Chapter 2: Background
2.1 Introduction
This chapter reviews the theoretical and empirical foundations for forecasting gold prices using a hybrid learning approach. We position the thesis model as a feature-level hybrid that couples a temporal deep learner (LSTM) with a strong tabular learner (XGBoost) to integrate heterogeneous drivers: price dynamics, macroeconomic and market indicators, and daily sentiment extracted from financial news via FinBERT. Recent literature indicates the value of decomposition-enhanced deep models for commodity futures and of hybrid architectures that blend sequence models with attention mechanisms, particularly for gold futures (Zhao, Guo, & Wang, 2025; Song, Huang, Xu, Ruan, & Zhu, 2024; Li et al., 2025).
2.2 AI in financial forecasting
AI methods enable modeling non-linear relations and regime shifts while fusing diverse modalities (time series, structured factors, and text). For gold, representative exogenous variables include the U.S. dollar index (DXY), inflation (e.g., CPI), term-structure proxies (e.g., UST10Y), and technical indicators; in parallel, news-derived sentiment signals (FinBERT positive/negative/neutral shares, counts, and rolling aggregates) can capture risk-on/off tones that often precede directional moves. Recent work shows that hybrid deep architectures significantly improve gold-futures forecasting, while adjacent markets (e.g., carbon prices) also benefit from pipelines that combine signal decomposition with deep learners—evidence that supports the thesis’ hybrid design choice (Zhao et al., 2025; Li et al., 2025; Song et al., 2024).
2.3 Gold price prediction techniques
2.3.1 Classical econometric models
ARIMA/SARIMA capture autocorrelation and seasonality; (G)ARCH focuses on volatility; and VAR/VECM model interactions across series (e.g., gold, USD, oil). While effective under relatively stable dynamics, linearity and stationarity assumptions can limit performance during structural breaks and high non-linearity—motivating modern and hybrid alternatives. (Overview synthesized; see Sections 2.3.2–2.3.3 for modern/hybrid evidence.)
2.3.2 Modern ML/DL and hybrid models
Modern machine learning (e.g., regularized linear models, Random Forest, XGBoost) captures complex interactions among tabular exogenous features and supports feature-importance diagnostics. Deep sequence models (e.g., LSTM/GRU; optionally 1D-CNN for local patterns) learn long-range temporal dependencies. The literature indicates:
Decomposition-enhanced deep models (multi-decomposition before DL) increase futures-prediction accuracy by stabilizing non-stationary inputs (Song et al., 2024).
Hybrid attention architectures (e.g., LSTM–Transformer with multi-scale feature fusion) achieve high accuracy in gold-futures forecasting (Zhao et al., 2025).
Meta-learning under resource constraints can improve forecasting accuracy/efficiency in financial markets, informing practical deployment choices for limited-compute settings (Batool, Baig, & Fatima, 2025).
ML-driven multi-objective optimization (MOO) supports sustainability and cost/risk trade-offs in gold-mining decisions, highlighting the broader role of data-driven methods around gold markets (Qiu, Yang, Tang, & Fan, 2025).
Hybrid deep learning in adjacent markets (e.g., carbon pricing) shows that dual-mode decomposition plus sequence mixers (e.g., BiGRU with attention/TKMixer) can boost performance—evidence transferable to precious-metal forecasting when thoughtfully adapted (Li et al., 2025).
2.3.3 Model choice in this thesis
The thesis adopts a feature-level hybrid: an LSTM encodes price-window dynamics into a compact representation, which is concatenated with macro/market/technical and FinBERT sentiment features and then learned by XGBoost. This design is (i) simpler to train and deploy than full attention stacks, (ii) robust with tabular feature sets, and (iii) aligned with evidence that hybrid and decomposition-assisted deep models outperform single-family baselines in commodity-futures settings (Zhao et al., 2025; Song et al., 2024; Li et al., 2025). For benchmarking and statistical validation, we will compare against ARIMA/SARIMA, (G)ARCH, pure LSTM/GRU, pure XGBoost, and 1D-CNN using consistent splits and a walk-forward protocol with Diebold–Mariano tests and prediction-interval assessment.
2.4 Alignment with supervisor-provided studies (quick map)
Decomposition → DL: We will optionally evaluate VMD/EWT before LSTM encoding, reflecting the multi-decomposition advantage in futures prediction (Song et al., 2024).
Hybrid/Attention: Although our primary design is feature-level (LSTM→XGBoost), we will include LSTM–Transformer as a strong ablation for gold futures (Zhao et al., 2025).
Cross-market evidence: Results from carbon price forecasting with dual-mode decomposition + TKMixer/BiGRU support the portability of hybrid pipelines (Li et al., 2025).
Meta-learning (deployment under constraints): We will discuss meta-learning as a deployment pathway when compute/latency is constrained (Batool et al., 2025).
From prediction to decision: We will outline how forecasts could feed multi-objective decision support (cost/emissions) in gold operations (Qiu et al., 2025).
Table 2.3. Summary of representative studies (compact)
	Ref
	Year
	Dataset
	Models
	Results
	Advantages
	Limitations

	[1]
	2024
	Futures (generic)
	Multi-decomposition + DL (reg/tree/NN families)
	Decomposition improves accuracy vs baselines
	Stabilizes non-stationarity; model-agnostic
	Not gold-specific; metrics vary

	[2]
	2025
	Gold futures
	LSTM–Transformer (multi-scale fusion)
	> baselines; strong directional accuracy
	Captures multi-scale temporal patterns
	More compute; tuning needed

	[3]
	2025
	Carbon prices
	Dual-mode decomposition + TKMixer–BiGRU–SA
	Significant gains post-decomposition
	Hybrid + decomposition helpful
	Different asset; adapt needed

	[4]
	2025
	Equities/Crypto
	Meta-learning vs DL (LSTM/GRU/CNN)
	Best acc/eff under constraints
	Resource-efficient
	Not gold-focused

	[5]
	2025
	Gold-mining ops
	ML + Multi-Objective Optimization (MOO)
	Better trade-offs (sustain/cost/risk)
	Sector relevance beyond price forecasting
	Not a pricing task


Ref map: [1] Song 2024; [2] Zhao 2025; [3] Li 2025; [4] Batool 2025; [5] Qiu 2025.
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