three recurring patterns. First, short comments 

sometimes contained fraud vocabulary but lacked enough 

context to establish a target user-level fraud account. Second, 

reportorial news articles contained fraud terminology, 

chronology, or warnings but remained informational under 

the operational labeling rule; lexical models could therefore 

interpret them as risk-positive. Third, informal spelling and 

compressed narratives could obscure the distinction between 

a personal incident, an attempted fraud, a warning, and a 
general reaction. These cases reinforce the need for periodic 

label-guideline review and a deployment option for uncertain 

cases. 

G. Sensitivity to Document Length 

Table VII and Figure 11 show that document length 

changes the relative ranking of the models. On 1,948 texts of 
512 words or fewer, IndoBERT reduced the error rate from 

0.0503 to 0.0364. On the 84 longer documents, however, 

SVM achieved a lower error rate (0.0238) than IndoBERT 

(0.0357). The long-document group also had lower fraud 

prevalence (22.62%) than the short-text group (33.83%), so 

truncation is not the only possible explanation. Nevertheless, 

the 256-token input limit makes it plausible that decisive 

information near the end of long articles was unavailable to 

IndoBERT, whereas TF-IDF retained evidence from the full 

document. 

TABLE VII. ERROR RATE BY DOCUMENT-LENGTH GROUP 

Length group n % risk 
SVM 

error 
IndoBERT 

error 

≤512 words 1,948 33.83 0.0503 0.0364 

>512 words 84 22.62 0.0238 0.0357 
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Figure 11. Error-rate comparison for short texts and long documents. 

This trade-off suggests a practical hybrid policy. 
IndoBERT is preferable for short and contextually ambiguous 

records, while full-document linear features remain a credible 

low-cost fallback for long news articles. Future work should 

compare sliding-window aggregation, hierarchical encoders, 

and long-context transformers under source- and category-

controlled evaluation. Any improvement should be tested 

prospectively rather than inferred from the present subgroup 

comparison. 

H. Implications, Validity, and Limitations 

The findings support IndoBERT as a triage model rather 

than a final decision maker. The system distinguishes target 

fraud-risk narratives from reportorial or informational texts; 

it does not estimate the prevalence of fraud among Indonesian 

MSMEs. Its validation-selected threshold produced high 

precision and recall under the observed test prevalence, but 

predictive values may change when deployed in a platform 
with a different risk base rate. Calibration monitoring, drift 

detection, and periodic threshold review are therefore 

necessary. The seven-category output can support routing-for 

example, phishing cases toward credential response and fake-

QRIS cases toward merchant verification-but rare categories 

should be allowed to enter a review state rather than being 

forced into a confident automated decision. 

Internal validity was strengthened by deduplication before 

splitting, group-disjoint partitions, a tuned classical 

comparator, validation-only threshold selection, an 

untouched test set, and paired bootstrap analysis. These 
choices directly address the leakage and reproducibility 

concerns raised in [22], [23]. However, the same validation 

partition was used for checkpoint selection and threshold 

selection, which may introduce mild optimism. A nested or 

second-stage validation design would provide a stricter 

estimate. 

Eight limitations remain. First, although the source totals 

and 2023-2026 collection window are known, document-

level timestamps and location metadata were not sufficiently 

complete for temporal or geographic validation. Second, 

query-driven API sampling can overrepresent explicit, highly 

visible, or highly engaged QRIS-related fraud discussions and 

underrepresent private, unreported, or implicitly described 

incidents. Third, online news and social-media comments do 

not represent the full range of fraud experienced by 

Indonesian MSMEs. Fourth, the operational rule places 

reportorial news predominantly in the non-risk class, creating 

possible source-label coupling; part of the observed 

discrimination may therefore reflect discourse or platform 

style. Fifth, the fraud-category distribution is highly 

imbalanced and category boundaries remain uncertain despite 

human review and adjudication. Sixth, only one random seed 
and one fixed partition were evaluated. Seventh, the 256-

token limit constrains long-document coverage. Eighth, the 

test set is in-domain; no prospective evaluation was 

conducted on later periods, new platforms, or independent 

MSME institutions. Future work should add repeated group 

splits, multi-seed fine-tuning, probability calibration, 

temporal and source-based holdouts, multilabel annotation, 

and external validation. 

IV. CONCLUSION 

A comparison on 13,541 deduplicated Indonesian digital 

narratives showed that IndoBERT achieved 0.9586 Macro-F1 

and 0.9177 MCC, outperforming a tuned TF-IDF linear SVM. 

The paired Macro-F1 improvement was supported by a 95% 

bootstrap interval that excluded zero, and the gain was 

accompanied by reductions in both false negatives and false 

positives. In contrast, the small PR-AUC improvement was 

not statistically supported because its interval crossed zero. 
The secondary analyses qualify this overall result. 

Category performance was uneven, social engineering 

overlapped strongly with other topics and labels, and 

IndoBERT's advantage reversed on documents longer than 

512 words. The most defensible contribution is therefore not 

a universal superiority claim, but an auditable benchmark 

showing where contextual modeling helps, where a linear 

model remains competitive, and how uncertainty and 

subgroup analysis alter interpretation. The reported scores 

apply to MSME-related online narratives collected through 

the specified news and social-media sources; they should not 

be interpreted as fraud-prevalence estimates or as 
performance on internal MSME transaction data. With 

external validation and operational monitoring, the 

framework can support fraud-content prioritization and 

security education for Indonesian MSMEs. 
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