Jurnal Komputer

Vol. 1, No. 1, October 2026 oo e
SAH PUBLISHER

Phonetic Similarity Analysis of Indonesian Text: Comparing Custom
Soundex, Jaro-Winkler, Cosine Similarity, and Euclidean Distance

Ela Herawati"
"Universitas Sugeng Hartono, Sukoharjo, Indonesia

Email: ellaherwati05@gmail.com

Abstract. Indonesian text exhibits rich phonetic variation: regional spelling variants, old-to-new orthography changes
such as tj—c and oe - u, and digraphs such as ng, ny, kh, and sy that standard phonetic algorithms designed for
English fail to capture. This paper presents a comparative analysis of four phonetic similarity algorithms on
Indonesian word pairs: (1) a Custom Soundex adapted to Indonesian phonology with 5-digit codes, digraph-aware
encoding, old-spelling normalization, and silent-h stripping; (2) Jaro-Winkler similarity computed on grapheme-to-
phoneme (G2P) representations, implemented as phoneme similarity via soft Levenshtein distance with phoneme-
class substitution costs; (3) Cosine Similarity over positional phoneme vectors with a length-ratio penalty; and (4)
Euclidean Distance over the same positional vectors. The evaluation uses a dataset of 10,000 Indonesian word pairs
labeled Mirip (similar) or Beda (different), balanced 5,000/5,000 across phonetically similar and control pairs.
Decision thresholds were tuned per method: identical codes for Soundex, 0.80 for Jaro-Winkler+G2P, 0.65 for
Cosine Similarity, and a distance of 1.5 for Euclidean. Each algorithm classifies pairs with its tuned decision
threshold. Custom Soundex ID achieved the best performance with 99.2% accuracy and an Fl-score of 0.992,
followed by Cosine Similarity (94.9%, F1 0.948), Jaro-Winkler+G2P (91.9%, F1 0.912), and Euclidean Distance
(91.7%, F1 0.910). Confusion matrix analysis shows that phoneme-aware encoding resolves most false positives
caused by coincidental prefix overlap and subword absorption. The main contribution is empirical evidence that a
lightweight, linguistically informed phonetic code outperforms generic string similarity measures for Indonesian,
together with a documented preprocessing pipeline of orthography normalization, G2P conversion, and silent-h
stripping that is reusable for Indonesian fuzzy text matching.
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INTRODUCTION

Phonetic algorithms map words to codes that group together spellings with similar pronunciation,
enabling fuzzy matching in search, deduplication, and record linkage. The classic Soundex algorithm,
patented in 1918 [1], encodes names by their initial letter followed by consonant-class digits, and its
successors such as Double Metaphone [2] improved accuracy for English. Adapting such algorithms to
other languages requires linguistic adjustments, as demonstrated for Indian languages [3] and for SMS
text [4].

Indonesian (Bahasa Indonesia) poses specific challenges for phonetic matching. Its phonology includes
nasal digraphs ng and ny, fricatives kh and sy, and diphthongs ai and au [5], none of which exist as single
units in English-oriented encodings. The orthography also changed historically: the old spellings tj, dj, oe,
nj, and sj were replaced by c, j, u, ny, and sy, so legacy text and modern text for the same word look
different. Indonesian natural language processing has produced resources such as stemmers [6], [7] and
the IndoNLU benchmark [8], but systematic comparison of phonetic similarity algorithms for Indonesian
word pairs remains scarce.

String similarity measures offer a generic alternative. The Jaro [9] and Jaro-Winkler [10] measures
reward common prefixes, Levenshtein edit distance [11] counts insertions, deletions, and substitutions,
and surveys of approximate string matching [12] together with comparative studies [13] document their
trade-offs. These measures underpin spelling correction [14], record linkage [15], and duplicate detection
[16]. However, they operate on raw characters and know nothing about Indonesian phonology.

Jurnal Komputer, Vol. 1, No. 1, October 2026
36



This paper compares four approaches on a balanced dataset of 10,000 Indonesian word pairs: a Custom
Soundex redesigned for Indonesian phonology, Jaro-Winkler similarity applied to phoneme
representations from a grapheme-to-phoneme (G2P) conversion, Cosine Similarity on positional phoneme
vectors, and Euclidean Distance on the same vectors. The contributions are (1) a documented Indonesian
phonetic preprocessing pipeline, (2) a Custom Soundex variant with digraph-aware encoding, and (3) an
empirical comparison showing that linguistically informed encoding outperforms generic string similarity
for Indonesian.

METHODS

Dataset

The experiments use a dataset of 10,000 Indonesian word pairs stored as dataset_fonetik_indo_v2.csv
with four columns: Kata_1, Kata_2, Kategori, and Label. The label is Mirip (similar-sounding) for 5,000
pairs and Beda (different) for 5,000 pairs, giving a balanced binary classification task. The category
column distinguishes fonetik_mirip (5,000 pairs constructed to sound alike, e.g., bank « bang,
suka  suqa, dengar - dengarh, naik -~ naiq) from kontrol (5,000 pairs of unrelated words). Table 1
summarizes the composition.

Table 1. Dataset Composition

Attribute Value
Total word pairs 10,000
Label Mirip (similar) 5,000 (50%)
Label Beda (different) 5,000 (50%)
Category fonetik_mirip 5,000
Category kontrol 5,000
Example pairs bank - banq, rumah ~ rumahh, banyak - banyaq

Preprocessing Pipeline

All words pass through a three-stage preprocessing pipeline before analysis, illustrated in Fig. 1. First,
old-spelling normalization maps legacy orthography to modern EYD spelling: tj—c, dj—j, nj-ny,
sj— sy, oe »u, and ch - kh, plus phoneme synonyms q-k and x - ks, since q and k are phonetically
identical in Indonesian. Second, silent-h stripping removes a word-final h when preceded by a consonant
(bankh - bank, naikh - naik) while preserving rumah, sudah, and buah, where the h follows a vowel and
is phonemic. Third, G2P conversion maps Indonesian digraphs to single phoneme tokens: ng -1, ny - N,
kh- X, sy - [, ai » &, and au — Q. This follows the letter-to-sound tradition [17] with joint-sequence style
mappings [18], simplified into deterministic rules sufficient for Indonesian's shallow orthography [19].

Dataset Preprocessing Feature Encoding Similarity Threshold Evaluation
10,000 word pairs Ejaan normalization Soundex codes Computation Classification 4 Accuracy, P-R, F1
Mirip / Beda G2P i vectors 4 algorithms Mirip vs Beda Confusion matrix
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Figure 1. Experiment Pipeline: Preprocessing, Encoding, Similarity Computation, and Evaluation

Custom Soundex Indonesia

The Custom Soundex encodes each preprocessed word into a 5-digit code. The first character is kept as
the initial letter, and the remaining consonants are mapped through an Indonesian consonant-class table:
b/p/fiv -1, d/t -2, z/s/f - 3, k/g/c/j/lq—4, I/r -5, m/n-6, i (ng) -7, N (ny) -8, and X (kh) - 4. Unlike
classic Soundex [1], vowels are not aggressively discarded and the digraphs ng, ny, kh, and sy contribute
their own classes, which raises precision for Indonesian [20]. Adjacent identical digits collapse, the code
is padded or truncated to five characters, and two words are judged Mirip when their codes are identical.
This design choice trades the graded scores of Double Metaphone [2] for a transparent binary decision,
and it avoids the lexicon-scale retrieval concerns of approximate matching in large vocabularies [21] by
operating on a fixed pair-classification task. Soundex-style codes have proven useful beyond names,
including speech document indexing [22].

Jaro-Winkler on G2P Representations

The second method applies Jaro-Winkler similarity [9][10] to the G2P phoneme strings rather than the
raw words. In the implementation this is realized as phoneme similarity: a soft Levenshtein distance [11]
where substitution between phonemes of the same articulatory class (e.g., k ~ g) costs 0.5 instead of 1,
normalized by average phoneme length and subtracted from 1. This replaces the original Jaro-Winkler
prefix bonus, which produced false positives such as gambar — kamar scoring 0.86 despite different
meanings; the phoneme similarity scores the same pair 0.73. A pair is classified Mirip when the score
reaches the 0.80 threshold. Comparative studies of string metrics [13] motivate this kind of task-specific
adaptation.

Vector-Based Measures

The third and fourth methods encode each word as a positional phoneme vector. The vector has three
zones — global, first-third, and last-third of the word — over a phoneme alphabet, so anagrams such as
baku and kuab produce different vectors where plain frequency vectors would give zero distance. Cosine
Similarity [23] is computed on these vectors and multiplied by a length-ratio penalty min/max to suppress
false positives from subword absorption (e.g., bang inside abang); term-weighting insights [24] support
normalizing for length effects. The decision threshold is 0.65. Euclidean Distance on the same vectors
classifies pairs as Mirip when the distance is at most 1.5. Character n-gram representations [25] offer a
related alternative, but the positional phoneme vector keeps the representation phonologically grounded.

Evaluation Protocol

Each algorithm's predictions are compared against the dataset labels. Performance is reported with
accuracy, precision, recall, and F1-score following standard classification measure definitions [26], and
confusion matrices (TP, FN, FP, TN) are analyzed per algorithm [27]. Table 2 lists the decision
thresholds and key hyperparameters used for every method.

Table 2. Decision Thresholds and Hyperparameters

Algorithm Parameter Value
Custom Soundex ID Code length 5 digits
Custom Soundex ID Decision rule Identical codes — Mirip
Jaro-Winkler+G2P Similarity threshold >0.80
Jaro-Winkler+G2P Same-class substitution cost 0.5
Cosine Similarity Similarity threshold >0.65
Cosine Similarity Length-ratio penalty min/max (active)
Euclidean Distance Distance threshold <15
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Euclidean Distance Vector zones

3 (global, start, end)

RESULT AND DISCUSSION

Overall Performance

Table 3 reports the classification metrics of the four algorithms on all 10,000 pairs, and Fig. 3 visualizes
the accuracy comparison. Custom Soundex ID dominates with 99.2% accuracy, precision 0.997, recall
0.986, and F1-score 0.992. Cosine Similarity ranks second at 94.9% accuracy (F1 0.948), clearly ahead of
Jaro-Winkler+G2P at 91.9% (F1 0.912) and Euclidean Distance at 91.7% (F1 0.910). All four exceed the
90% accuracy target, but the gap between the phonetic code and the generic measures is substantial:

nearly eight percentage points separate Soundex from Jaro-Winkler.

Table 3. Classification Results on 10,000 Word Pairs

Algorithm Accuracy Precision Recall F1-Score
Custom Soundex ID  99.2% 0.997 0.986 0.992
Cosine Similarity 94.9% 0.969 0.928 0.948
Jaro-Winkler+G2P 91.9% 0.997 0.841 0.912
Euclidean Distance ~ 91.7% 0.997 0.837 0.910
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Confusion Matrix — Evaluasi Algoritma Fonetik Indonesia (v2.4)

Jaro-Winkler+G2P
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Figure 3. Accuracy Comparison: Overall and per Category

Confusion Matrix Analysis

Fig. 2 shows the confusion matrices. Custom Soundex ID makes only 83 errors in total (69 FN, 14 FP).
The dominant error pattern for Jaro-Winkler+G2P and Euclidean Distance is false negatives (797 and
816): their conservative thresholds miss many genuinely similar pairs, which explains their high precision
(0.997) paired with low recall (~0.84). Cosine Similarity shows the opposite tendency with 148 false
positives, the price of its bag-of-phonemes character despite the length-ratio penalty. In spelling
correction research [14], the same precision-recall tension appears when thresholds move; here the fixed
thresholds reveal each method's natural operating point.
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Per-Category Analysis

On fonetik_mirip pairs, Custom Soundex ID reaches 98.6% accuracy, Cosine Similarity 92.8%, Jaro-
Winkler+G2P 84.1%, and Euclidean Distance 83.7%. On kontrol pairs, all methods score 97.0-99.8%,
confirming that distinguishing unrelated words is easy and that the benchmark's difficulty lies entirely in
recognizing true phonetic similarity. The result supports the duplicate-detection literature [16]: blocking-
style phonetic codes [28] are most valuable exactly where surface strings diverge but sounds coincide.

Discussion

Three findings stand out. First, encoding Indonesian-specific phonology (digraphs, old spelling, silent h)
into the Soundex code beats generic similarity measures by a wide margin, echoing the lesson from non-
English Soundex adaptations [3]. Second, the length-ratio penalty and positional vectors were necessary
repairs: without them, Cosine Similarity absorbed subwords and Euclidean Distance equated anagrams.
Third, Jaro-Winkler's prefix emphasis is actively harmful for Indonesian pairs with coincidental shared
prefixes, justifying its replacement with phoneme-class soft matching. Limitations include the synthetic
construction of the fonetik_mirip pairs, which may not reflect the full distribution of real-world spelling
variation, and the absence of cross-validation; future work should test on naturally occurring Indonesian
noisy text and compare against neural phonetic embeddings.

CONCLUSION

This paper compared four phonetic similarity algorithms for Indonesian on 10,000 labeled word pairs.
Custom Soundex ID, redesigned around Indonesian phonology with digraph-aware encoding,
orthography normalization, and silent-h stripping, achieved 99.2% accuracy and F1-score 0.992,
outperforming Cosine Similarity (94.9%), Jaro-Winkler+G2P (91.9%), and Euclidean Distance (91.7%).
Confusion matrix and per-category analyses show that phoneme-aware encoding resolves the false
positives and false negatives that limit generic string measures. The documented preprocessing pipeline
and threshold settings provide a reusable baseline for Indonesian fuzzy text matching in search,
deduplication, and record linkage. For Indonesian text, monolingual models such as IndoBERT have been
shown to outperform multilingual counterparts on classification tasks [29], and recent work on trademark-
name similarity explicitly combines lexical, phonetic, and semantic signals [30], supporting the value of
the phonology-aware representations explored here.
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