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Kampus Tunjung Nyaho JI. Yos Sudarso Palangka Raya 73112
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ABSTRAK

Harga emas sebagai aset finansial safe haven kerap menunjukkan pola
pergerakan yang non-stasioner dan volatil, sehingga akurasi maupun konsistensi
model prediksi menjadi tantangan penting, khususnya pada kondisi pasar yang
mengalami perubahan tren tajam. Penelitian ini menerapkan, membandingkan, dan
mengevaluasi kinerja dua model deep learning, yaitu Temporal Convolutional
Network (TCN) dan Bidirectional Gated Recurrent Unit (BiGRU), untuk
memprediksi harga penutupan emas harian berdasarkan data historis univariat
periode 4 Januari 2010 sampai 30 Desember 2025 (4.022 observasi, 4.000 di
antaranya digunakan dalam eksperimen rolling window), serta membandingkan
keduanya terhadap baseline Naive Persistence. Model dievaluasi menggunakan
pendekatan fixed-length rolling window validation sebanyak 10 window yang
mencakup kondisi pasar berbeda-beda, dianalisis stabilitasnya melalui variansi,
standar deviasi, dan coefficient of variation (CV), diuji signifikansi statistiknya
menggunakan Wilcoxon Signed-Rank Test pada tiga variasi panjang sequence
input (20, 30, dan 60 hari), serta diuji robustness-nya terhadap inisialisasi bobot
acak menggunakan tiga random seed independen pada seluruh variasi. Hasil
menunjukkan BiGRU secara konsisten unggul dibandingkan TCN pada seluruh 10
window pengujian, dengan rata-rata MAE (dirata-ratakan dari tiga seed) sebesar
26,06 USD berbanding 318,58 USD pada SEQ_LEN = 20 hari, sedangkan TCN
menunjukkan gap performa yang signifikan akibat kecenderungan menghasilkan
prediksi flat yang tidak responsif terhadap perubahan tren, terutama pada periode
lonjakan harga pandemi COVID-19 dan harga tertinggi sepanjang sejarah. Di antara
tiga variasi panjang sequence, BIGRU mencatatkan akurasi dan konsistensi terbaik
pada SEQ LEN = 30 hari (MAE 24,95 USD, CV 0,5771). Perbedaan performa
TCN vs BiGRU, BiGRU vs Naive Persistence, dan TCN vs Naive Persistence
terbukti signifikan secara statistik (p = 0,002; effect size r = 1,000) pada seluruh
variasi panjang sequence. Meskipun BiGRU merupakan model deep learning
terbaik dalam penelitian ini, MAE-nya tetap berada di atas baseline Naive
Persistence (13,19 USD) pada seluruh window dan variasi pengujian, dan tingkat
stabilitasnya (CV) tidak melampaui Naive Persistence pada seluruh variasi yang
diuji setelah inisialisasi bobot acak diperhitungkan, sehingga BiGRU tidak dapat
digeneralisasi sebagai metode peramalan harga emas terbaik secara mutlak.

Kata Kunci: Temporal Convolutional Network, Bidirectional GRU, Prediksi
Harga Emas, Rolling Window Validation, Stabilitas Model
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ANALYSIS OF THE PERFORMANCE AND CONSISTENCY OF TCN AND
BIGRU MODELS IN GOLD PRICE PREDICTION

GITA ALLAMANDA LESTARI (223030503165)
Department of Informatics Engineering, Faculty of Engineering, University of
Palangka Raya
Tunjung Nyaho Campus, JI. Yos Sudarso, Palangka Raya 73112, Indonesia
allamandalestari09@mbhs.eng.upr.ac.id

ABSTRACT

Gold, as a safe-haven financial asset, frequently exhibits non-stationary and
volatile price movements, making both the accuracy and consistency of prediction
models a critical challenge, particularly under market conditions involving sharp
trend shifts. This study implements, compares, and evaluates the performance of
two deep learning models, namely Temporal Convolutional Network (TCN) and
Bidirectional Gated Recurrent Unit (BiGRU), in predicting daily gold closing
prices using univariate historical data from January 4, 2010 to December 30, 2025
(4,022 observations, 4,000 of which were used in the rolling window experiment),
and benchmarks both models against a Naive Persistence baseline. The models
were evaluated using a fixed-length rolling window validation approach across 10
windows covering distinct market conditions, with stability analyzed through
variance, standard deviation, and coefficient of variation (CV), statistical
significance tested using the Wilcoxon Signed-Rank Test across three input
sequence length variations (20, 30, and 60 days), and robustness to random weight
initialization tested using three independent random seeds across all variations.
Results show that BiGRU consistently outperformed TCN across all 10 test
windows, with an average MAE (averaged over three seeds) of 26.06 USD
compared to 318.58 USD at SEQ LEN = 20 days, while TCN exhibited a significant
performance gap due to its tendency to produce flat, trend-unresponsive
predictions, particularly during the COVID-19 price surge and the all-time-high
price period. Among the three sequence-length variations, BiGRU achieved its best
accuracy and consistency at SEQ LEN = 30 days (MAE 24.95 USD, CV 0.5771).
Performance differences for TCN vs BiGRU, BiGRU vs Naive Persistence, and
TCN vs Naive Persistence were statistically significant (p = 0.002; effect size r =
1.000) across all sequence-length variations. Although BiGRU was the best-
performing deep learning model in this study, its MAE remained above the Naive
Persistence baseline (13.19 USD) across all windows and variations, and its
stability (CV) did not exceed that of Naive Persistence in any variation once random
initialization was accounted for meaning BiGRU cannot be generalized as the
absolute best gold-price forecasting method.

Keywords: Temporal Convolutional Network, Bidirectional GRU, Gold Price
Prediction, Rolling Window Validation, Model Stability
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