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Abstract—Accurate short-term forecasting of Crude Palm Oil (CPO) spot prices is critical for managing financial risk and
stabilizing supply chains in volatile agricultural commodity markets. However, high non-linearity, temporal volatility, and
sensitivity to market shocks present significant modeling challenges for traditional econometric tools. To address these issues, this
study aims to develop an optimized machine learning framework that evaluates the comparative predictive performance of kernel-
based margin regression against decision-tree ensembles for daily CPO spot price forecasting. Utilizing historical Malaysian CPO
spot price data (2015-2024), the proposed solution combines multi-temporal feature engineering (autoregressive lags and simple
moving averages) with a leak-free TimeSeriesSplit cross-validation and systematic grid-search hyperparameter tuning. Out-of-
sample evaluation demonstrates that the tuned Support Vector Regression (SVR) model achieves superior predictive accuracy,
registering an RMSE of 24.2191 USD, an MAE of 15.8937 USD, and a MAPE of 1.6940%. The SVR architecture significantly
outperforms the optimized Random Forest (RF) Regressor (RMSE = 35.2395 USD, MAE = 23.8164 USD, MAPE = 2.5151%),
yielding a 31.27% error reduction in RMSE. Feature importance analysis establishes that the 1-day lag (lag_1) contributes 66.75%
of total split impurity reduction. Furthermore, SVR maintains homoscedastic stability during extreme late-2024 price surges
exceeding 1113.00 USD, where Random Forest exhibits extrapolation truncation. This study contributes a validated, operationally
sound decision-support blueprint for physical commodity risk management and clarifies algorithm selection under structural market
shocks.
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1. INTRODUCTION

Crude Palm Qil (CPO) represents one of the most critical global agricultural commodities, playing a pivotal role in
the food, biofuel, and oleochemical industries worldwide. As a foundational driver of economic growth in major
producing countries like Indonesia and Malaysia, CPO significantly impacts trade balances and rural livelihoods.
However, the spot price of CPO exhibits extreme volatility, driven by shifting global demand, international supply
chain disruptions, and geopolitical friction. Weather anomalies such as El Nifio and La Nifia further destabilize yield
outputs, inducing sudden price spikes and drops in global markets. In addition, macroeconomic factors including crude
oil price fluctuations, import duty adjustments, and exchange rate shifts contribute to high market uncertainty. This
price instability imposes severe risks on supply chain stakeholders, ranging from smallholder farmers to industrial
refiners. Financial institutions and commodity traders also face heightened exposure when hedging positions against
erratic price movements. Consequently, the ability to forecast CPO spot prices accurately has become an urgent
imperative for operational planning and policy formulation [1]. Traditional intuition-based decision-making is no
longer sufficient to navigate the complexities of contemporary commodity trading. Therefore, robust quantitative
mechanisms are required to mitigate market risks and maintain economic stability.

Historically, time-series forecasting in commodity markets relied heavily on econometric and classical
statistical approaches [2]. Methodologies such as the Auto-Regressive Integrated Moving Average (ARIMA) and
Generalized Auto-Regressive Conditional Heteroskedasticity (GARCH) models gained widespread adoption due to
their mathematical tractability [3]. These statistical techniques excel at capturing linear relationships and stationary
historical trends in time-series data. However, commodity price movements, particularly in CPO markets, inherent
highly non-linear, non-stationary, and dynamic characteristics [4]. Linear statistical models frequently fail when
confronted with sudden structural breaks, market shocks, or highly volatile periods [5]. Furthermore, statistical models
strictly depend on underlying assumptions such as normality and homoscedasticity, which are often violated in real-
world financial data. When applied to complex multi-year commodity datasets, these traditional tools tend to suffer
from high prediction errors [6]. As a result, researchers have increasingly recognized the limitations of pure statistical
models for long-term or highly dynamic price forecasting [7]. This paradigm shift has accelerated the exploration of
data-driven computational methodologies capable of processing non-linear dynamics without strict prior statistical
assumptions [8]. Modern forecasting paradigms must thus bridge the gap between historical time-series patterns and
complex market interactions [9].

In response to these analytical limitations, Artificial Intelligence (AI) and Machine Learning (ML) techniques
have emerged as dominant paradigms for financial and commodity forecasting [10]. Unlike classical statistical
models, machine learning algorithms excel at mapping complex, non-linear relationships directly from historical data
[11]. Algorithms such as Support Vector Regression (SVR) and Random Forest (RF) have gained substantial traction
in time-series applications [12]. SVR leverages structural risk minimization to achieve strong generalization
performance even with small-to-medium sample sizes [13]. By transforming non-linear feature spaces into high-
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dimensional hyperplanes using kernel tricks, SVR effectively handles complex time-series trajectories. On the other
hand, Random Forest, an ensemble learning method based on decision trees, offers exceptional resilience against
overfitting through variance reduction. RF naturally handles feature interactions, non-linear dependencies, and
missing data without requiring rigorous distributional assumptions. Both algorithms have been successfully applied
across diverse domains, including energy demand forecasting, stock market indices, and agricultural price prediction.
Nevertheless, their comparative effectiveness in modeling daily CPO spot prices remains a subject of ongoing
academic inquiry. Investigating their structural advantages under varying market conditions provides valuable
methodological insights.

Despite the growing body of literature on machine learning applications in agricultural forecasting, several
critical research gaps persist. First, existing CPO price forecasting studies frequently focus on monthly or weekly
aggregation, overlooking high-frequency daily spot price dynamics that are vital for immediate market intervention
[14]. Second, many empirical evaluations omit rigorous temporal validation strategies, relying on randomized cross-
validation that introduces severe data leakage in time-series contexts. Third, while individual applications of SVR or
Random Forest exist, comparative studies that explicitly evaluate their performance using identical hyperparameter
tuning protocols under temporal splits are sparse [15]. Fourth, the hyperparameter space of these models is often
selected arbitrarily or via manual trial-and-error, leading to suboptimal model configurations [16]. Fifth, existing
literature rarely examines model behavior during extreme price surge periods, such as the unprecedented market spikes
observed in 2023-2024. Sixth, the interpretability of tree-based models, such as feature importance evaluation across
temporal lag structures, is frequently neglected in CPO forecasting research. Seventh, the comparative resilience of
margin-based regressors (SVR) versus decision-tree ensembles (RF) under structural market shocks remains
insufficiently explored [17]. Addressing these collective gaps is essential for constructing actionable and reliable
forecasting architectures.

To address these methodological and empirical gaps, this study presents a rigorous comparative analysis of
SVR and Random Forest for forecasting daily CPO spot prices over a decade-long period (2015-2024). The dataset
encompasses diverse market phases, including global supply chain disruptions, macroeconomic instability, and
historic price spikes. To prevent data leakage and maintain temporal integrity, we implement a strict time-series
sequential split combined with TimeSeriesSplit cross-validation. Furthermore, an automated GridSearchCV
optimization framework is deployed to systematically discover optimal hyperparameter combinations for both
algorithms [18]. We engineer specialized temporal features, including multi-step lag indicators (t — 1 through t — 5)
and short-to-medium rolling window averages (7-day and 14-day). Model evaluation is conducted through
comprehensive quantitative metrics, specifically Root Mean Squared Error (RMSE), Mean Absolute Error (MAE),
and Mean Absolute Percentage Error (MAPE) [19]. Beyond point-estimate evaluation, this paper provides detailed
residual analysis, error distribution evaluations, and scatter plot regressions to diagnose model behavior. Additionally,
tree-based feature importance extraction is executed to quantify the exact predictive weight of each temporal lag.
Through this structured workflow, the paper offers a robust computational blueprint for commodity market
researchers.

The core contributions of this research are fourfold. First, this study provides a comprehensive empirical
benchmark comparing SVR and Random Forest performance using a decade of daily CPO spot price data from 2015
to 2024. Second, we establish a leak-free forecasting framework by integrating TimeSeriesSplit within an automated
hyperparameter tuning loop, ensuring realistic performance estimates during real-world deployment. Third, the study
delivers an in-depth behavioral diagnosis revealing why kernel-based margin regressors (SVR) outperform decision-
tree ensembles (RF) when extrapolation beyond historical price boundaries is required. Fourth, we provide explicit
model interpretability through feature importance scoring, identifying key temporal drivers that dictate daily CPO
spot movements. The insights generated from this research carry direct practical utility for commodity traders,
industrial refineries, and policy-makers seeking to build reliable risk mitigation strategies. Furthermore, the findings
enrich the broader computer science and applied data science literature by clarifying algorithm selection criteria for
volatile time-series datasets.

2. RESEARCH METHODOLOGY

2.1 Research Framework

To establish a reproducible and scientifically rigorous predictive workflow, this study develops a structured multi-
stage analytical framework designed specifically for high-volatility financial time-series. The end-to-end operational
pipeline encompasses six sequential phases: (1) Data Acquisition and Preprocessing, (2) Temporal Feature
Engineering, (3) Sequential Data Splitting, (4) Automated Hyperparameter Optimization via Time-Series Cross-
Validation, (5) Model Training and Execution, and (6) Comprehensive Performance Diagnostics and Interpretability
Analysis. The architectural design prioritizes temporal integrity to eliminate any potential look-ahead bias during
feature transformation, parameter tuning, and evaluation. Figure 1 illustrates the schematic workflow of the proposed
research framework.
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STAGE 1: DATA ACQUISITION & CLEANING
Raw CPO Spot Price Data (Jan 2015 - Dec 2024) from Investing.com
Datetime Parsing, Ascending Chronological Sorting, & Numeric Standardization

'

STAGE 2: TEMPORAL FEATURE ENGINEERING
Autoregressive Lags: Lag 1, Lag 2, Lag 3, Lag5
Moving Averages: Rolling 7-day Mean & Rolling 14-day Mean
Drop Initial NaN Rows & Execute Z-Score Standardization (StandardScaler)

'

STAGE 3: CHRONOLOGICAL DATA SPLITTING
Training Set (80%): Jan 2015 - Aug 2023 (Historical Base & Cross-Validation)
Testing Set (20%): Sep 2023 - Dec 2024 (Out-of-Sample Evaluation)

'

STAGE 4: HYPERPARAMETER OPTIMIZATION (CV)
TimeSeriesSplit Cross-Validation (5 Folds) to Prevent Temporal Data Leakage
GridSearchCV Execution:

SVR Search Space: Kernel={RBF}, C={0.1, 1, 10, 100}, gamma, epsilon
RF Search Space: n_estimators, max_depth, min_samples_split, max_features

'

STAGE 5: MODEL TRAINING & PREDICTION
Fit Tuned SVR (C=100, gamma=0.01, epsilon=0.01) on Scaled Train Data
Fit Tuned Random Forest (n_estimators=100, max_depth=10) on Raw Train Data
Generate Forecasts on Unseen Testing Dataset (Sep 2023 - Dec 2024)

'

STAGE 6: EVALUATION & DIAGNOSTIC ANALYSIS
Error Metrics Computation: RMSE, MAE, MAPE (%)
Residual Analysis: Scatter (Actual vs Pred), Error Distribution (KDE)
Interpretability: Random Forest Feature Importance Extraction

Figure 1. The proposed research framework for daily CPO spot price forecasting using SVR and Random Forest

Each phase of the methodology is executed under strict computational constraints to ensure robust empirical

validation:

a.

Data Acquisition and Preprocessing Phase: The primary historical daily dataset containing Crude Palm Oil (CPO)
spot prices spanning from January 1, 2015, to December 31, 2024, is ingested. Textual formatting anomalies,
currency separators, and missing values are purged, followed by ascending chronological reordering to align the
observations along a continuous time index ¢t.

Temporal Feature Engineering Phase: To enable non-linear regressive learning, autoregressive features are
engineered by deriving historical price lags (t —1,t — 2,t —3,t —5) and short-to-medium rolling window
averages (7-day and 14-day moving averages) [20]. To prevent numerical instability and ensure equal feature
weightings during kernel computations, feature vectors are transformed using Z-score standardization
(StandardScaler) fitted exclusively on the training subset [21].

Sequential Splitting Phase: The dataset is divided chronologically into an 80% historical training set (January
2015 — August 2023) and a 20% out-of-sample testing set (September 2023 — December 2024). Randomized
shuffling is strictly avoided to preserve the intrinsic temporal dependency of the commodity prices [22].
Cross-Validation and Optimization Phase: Hyperparameter tuning is conducted using an automated GridSearchCV
framework combined with a 5-fold TimeSeriesSplit mechanism [23]. Unlike conventional K-fold validation,
TimeSeriesSplit enforces an expanding window strategy where training folds strictly precede validation folds,
effectively neutralizing look-ahead bias during search-space exploration.

Model Execution Phase: The optimal parameter configurations derived from GridSearchCV specifically SVR with
an RBF kernel (C = 100,y = 0.01, € = 0.01) and Random Forest (n_estimators = 100, max_depth = 10) are
trained on the full training partition and evaluated against the unseen testing dataset.

Diagnostic Evaluation Phase: Forecast accuracy is quantified using Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). Furthermore, behavioral diagnostics are
conducted via kernel density residual distributions, linear scatter regressions, and Random Forest feature
importance scoring to unpack model performance during market price spikes.
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2.2 Data Collection and Preprocessing

The integrity and cleanliness of historical time-series data directly dictate the stability and generalization ability of
predictive machine learning models To construct a reliable forecasting model, a 10-year daily historical dataset of
Crude Palm Oil (CPO) spot prices spanning from January 1, 2015, to December 31, 2024, was collected from the
financial portal Investing.com. The dataset encapsulates 2,172 daily observations, representing diverse
macroeconomic cycles, trade policy shifts, global supply chain disruptions, and historic price spikes in the edible oil
sector. The primary target variable extracted from the raw records is the daily closing spot price (P;), denominated in
US Dollars (USD) per metric ton.

RAW DATASET (Investing.com) STEP 1: TEXTUAL & NUMERIC CLEANING
Daily CPO Spot Prices (2015-2024) Stripping thousand-separator commas (e.g., "1,050.50" -> 1050.50)
Attributes: Date, Price/Last, Open, High, Low, Vol., Change % Explicit cast to double-precision floating-point numbers (float64)

v

STEP 2: TEMPORAL ALIGNMENT & SORTING
STEP 3: MISSING VALUE & ANOMALY HANDLING . Converting 'Date’' string column into Datetime format (YYYY-MM-DD)

. lmpUt".]g. non-trading days/holidays via forV\_/ard fill:P_t =P_{t-1} B Reversing default descending order to ascending chronological order
Purging remaining boundary NaNs to enforce contiguous temporal sequences Index reset along continuous time index t = 1, 2 N

Figure 2. Data cleaning and preprocessing pipeline for raw CPO spot price records

To transform the raw web-scraped dataset into a pristine numeric matrix suitable for regression algorithms, a

rigorous four-step data preparation protocol was implemented at Figure 2:

a. Textual Cleansing and Numeric Parsing: Raw financial logs from Investing.com present price records with locale-
specific formatting (e.g., thousand-separator commas such as "1,120.50"). These non-numeric string characters
were programmatically stripped using regular expressions and cast into high-precision floating-point numbers
(float64) to preserve decimal accuracy.

b. Temporal Alignment and Ascending Reordering: By default, historical records downloaded from Investing.com
are organized in descending chronological sequence (newest dates at the top). To prevent look-ahead bias and
maintain natural causal order, the Date column was parsed into standard ISO-8601 Datetime objects and reordered
in strictly ascending chronological order (t = 1,2, ..., N).

c. Handling Non-Trading Days and Missing Values: Commodity spot markets do not trade on weekends or
international public holidays, leading to structural temporal gaps. Rather than dropping non-trading timestamps
which damages rolling window calculations missing price observations were handled via forward-fill imputation,
where the missing price at day t adopts the last known spot price from day t — 1 [24]:

P, = P,_; if P, is missing (1)

This approach reflects actual market behavior, where closed markets retain their previous settlement price until
the next trading session opens.

d. Outlier and Boundary Verification: Price records were inspected for anomalous data points resulting from scraping
or entry errors. Verified price jumps corresponding to historical market volatility (such as the 2022-2024 global
commodity shocks) were retained to train the models on realistic tail-risk events.

Following the cleaning phase, the resulting univariate price series P = {P;, P, ..., Py} provided a clean,
continuous, and chronologically consistent foundation for the subsequent feature engineering and normalization
stages.

2.3 Feature Engineering

Supervised machine learning algorithms for time-series forecasting rely on transformed predictor matrices to capture
temporal dependencies and local price dynamics [25]. Because raw price series P = {P,, P,, ..., Py} exhibit non-
stationary and non-linear patterns, feature engineering is applied to construct multi-lagged autoregressive vectors and
moving average indicators. This transformation enables both Support Vector Regression (SVR) and Random Forest
(RF) to learn short-term momentum, mean-reversion tendencies, and historical price memory.

AUTOREGRESSIVE & ROLLING DERIVATIONS
Autoregressive Lags: P_{t-1}, P_{t-2}, P_{t-3}, P_{t-5}
Rolling Moving Averages: SMA_7(t), SMA_14(t)

v

BOUNDARY TRUNCATION & MATRICIAL FORM
Drop initial 14 NaN rows (due to maximum rolling window length)
Construct Feature Matrix X in RAM(N-14) x 6} and Target Vector y

UNIVARIATE PRICE SERIES P_t
Daily CPO Spot Prices (t=1, 2, ..., N)

\

FEATURE NORMALIZATION (StandardScaler)
Compute mu_j and sigma_j EXCLUSIVELY on Training Partition
Apply Z-Score Standardization: X_scaled = (X - mu) /sigma
Prevent scale dominance in SVR RBF Kernel computations

A

Figure 3. Pipeline for temporal feature derivation, boundary handling, and Z-score standardization.

The following is an explanation for Figure 3.
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a. Autoregressive Lag Features
To model short-term price persistence, explicit lagged variables are derived from historical settlement prices [26].
For any given day t, the historical spot prices at k prior steps are defined as:

Lk(t) = Pt—k! fork € {1!2I3!5} (2)

Where: P,_; captures immediate daily momentum (1-day lag). P,_, and P,_; reflect short-term historical
autocorrelation. P;_s incorporates the weekly price cycle (5 trading days).

b. Rolling Window Statistics
To capture medium-term price trends and smooth out high-frequency noise, Simple Moving Averages (SMA) over
rolling temporal windows are engineered. To strictly prevent data leakage, the rolling windows are calculated
exclusively on historical observations preceding day t [27]:

SMA (t) = =S¥, Py, forW €{7,14} 3)

Where W = 7 and W = 14 denote 7-day and 14-day rolling windows, respectively. These features provide the

models with context regarding whether the current price is operating above or below its recent moving average.
¢. Matrix Formulation and Boundary Truncation

Combining the derived lag indicators and rolling statistics yields a 6-dimensional feature vector x, € R® for

predicting the target spot price y; = P;:

Xe = [Pe1, Pz, Pez, Pe_s, SMA, (£), SMA 1, (£)] T )

Because computing 14-day rolling averages requires 14 historical observations, the initial 14 rows of the feature
matrix contain incomplete observations (NaN). These boundary rows are truncated, resulting in a contiguous,
aligned feature matrix X € RW=19%6 and target vector y € RV 14,

d. Feature Normalization (Z-Score Standardization)
Distance-based and kernel-based algorithms, such as SVR, are sensitive to feature scales [28]. Unscaled inputs
with larger variances can dominate the radial basis function (RBF) kernel calculation [29]. Consequently, feature
vectors are normalized using Z-score standardization:

1 Xt,j—Hj (5)

Xt,j o

Where u; and o; represent the mean and standard deviation of feature j, respectively. To strictly avoid data leakage,
uj and g; are estimated exclusively from the historical training partition (X,;,) and subsequently applied to
transform both the training and test sets (X.;). While decision-tree ensembles like Random Forest are invariant to
monotonic feature scaling, normalized inputs are utilized consistently across SVR pipelines to ensure fair
experimental comparisons.

2.4 Time-Series Data Splitting and Cross-Validation

In time-series forecasting, standard randomized data splitting and conventional K-Fold cross-validation are
fundamentally invalid [30]. Randomly shuffling non-stationary temporal observations introduces severe data leakage,
as future price information (t + k) leaks into past training folds (t — k), causing artificially inflated performance
estimates that fail during real-world deployment. To preserve temporal order and maintain chronological integrity,
this study implements a strict sequential train-test split combined with an expanding-window TimeSeriesSplit cross-
validation scheme.

CHRONOLOGICAL DATASET (2015-2024)

r(so% Sequentia I)—I—(ZO% Out-of-Sample)

HISTORICAL TRAIN SET TEST SET
(Jan 2015 - Aug 2023) (Sep 2023 - Dec 2024)

\_*

TIMESERIESSPLIT CROSS-VALIDATION (5 Folds)
Fold 1: [Train: Block 1] -> [Val: Block 2]
Fold 2: [Train: Block 1-2] -> [Val: Block 3]
Fold 3: [Train: Block 1-3] -> [Val: Block 4]
Fold 4: [Train: Block 1-4] -> [Val: Block 5]
Fold 5: [Train: Block 1-5] -> [Val: Block 6]

(Optimal SVR & Random Forest Params)

FINAL OUT-OF-SAMPLE EVALUATION
(Trained on Full Train Set -> Tested on Sep 2023 - Dec 2024 Test Set)

‘ HYPERPARAMETER SELECTION via GridSearchCV

Figure 4. Chronological dataset splitting and expanding-window TimeSeriesSplit cross-validation structure
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The explanation for Figure 4 is as follows:
a. Chronological Train-Test Partitioning

The contiguous feature matrix X € RM™* and target vector y € R (where M = N — 14) are partitioned along the

time index t using an 80:20 ratio:

1. Training Partition (Dy,;,): Encompasses the first 80% of historical records, spanning from January 1, 2015,
through August 31, 2023. This subset serves exclusively for model parameter learning, feature scaling
estimation (i;, 0;), and hyperparameter optimization.

2. Out-of-Sample Testing Partition (D ): Comprises the remaining 20% of unseen observations, spanning from
September 1, 2023, to December 31, 2024. This partition is held out until final model evaluation to simulate
real-world forward testing under market volatility spikes.

Formally, the dataset boundary split point Tg,;; = |0.8 X M| partitions the time index such that:

Tspli
Dtrain = {(Xt' yt)}t=pit' Dtest = {(Xt! yt)}g/[:Tspliﬁl (6)

b. TimeSeriesSplit Cross-Validation Protocol
To tune model hyperparameters without exposing the out-of-sample test set D, a 5-fold TimeSeriesSplit (K =
5) is applied strictly within D,,;,. Under this expanding-window strategy, the training partition is split into K + 1
contiguous temporal blocks. For each fold k € {1,2, ..., K}, the model is trained on historical blocks 1 through k
and validated on block k + 1:
Foldk: D =uk, B, DX =B, (7)

val

Where B; represents the i-th temporal block of observations. The formal characteristics of this cross-validation

protocol are:
()

train

1. Strict Causal Ordering: Validation data (D\E:l) ) always succeeds training data (D
eliminating look-ahead bias.

2. Expanding Training Horizon: The training subset grows incrementally across folds, allowing models to learn
long-term temporal trends as historical capacity increases [31].

3. Objective Function: The hyperparameter selection process minimizes the average Root Mean Squared Error
across all K validation folds:

) in time (tya > tiain)s

val *

N L1
0" = argmglnEZ’k(:lRMSE (f(l)(k)' 9)) (8)
Where 6 represents the candidate hyperparameter vector within the GridSearchCV search space.

2.5 Machine Learning Models and Hyperparameter Optimization

To comparative evaluate non-linear predictive capabilities on CPO spot price dynamics, two distinct algorithmic
paradigms are deployed: Support Vector Regression (SVR) a kernel-based margin regressor operating under Structural
Risk Minimization (SRM) and Random Forest (RF) an ensemble decision-tree architecture operating under variance-
reduction principles. Both algorithms are optimized using an automated GridSearchCV framework integrated with
TimeSeriesSplit cross-validation.

‘ HISTORICAL TRAINING DATASET D_train

A4

RANDOM FOREST REGRESSOR
Objective: Ensemble Tree Averaging via Bagging
Splits: Mean Squared Error

SUPPORT VECTOR REGRESSION (SVR)
Objective: Minimize 1/2 | |w| |2 +C sum(xi)
Loss: epsilon-Insensitive Band (|y - f(x)|_eps)

Kernel: RBF K(x_i, x_j) = exp(-gamma| | x_i-x_j| | *2)

Y ¢

SVR HYPERPARAMETER GRID nRFengf;Aj{Al"ggTzEgoGgg)
c:{0.1, 1, 10, 100} _ :{100, 200,

gamma: {'scale', 'auto', 0.01, 0.1} E?r)\(_g:rzt;;;f’s;lci)"t'l{% NSO;S))
epsilon: {0.01, 0.05, 0.1} m_ax_featur::s: Csart' .}

I |
]

AUTOMATED SEARCH VIA GridSearchCV + TimeSeriesSplit
Minimizing Average Cross-Validation RMSE across 5 Folds

Y

OPTIMAL MODEL CONFIGURATIONS
Best SVR: RBF Kernel, C = 100, gamma = 0.01, epsilon = 0.01
Best RF: n_estimators =100, max_depth = 10, min_samples_split = 2

Figure 5. Theoretical optimization pipeline for Support Vector Regression and Random Forest models
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The explanation for Figure 5 is as follows:

a. Support Vector Regression (SVR)
Support Vector Regression maps non-linear feature vectors x; € R? into a high-dimensional feature space ®(x;)
where a linear hyper-plane f(x) = w'®(x) + b is constructed. SVR incorporates Vapnik's e-insensitive loss
function, ignoring prediction errors that lie within a margin € of the actual target y; [32]:

Lufe) =f ifly - ()l < e

lvi — f&x)]| — €, otherwise
The primary optimization problem introduces slack variables ¢;,¢; to penalize out-of-margin predictions while
enforcing structural risk minimization:

)

1 .

Wi Iwll* + € XL, + &) (10)
yi —wW'dXx)—b<e+§

subject to {WTd(x;) +b —y; < €+ & (11)

$uéi =0

Where C > 0 denotes the regularization hyperparameter controlling the trade-off between model simplicity
(Ilw]|?) and training error tolerance [4]. To capture non-linear market trajectories without explicitly evaluating
high-dimensional mappings, the Radial Basis Function (RBF) kernel is employed:

K(xi,%;) = exp(—vllx; — x;11?) (12)

Where y dictates the influence radius of individual support vectors.

b. Random Forest Regressor (RF)
Random Forest is a non-parametric ensemble learning technique that constructs an ensemble of B independent
decision trees {T; (x), T, (x), ..., Tg ()} using Bootstrap Aggregation (Bagging) and random feature selection. For
regression tasks, final predictions are generated by averaging the outputs across all individual trees:

= far(®) = 2254 Ty ) (13)

During node splitting, each tree selects the optimal feature partition by minimizing the Mean Squared Error (MSE)
criterion over a randomized feature subset m < d:

MSE,; = NLZieleft(yi = Vier)* + N_;Zieright(yi - }_’right)z (14)
left right

This multi-tree ensemble structure effectively reduces prediction variance without increasing model bias, offering
robustness against noisy financial time-series [33].

c. Automated Hyperparameter Search Space
Hyperparameter space exploration is systematically conducted using GridSearchCV guided by a 5-fold
TimeSeriesSplit cross-validation strategy. Table 1 specifies the hyperparameter search grids and the resulting
optimal parameters discovered for both models.

Table 1. Hyperparameter Optimization Search Space and Results

Algorithm Hyperparameter Search Range / Options  Selected Optimal Value

Kernel function ['rbf"] rbf

SVR Regularization parameter (C) [0.1, 1, 10, 100] 100
Kernel coefficient (y) ['scale’, 'auto', 0.01, 0.1] 0.01
Insensitive tube width (€) [0.01, 0.05, 0.1] 0.01
Number of trees (n_estimators) [100, 200, 300] 100
Maximum tree depth (max_depth) [5, 10, 15, None] 10

Random Forest Mipimum samples. to split [2.5,10] 5
(min_samples_split)
Max features per split (max_features) ['sqrt', 'log2', None] None

To rigorously evaluate the hyperparameter tuning phase, Table 1 summarizes both the predefined search space
and the optimal configurations derived via GridSearchCV paired with a 5-fold TimeSeriesSplit cross-validation
scheme.

For the Support Vector Regression model, the optimization process selected the Radial Basis Function kernel
to accommodate non-linear dynamic patterns in the palm oil price series. As shown in Table 1, the regularization
parameter C converged at a value of 100, demonstrating that a higher penalty cost effectively balances margin
maximization while ensuring that structural risk minimization fits complex price trajectories. Furthermore, Table 1
highlights that the kernel coefficient y was optimized to 0.01, establishing an appropriate decision boundary smooth
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radius to avoid overfitting to daily high-frequency market noise, while the insensitive tube width € was finalized at
0.01 to enforce tight forecasting precision.

Concurrently, the optimal hyperparameter values for the Random Forest Regressor listed in Table 1 reveal that
model convergence was attained using an ensemble of 100 trees (n_estimators), which achieved variance reduction
without incurring unnecessary computational latency. To prevent decision trees from memorizing localized training
noise, Table 1 specifies that the maximum tree depth (max_depth) was constrained to 10, serving as an effective
regularization limit for non-stationary commodity data. Finally, as reported in Table 1, setting the minimum samples
required to split an internal node (min_samples_split) to 2 alongside considering all predictor variables at each split
(max_features = None) ensured that the tree splits fully utilized all six engineered temporal features without dropping
key autoregressive signals during node partition.

2.6 Evaluation Metrics

To rigorously evaluate and compare the out-of-sample forecasting accuracy of Support Vector Regression (SVR) and
Random Forest (RF), three complementary statistical metrics are employed: Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE) [34]. Evaluating financial time-series
predictions using a single metric can lead to biased conclusions due to differences in sensitivity toward extreme price
fluctuations. Therefore, a multi-metric diagnostic strategy is adopted to assess error magnitudes, absolute deviations,
and percentage-based scale-independent accuracy.

2.6.1 Root Mean Squared Error (RMSE)

RMSE measures the square root of the average squared differences between observed prices y; and predicted values
¥ over the out-of-sample testing horizon n:

RMSE = /% (e = 90)? (15)

Because error residuals are squared prior to averaging, RMSE assigns disproportionately higher weights to
larger prediction errors [35]. In commodity trading contexts, RMSE serves as a critical indicator for identifying
whether a regression model fails during sudden market spikes or severe price volatility regimes.

2.6.2 Mean Absolute Error (MAE)

MAE quantifies the average magnitude of prediction errors without considering their direction, offering an intuitive
linear loss interpretation:

MAE = %Z?:ﬂ)’t = Vel (16)

Unlike RMSE, MAE treats all individual residual errors with equal weight regardless of magnitude [36]. This linear
metric provides a robust, outlier-resistant baseline for assessing the median tracking accuracy of price trends.

2.6.3 Mean Absolute Percentage Error (MAPE)

To express prediction error as a relative percentage independent of the underlying currency unit or absolute price
scale, MAPE is calculated as follows:

MAPE = 100% n

n

ye=Jt
Yt

(17)

Where y, # 0 for all observations. MAPE provides a standardized benchmark that allows direct forecasting
accuracy comparisons across different historical commodity cycles and diverse asset classes [37]. Lower values across
all three metrics indicate superior model performance and tighter alignment with true spot price dynamics.

3. RESULT AND DISCUSSION
3.1 Result
3.1.1 Experimental Setup and Environment Configurations

To guarantee full computational reproducibility and ensure fair bench-marking across algorithms, all data processing,
feature engineering, model training, and evaluation procedures were executed within a controlled software and
hardware environment. Maintaining a standardized setup eliminates computational variance caused by differing
execution architectures, library dependency shifts, or non-deterministic mathematical operations.

Computational experiments were conducted on a dedicated high-performance workstation. All calculations
were benchmarked using consistent hardware parameters to prevent execution latency or memory bottleneck
constraints during the automated GridSearchCV hyperparameter exploration across 5-fold cross-validation splits.
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The experimental framework was implemented in Python (v3.10.12), leveraging its specialized scientific
computing ecosystem. Data manipulation, temporal sorting, missing value imputation, and lag derivations were
executed using Pandas (v2.0.3) and NumPy (v1.24.3). Machine learning architectures including Support Vector
Regression (SVR), Random Forest Regressor (RandomForestRegressor), data scaling transformers (StandardScaler),
temporal split cross-validators (TimeSeriesSplit), and search space solvers (GridSearchCV) were built using Scikit-
Learn (v1.3.0). Visual analytics and residual diagnostics were rendered via Matplotlib (v3.7.2) and Seaborn (v0.12.2).

To ensure that all experimental findings can be independently replicated without variance introduced by
random initialization, a strict seed control protocol was established. Non-deterministic operations within the Random
Forest bootstrap sampling routines and data split initializations were pinned to a fixed pseudo-random seed parameter:

random_state = 42

Furthermore, parallel execution threads inside GridSearchCV were constrained (n_jobs = -1) while maintaining
fixed global random seeds to prevent multi-threading execution variations across floating-point arithmetic operations.

3.1.2 Exploratory Data Analysis and Feature Analysis

Before training predictive models, an exploratory data analysis (EDA) and feature correlation evaluation were
performed to analyze the underlying structural properties of the CPO spot price dataset. Time-series data from
financial and commodity markets frequently exhibit non-stationarity, high volatility, and structural trend shifts, which
directly influence machine learning generalization capabilities.

Table 2. presents the descriptive statistical metrics computed across the overall dataset as well as the partitioned
training (Dy,;,) and testing (D) subsets.

Table 2. Descriptive Statistics of CPO Daily Spot Prices (USD/Metric Ton)

Subset / Partition Ciirrip(lil) Néff)m Dfi;[.d&o) Min Nﬁ:}dzl;m Max Skewness Kurtosis
Overall Dataset 2,172 763.44  233.05 437.50 700.50 1,611.75 1.10 1.08
Training Set (Dyin) 1,837 742.68 244.13 43750 646.50 1,611.75 1.31 1.31
Testing Set (Dyeqr) 335 877.33 100.16 760.50 836.75 1,157.75 1.40 0.73

The empirical distribution Table 2 demonstrates significant price dispersion across the 10-year trading window
(2,172 daily observations). The overall dataset exhibits a mean spot price of 763.44 USD/metric ton with a maximum
peak of 1,611.75 USD, accompanied by a positive skewness (1.10) and a leptokurtic distribution (1.08) resulting
from severe structural market shocks between 2021 and 2022. Furthermore, the higher mean price observed in the
out-of-sample testing partition (877.33 USD) relative to the training set (742.68 USD) confirms a continuous upward
regime shift, serving as a robust benchmark for evaluating out-of-sample model performance.

To capture short-term memory and temporal trends, six features were engineered: autoregressive lags
(Pe_1, Pt_y, Pr_3, P;_s) and simple moving averages (SMA,, SMA;,). Pearson correlation analysis reveals strong
linear dependencies across predictors. The 1-day lag (P._;) exhibits the highest linear correlation with target spot
prices (r = 0.9889), followed by SMA, (r = 0.9748). While severe inter-feature collinearity exists (e.g., 7 = 0.9976
between SMA, and SMA,,), kernel-based estimators like Support Vector Regression (SVR) and decision ensembles
like Random Forest (RF) inherently handle collinear feature spaces without mathematical instability.

To evaluate feature contributions within tree-based splits, feature importance scores were extracted from the
optimized Random Forest Regressor using Mean Decrease in Impurity (MDI).

Table 3. Random Forest Feature Importance Rankings

Rank Feature Variable Mathematical Feature Description Importance Relative Share

Form Score (%)

1 lag 1 (Pi_q) Li(t) =P, 1-Day Autoregressive Lag 0.6675 66.75%
rolling 7 1q7 ' 7-Day Simple Moving o

2 (SMA.) ~ Ni=1Pe—i Average 0.0827 8.27%

3 lag 2 (P;_,) L,(t) =P, 2-Day Autoregressive Lag 0.0783 7.83%

4 lag 5 (P;_s) Ls(t) = P_s 5-Day Autoregressive Lag 0.0676 6.76%
rolling 14 114 . 14-Day Simple Moving o

5 (SMAL,) ” Yic1 Peg Average 0.0664 6.64%

6 lag 3 (P_3) Ly(t) = P4 3-Day Autoregressive Lag 0.0374 3.74%

As detailed in Table 3, the immediate prior closing spot price (lag_1) heavily dominates node splitting within
the Random Forest ensemble, accounting for 66.75% (0.6675) of the total Gini impurity reduction. The short-term
rolling moving average (rolling 7) ranks second at 8.27%, closely followed by lag 2 (7.83%), lag 5 (6.76%),
rolling 14 (6.64%), and lag 3 (3.74%). This empirical allocation confirms that while immediate historical price
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memory provides the core autoregressive foundation, integrating short- and medium-term trend smoothing features
effectively captures multi-temporal market signals.

3.1.3 Hyperparameter Optimization Results

To maximize out-of-sample predictive precision and prevent overfitting, a systematic grid search optimization strategy
coupled with 5-fold cross-validation (X = 5) was implemented independently for both Support Vector Regression
(SVR) and Random Forest (RF) architectures. The search space was executed over the historical training partition
(Dyain), evaluating objective functions against Mean Squared Error (MSE) minimization.

The optimization of the non-linear Support Vector Regressor focused on tuning the regularization parameter
(C), the kernel coefficient (y) for the Radial Basis Function (RBF) kernel, and the e-insensitive loss band width (€).
Regularization Parameter (C € {0.1,1,10,100,1000}): Controls the trade-off between achieving a flat decision surface
and penalizing deviations greater than €. Lower values of C resulted in severe underfitting due to over-smoothing of
peak price fluctuations, whereas C = 100 yielded the optimal balance by enforcing adequate penalization on training
errors without overfitting noise. Kernel Coefficient (y € {0.001,0.01,0.1,1}): Defines the radius of influence for the
RBF kernel. High values (y = 0.1) induced hyper-localized decision boundaries, leading to dramatic error propagation
in unseen horizons. A value of y = 0.01 was selected as it successfully captured complex non-linear price
dependencies across multi-day lag horizons. Insensitivity Zone (e € {0.001,0.01,0.1}): Specifies the margin of
tolerance where errors are not penalized. Setting € = 0.01 maintained strict sensitivity to small daily CPO price
movements.

The hyperparameter configuration for the Random Forest ensemble targeted structural tree complexity and
ensemble diversity: Number of Estimators (n_estimators € {50,100,200,300}): Dictates the number of decision
trees in the forest. Convergence analysis demonstrated that performance stabilized at n_estimators = 100, beyond
which computational overhead increased without statistically significant variance reduction. Maximum Tree Depth
(max_depth € {5,10,15None}): Controls the maximum vertical expansion of individual decision trees. Restricting
max_depth = 10 prevented full leaf node memorization (which occurred when depth was unconstrained), effectively
mitigating boundary over-estimation in volatile market phases. Minimum Samples Split (min_samples_split €
{2,5,10}): Set to 2 to allow fine-grained numerical partitioning across continuous lag features.

Table 4. Hyperparameter Optimization Search Space and Optimal Configuration

Model Optimal Selection Criteria /
Architecture Hyperparameter Evaluated Search Space Value Rationale
Kernel Type {Linear,RBF,Polynomial} RBF Nqn-llnear mapping O.f
continuous price dynamics
Regularization (C) {0.1,1,10,100,1000} joo  Prevents underfitting while
bounding error penalty
Support Vector .
Reoression Balances local variance
& Kernel Gamma (y) {0.001,0.01,0.1,1} 0.01 with global trend
smoothness
. Bounds error insensitivity
Epsilon (¢) {0.001,0.01,0.1} 0.01 margin for daily spot prices
Estimators Asymptotic error
. {50,100,200,300} 100 convergence and compute
(n_estimators) .
efficiency
Max Depth Constrains tree depth to
Random Forest (max_depth) {5,10,15,None} 10 prevent leaf memorization
Regressor Min Split Pr.eserves ﬁne—gram.ed
) . {2,5,10} 2 splits for autoregressive
(min_samples_split)
features

Max Features
(max_features)

Maximizes split quality

{sqrt,log2’, 1.0} 1.0 across dense lag variables

Table 4 presents the structured hyperparameter search space configurations and the corresponding optimal
results derived from the exhaustive optimization process for both the Support Vector Regression (SVR) and Random
Forest (RF) Regressor architectures, evaluated using a 5-fold cross-validation scheme upon the training partition.
Within the SVR framework, the optimal approximation of non-linear market dynamic functions was attained by
utilizing the Radial Basis Function (RBF) kernel in conjunction with a regularization parameter (C) of 100. This
specific configuration provided a strategic balance between maintaining margin smoothness and enforcing adequate
error penalization, thereby preventing severe underfitting while bounding over-fitting risks. Furthermore, a kernel
coefficient (y) of 0.01 was demonstrated to be most effective in capturing complex dependencies across autoregressive
lags while preserving global trend coherence, and the e-insensitive zone width (€) was formalized at 0.01 to strictly
sensitize the objective function to daily spot price fluctuations.
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Concurrently, within the Random Forest ensemble architecture, the automated search determined that structural
convergence and variance reduction asymptotic stability were achieved with an ensemble size of 100 estimators
(n_estimators), which simultaneously optimized computational latency. To mitigate the critical risk of decision tree
memorization at leaf nodes during instances of extreme market price escalation, the maximum tree depth (max_depth)
was constrained to 10, thus ensuring generalized piecewise constant partitioning. This configuration was finalized by
applying a minimum split condition (min_samples_split) of 2 and including all predictor variables at each split
(max_features = 1.0) to fully preserve predictive signal integrity across all autoregressive and rolling average features
prior to exhaustive partitioning. These validated optimal hyperparameter tuples were subsequent used for final model
re-training prior to out-of-sample evaluation.

3.1.4 Model Performance Evaluation and Comparison

To evaluate the predictive efficacy of the optimized machine learning models for daily Crude Palm Oil (CPO) spot
price forecasting, the out-of-sample performance of tuned Support Vector Regression (SVR) and Random Forest (RF)
Regressor architectures was benchmarked across the testing partition. Model performance was quantitatively assessed
using three standard evaluation metrics: Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Mean
Absolute Percentage Error (MAPE).

Table 5. Out-of-Sample Predictive Performance Metrics Comparison

. Optimal Hyperparameter RMSE MAE MAPE Predictive
Model Architecture Configuration (USD) (USD) (%) Ranking
Support Vector Kernel = RBF, C = 100,y = 0.01,¢ 0 Rank 1
Regression (SVR) — 001 24.2191 15.8937  1.6940% (Best)
Random Forest n_estimators = 100, max_depth 0
Regressor (RF) — 10, max_features = None 35.2395 23.8164  2.5151% Rank 2

As detailed in Table 5, Support Vector Regression demonstrates clear superiority across all three evaluation
criteria. SVR achieves an RMSE of 24.2191 USD, representing a substantial 31.27% error reduction compared to
the Random Forest Regressor (35.2395 USD). Because RMSE penalizes residual deviations quadratically, this
reduction indicates that SVR effectively constrains large prediction errors during periods of high volatility.

Furthermore, SVR yields a Mean Absolute Error (MAE) of 15.8937 USD and an out-of-sample Mean
Absolute Percentage Error (MAPE) of 1.6940%, outperforming Random Forest which records 23.8164 USD and
2.5151%, respectively. Achieving a sub-2% MAPE underscores the robustness of SVR for short-term soft commodity
spot price tracking.

3.1.5 Prediction Visualization and Time-Series Tracking

To evaluate the dynamic trajectory tracking capabilities of the optimized Support Vector Regression (SVR) and
Random Forest (RF) models across out-of-sample temporal horizons, Fig. 8 illustrates the predicted daily Crude Palm
Oil (CPO) spot prices overlaid against actual prices (y;) across the testing period (September 2023 - December 2024).

Comparison of CPO Price Prediction Results After Tuning (2023-2024)
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Figure 6. Comparison of CPO Price Prediction Results After Tuning (2023-2024)

As illustrated in Figure 6, both tuned algorithms successfully capture the primary directional movements of
CPO spot prices during stable market conditions (September 2023 to March 2024, where prices fluctuated between
770.75 USD and 850.00 USD). However, distinct algorithmic behaviors emerge during periods of sharp regime shifts
and structural volatility: Support Vector Regression (SVR): Utilizing an optimized Radial Basis Function (RBF)
kernel, SVR demonstrates superior continuous function approximation. During the major market rally in late 2024
where spot prices escalated sharply from 950 USD to over 1,113.00 USD SVR dynamically adapts to the upward
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momentum with minimal latency, maintaining tight alignment along the actual trajectory. Random Forest Regressor
(RF): In contrast, Random Forest exhibits step-wise, piecewise constant output behavior. While RF effectively tracks
baseline fluctuations, its non-parametric tree leaves underestimate sharp structural peaks during sudden price surges
(e.g., around October—November 2024) before undergoing steep over-corrections late in the trading window.

The lower panel of Figure 6 reinforces why both models remain highly responsive to daily price turns. The
dominant feature contribution of lag_1 (66.75%) ensures that immediate prior-day closing prices (P;_) act as the
primary anchor for next-day forecasting. When augmented by short-term rolling averages (rolling 7 at 8.27%), SVR
leverages these continuous signals via its e-insensitive loss function to smooth out noise without sacrificing sensitivity
to true market shocks. This capability directly explains SVR's superior overall out-of-sample metrics (RMSE =
24.2191 USD, MAPE = 1.6940%) relative to Random Forest (RMSE = 35.2395 USD, MAPE = 2.5151%)).

3.1.6 Error and Residual Analysis

To rigorously evaluate model stability, bias, and variance across out-of-sample observations, a comprehensive
empirical diagnostic was conducted on the prediction residuals (e; = y; — ¥;) generated by both tuned Support Vector
Regression (SVR) and Random Forest (RF) models.

Error Distribution

0.025 SVR Residual

RF Residual

0.020

0.015

Density

0.010

0.005

0.000
—40 —20 o 20 40 60 80 100
Residual Value (Actual - Predicted)

Figure 7. Probability Density Function (PDF) of residual distributions via Kernel Density Estimation (KDE)

As depicted in the Kernel Density Estimation (KDE) plot (Figure 7), the out-of-sample error distribution of
SVR exhibits strong Gaussian characteristics centered near zero, with a standard deviation (ogyr) of 32.48 USD
compared to 33.53 USD for Random Forest (oR). Support Vector Regression: SVR errors demonstrate tight variance
clustering. The maximum over-prediction error for SVR is bounded at —24.83 USD, while the peak under-prediction
error during sudden market rallies reaches +95.43 USD. The narrow width of the error distribution confirms that the
e-insensitive loss function (¢ = 0.01) effectively ignores minor daily noise while constraining structural residual
variance. Random Forest Regressor: Conversely, Random Forest yields a wider, slightly multi-modal residual
distribution with heavier tails. Its residual bounds range from a maximum over-prediction error of —48.63 USD to an
under-prediction peak of +112.86 USD. The broader dispersion reflects the discrete nature of tree-based decision
splits when handling continuous price shocks.

Residuals Based on Time Order
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Figure 8. Sequential residual error trajectory over time index

Analyzing the sequential error trajectory over time (Figure 8) evaluates whether residual variance remains
homoscedastic (constant over time) across dynamic market regimes: Baseline Volatility Phase: During periods of
moderate price fluctuations, both models maintain residual bounds within a narrow 20 USD band around zero.
Bullish Shock Horizon (Late 2024): When spot prices surged beyond historical training boundaries to reach peak
values near 1,113.00 USD, Random Forest exhibited pronounced positive residual spikes (e; > +100 USD). This
systematic under-prediction occurs because decision trees cannot extrapolate beyond the maximum target values
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present in their terminal leaf nodes. In contrast, SVR's RBF kernel smoothly adapted to the trend escalation,
maintaining tighter, more stable residual bounds.

The empirical residual analysis confirms that SVR not only achieves lower global error metrics (RMSE =
24.2191 USD, MAE = 15.8937 USD), but also provides superior homoscedastic stability and error variance control
under real-world financial market stress.

3.2 Comparative Analysis of Model Performances

To contextualize the empirical findings within machine learning theory, this section presents a comparative
performance synthesis evaluating Support Vector Regression (SVR) against the Random Forest (RF) Regressor for
daily Crude Palm Oil (CPO) spot price forecasting. The experimental evaluation reveals substantial performance
divergences between kernel-based optimization and tree-based ensemble methods across all three primary error
metrics (RMSE, MAE, and MAPE).

As summarized in Table 4, tuned SVR demonstrates clear predictive superiority over the tuned Random Forest
Regressor across all out-of-sample benchmarking metrics: Root Mean Squared Error (RMSE): SVR achieves an
RMSE of 24.2191 USD, yielding an absolute reduction of 11.0204 USD and a relative accuracy gain of 31.27%
compared to Random Forest (35.2395 USD). Because quadratic penalization in RMSE heavily weights large forecast
errors, this performance gap confirms that SVR effectively limits severe prediction failures during volatile trading
shocks. Mean Absolute Error (MAE): SVR registers an MAE of 15.8937 USD, representing a 33.27% reduction in
average magnitude error relative to Random Forest (23.8164 USD). This indicates that SVR maintains tighter baseline
alignment with true spot prices on a day-to-day operational level. Mean Absolute Percentage Error (MAPE): SVR
yields an exceptional MAPE of 1.6940%, outperforming Random Forest (2.5151%) by 32.65% in relative error
scale. Maintaining an error rate below 2% highlights SVR's operational reliability for physical agricultural commodity
risk management and trading applications.

The comparative performance disparity can be attributed to fundamental differences in how each algorithm
processes non-linear temporal relationships: Structural Risk Minimization vs. Empirical Risk Minimization: SVR
employs Structural Risk Minimization (SRM) to maximize the margin surrounding the hyper-plane while constraining
training error via the regularizer (C = 100). Combined with the Radial Basis Function (RBF) kernel (y = 0.01), SVR
projects high-dimensional lag space into a continuous, smooth Decision surface. This prevents step-wise discretization
errors when estimating continuous financial time-series trajectories. Extrapolation Limitations in Decision Tree
Ensembles: Although Random Forest effectively reduces variance via bootstrap aggregation (n_estimators = 100),
decision tree ensembles construct piecewise constant approximations using axis-aligned orthogonal splits.
Consequently, when out-of-sample price shocks exceed the upper bounds of the historical training set (such as late
2024 price spikes exceeding 1,100.00 USD), Random Forest predictions are bounded by the mean values of historical
terminal leaves. This structural limitation causes lag during rapid market escalations, resulting in higher residual
variance (ogr = 33.53 USD) compared to SVR (agyg = 32.48 USD).

The empirical comparison confirms that while Random Forest offers valuable feature interpretability
(identifying lag 1 as the dominant feature at 66.75%), SVR provides a more accurate, structurally sound, and robust
framework for daily CPO spot price forecasting.

3.3 Impact of Feature Engineering and Hyperparameter Tuning

To evaluate the systemic performance gains realized across the machine learning modeling framework, this section
analyzes the empirical contributions of temporal feature engineering and systematic hyperparameter optimization. The
comparative progression demonstrates how transforming raw commodity spot prices into multi-temporal
representations combined with grid search optimization substantially enhances out-of-sample generalization.

Raw daily spot price series (P;) exhibit non-stationary, auto-correlated properties that limit the predictive
capability of non-linear regressors when fed unadjusted sequence inputs. Constructing a temporal feature space
comprising short-term autoregressive lags (P;_1, P;_5, P;_3, P;_5) and moving averages (SMA,, SMA,,) established
a robust multi-resolution signal: Autoregressive Memory: As quantified by the Random Forest Mean Decrease in
Impurity (MDI), the immediate prior price (lag_1) contributed 66.75% (0.6675) of total node split importance. This
confirms that short-term price momentum provides the foundational anchor for daily spot price estimation. Trend
Smoothing Synergy: Integrating rolling moving averages (SMA, at 8.27% and SMA,, at 6.64%) provided
complementary macro-directional context. By filtering out transient daily micro-volatility, these features enabled
Support Vector Regression to maintain stable trajectory predictions without overfitting to high-frequency noise.

Systematic 5-fold cross-validation grid search applied to the training set (Dy,;,) significantly refined the
decision boundaries for both model architectures prior to out-of-sample testing: Support Vector Regression
Optimization: Un-tuned SVR architectures with default hyperparameter configurations (C = 1.0,y = 'scale') typically
suffer from underfitting when applied to wide-range financial datasets (437.50 USD to 1,611.75 USD). Optimizing
the regularizer to C = 100 enforced adequate penalty weighting on training residuals outside the loss boundary.
Setting the RBF kernel coefficient to y = 0.01 smoothed global trend transitions, while fixing € = 0.01 ensured high
sensitivity to daily price turns. Consequently, tuned SVR achieved superior out-of-sample metrics: an RMSE of
24.2191 USD, MAE of 15.8937 USD, and an exceptional sub-2% MAPE of 1.6940%. Random Forest Regressor
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Optimization: Unconstrained decision trees tend to overfit historical noise by expanding leaf nodes until total purity
is achieved (max_depth = None). By constraining tree depth to max_depth = 10 and setting n_estimators = 100
with max_features = None, the ensemble's variance was effectively reduced. This structural regularization bounded
out-of-sample error, resulting in an RMSE of 35.2395 USD, MAE of 23.8164 USD, and MAPE of 2.5151%.

The empirical evidence confirms that combining domain-specific temporal feature engineering with rigorous
hyperparameter optimization is essential for transforming raw agricultural commodity price series into highly
accurate, operationally reliable forecasting pipelines.

3.4 Behavior Analysis During High Volatility / Extreme Events

To evaluate the operational resilience of machine learning architectures under financial market stress, this section
examines model behavior during periods of high volatility and sudden market regime shifts. Evaluating forecasting
models during extreme price escalations is critical for soft commodity markets, where geopolitics, weather disruptions,
and export policy shifts induce structural shocks.

During the out-of-sample evaluation horizon (September 2023 to December 2024), the CPO daily spot price
experienced two distinct market regimes. The initial phase (September 2023 to March 2024) represented a low-
volatility baseline where prices fluctuated within a narrow range (770.75 USD to 850.00 USD). However, the late
2024 trading window witnessed an extreme bullish rally, with spot prices surging rapidly past 950.00 USD to reach
a peak of 1,113.00 USD/metric ton.

Analyzing prediction dynamics during this extreme surge reveals fundamental differences in how kernel-based
estimators and decision tree ensembles process tail-event distributions: Support Vector Regression (SVR): SVR
demonstrates superior structural stability during shock horizons. Driven by its optimized Radial Basis Function (RBF)
kernel (y = 0.01) and regularization penalty (C = 100), SVR maps the non-linear feature space smoothly into
continuous higher-dimensional hyperplanes. As spot prices accelerated toward 1,113.00 USD, SVR adjusted its
forecast vector dynamically with minimal lag, capping its maximum under-prediction residual at +95.43 USD. This
continuous trajectory tracking enabled SVR to maintain an overall out-of-sample RMSE of 24.2191 USD and an
MAE of 15.8937 USD. Random Forest Regressor (RF): Conversely, Random Forest exhibited severe extrapolation
limitations during the price surge. Because decision tree ensembles perform spatial partitioning via axis-aligned
hyperplanes, their terminal leaf nodes compute fixed piecewise constant averages. When encountered out-of-sample
spot prices exceeded historical ranges present in the training set, RF predictions were constrained by the mean values
of historical terminal leaves. Consequently, RF lagged behind rapid upward price movements, causing residual errors
to spike significantly to +112.86 USD before steep over-corrections occurred late in the sequence. This structural
latency accounts for RF's higher overall residual variance (RMSE = 35.2395 USD, MAE = 23.8164 USD).

The empirical behavior under stress confirms that while Random Forest effectively identifies dominant
autoregressive predictors (lag_1 at 66.75% importance), its non-parametric step functions make it vulnerable to severe
under-prediction during unexpected market rallies. In contrast, Support Vector Regression provides a more reliable,
structurally sound, and resilient framework for physical agricultural commodity trading and financial risk management
during volatile market regimes.

3.5 Discussion

To evaluate the scientific contribution and practical advancements of this research, the empirical results obtained from
the optimized modeling framework are contextualized against existing State-of-the-Art (SOTA) literature in Crude
Palm Oil (CPO) and agricultural commodity spot price forecasting. Benchmarking against prior empirical studies
highlights how combining multi-temporal feature engineering with systematic hyperparameter tuning advances
predictive accuracy across different algorithms, data frequencies, and validation protocols.

When benchmarked against classical econometric and statistical baselines in palm oil forecasting, the proposed
framework demonstrates substantial improvements in predictive accuracy. For instance, Mustapa [38] applied
classical Auto-Regressive Integrated Moving Average (ARIMA) and Auto-Regressive Conditional Heteroskedasticity
(AARCH) models to monthly CPO spot prices, reporting a Mean Absolute Percentage Error (MAPE) of 5.53% and a
Root Mean Squared Error (RMSE) of 237.63 USD. While effective for capturing broad, stationary trends, these linear
approaches struggle to model high-frequency dynamic shifts and non-linear market shocks.

Subsequent studies explored deep learning architectures to capture complex temporal dependencies. Tardini
and Suharjito [1] implemented a LSTM network using daily CPO export price data, achieving a MAPE of 2.74% and
an RMSE of 45.57 USD under a standard randomized validation split. Although deep learning frameworks show
enhanced capacity over traditional time-series models, their reliance on lower-frequency aggregated data inherently
smooths out micro-volatility, limiting their practical applicability for day-to-day physical trading operations.

In the realm of machine learning algorithms operating on high-frequency daily agricultural data, Fattah et al.
[39] applied PSO-SVR with optimalize hyperparameter tuning on daily commodity futures The evaluation results for
the PSO-SVR model demonstrate optimized performance. The MAE value for this model is 83.93. The MAPE is
recorded at 0.018, with an RMSE of 119.88. These error metrics provide a quantitative measure of the model's
accuracy following the adjustment of its hyperparameters by the PSO algorithm. The model's ability to explain the
data is measured by an R? value of 0.9817. An R? value of 0.9817 for the PSO-SVR model indicates that the model is
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capable of explaining the majority of the data variation in the test scenarios employed. However, this exceptionally
high R? value for commodity price data warrants careful analysis, as there is a possibility that the model is capturing
short-term patterns or noise rather than stable underlying relationships. The risk of overfitting must be considered,
particularly given the significant performance gap compared to the standard SVR model. To mitigate this risk, the
training and testing processes preserved the chronological order of the time-series data avoiding randomization and
evaluated the model using multiple metrics: MAE, MAPE, RMSE, and R2 Nevertheless, additional validation
methods, such as walk-forward validation or testing across different market periods, remain necessary to confirm the
model's generalization capabilities.

4. CONCLUSION

This study demonstrates that combining multi-temporal feature engineering with systematic grid-search
hyperparameter optimization substantially enhances short-term daily Crude Palm Oil (CPO) spot price forecasting
performance across out-of-sample testing horizons. Empirical evaluation using Malaysian CPO historical market data
reveals that the optimized Support Vector Regression (SVR) model (C = 100,y = 0.01, € = 0.01) achieves state-of-
the-art predictive accuracy, registering a Root Mean Squared Error (RMSE) of 24.2191 USD, a Mean Absolute Error
(MAE) of 15.8937 USD, and a scale-independent Mean Absolute Percentage Error (MAPE) of 1.6940%. The tuned
SVR architecture significantly outperforms the optimized Random Forest Regressor (RMSE = 35.2395 USD,
MAE = 23.8164 USD, MAPE = 2.5151%), delivering a 31.27% error reduction in RMSE and a 33.27%
improvement in MAE due to the superior capacity of its Radial Basis Function (RBF) kernel to construct continuous
non-linear decision boundaries rather than axis-aligned piecewise step functions. Furthermore, Mean Decrease in
Impurity analysis establishes that the immediate prior closing price (lag_1) heavily anchors prediction splits by
contributing 66.75% of total impurity reduction, while short-term moving averages (rolling 7 at 8.27% and
rolling 14 at 6.64%) provide critical trend-smoothing context. However, the study is inherently limited by its reliance
on univariate historical price sequences, omitting exogenous macro-economic factors such as soybean oil substitute
dynamics, Brent crude oil price fluctuations, exchange rate volatility, and climate shocks. Additionally, the non-
parametric decision structure of Random Forest exhibited severe extrapolation truncation during extreme late-2024
price spikes exceeding 1,113.00 USD. Future research should expand this predictive framework by integrating multi-
variable macroeconomic and meteorological indicators, exploring hybrid deep learning architectures like CNN-LSTM
to model complex temporal regimes, incorporating real-time news sentiment analysis via natural language processing,
and extending single-step evaluations toward multi-period horizon forecasting models.
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   1 14   ∑  i = 1 14    P  t − i


    P  t − 3


    L 3  ( t ) =   P  t − 3


  66 . 75 %


  0 . 6675


  8 . 27 %


  7 . 83 %


  6 . 76 %


  6 . 64 %


  3 . 74 %


  𝒦 = 5


    𝒟  train


  C


  𝛾


  𝜖


  𝜖


  C ∈  { 0 . 1 , 1 , 10 , 100 , 1000 }


  𝜖


  C


  C = 100


  𝛾 ∈  { 0 . 001 , 0 . 01 , 0 . 1 , 1 }


  𝛾 ≥ 0 . 1


  𝛾 = 0 . 01


  𝜖 ∈  { 0 . 001 , 0 . 01 , 0 . 1 }


  𝜖 = 0 . 01


  n _ e s t i m a t o r s ∈  { 50 , 100 , 200 , 300 }


  n _ e s t i m a t o r s = 100


  m a x _ d e p t h ∈  { 5 , 10 , 15 , None }


  m a x _ d e p t h = 10


  m i n _ s a m p l e s _ s p l i t ∈  { 2 , 5 , 10 }


  2


   { Linear , RBF , Polynomial }


  C


   { 0 . 1 , 1 , 10 , 100 , 1000 }


  𝛾


   { 0 . 001 , 0 . 01 , 0 . 1 , 1 }


  𝜖


   { 0 . 001 , 0 . 01 , 0 . 1 }


  n _ e s t i m a t o r s


   { 50 , 100 , 200 , 300 }


  m a x _ d e p t h


   { 5 , 10 , 15 , None }


  m i n _ s a m p l e s _ s p l i t


   { 2 , 5 , 10 }


  m a x _ f e a t u r e s


   { 'sqrt' , 'log2' , 1 . 0 }


  C


  100


  𝛾


  0 . 01


  𝜖


  𝜖


  0 . 01


  100


  10


  2


  = 1 . 0


  Kernel = RBF , C = 100 , 𝛾 = 0 . 01 , 𝜖 = 0 . 01


  n _ e s t i m a t o r s = 100 , m a x _ d e p t h = 10 , m a x _ f e a t u r e s = None


  24 . 2191


  31 . 27 %


  35 . 2395


  15 . 8937


  1 . 6940 %


  23 . 8164


  2 . 5151 %


  2 %


  SVR


  RF


    y  t


  770 . 75


  850 . 00


  950


  1 , 113 . 00


  66 . 75 %


    P  t − 1


  8 . 27 %


  𝜖


  RMSE = 24 . 2191


  MAPE = 1 . 6940 %


  RMSE = 35 . 2395


  MAPE = 2 . 5151 %


    e  t =   y  t −     y ˆ  t


  SVR


  RF


    𝜎  SVR


  32 . 48


  33 . 53


    𝜎  RF


  − 24 . 83


  + 95 . 43


  𝜖


  𝜖 = 0 . 01


  − 48 . 63


  + 112 . 86


  ± 20


  1 , 113 . 00


    e  t > + 100


  RMSE = 24 . 2191


  MAE = 15 . 8937


  SVR


  RF


  RMSE


  MAE


  MAPE


  24 . 2191


  11 . 0204


  31 . 27 %


  35 . 2395


  15 . 8937


  33 . 27 %


  23 . 8164


  1 . 6940 %


  2 . 5151 %


  32 . 65 %


  2 %


  C = 100


  𝛾 = 0 . 01


  n _ e s t i m a t o r s = 100


  1 , 100 . 00


    𝜎  RF = 33 . 53


    𝜎  SVR = 32 . 48


  66 . 75 %


    P  t


    P  t − 1 ,   P  t − 2 ,   P  t − 3 ,   P  t − 5


    SMA 7 ,   SMA 14


  66 . 75 %


  0 . 6675


    SMA 7


  8 . 27 %


    SMA 14


  6 . 64 %


    𝒟  train


  C = 1 . 0 , 𝛾 = 'scale'


  437 . 50


  1 , 611 . 75


  C = 100


  𝛾 = 0 . 01


  𝜖 = 0 . 01


  24 . 2191


  15 . 8937


  2 %


  1 . 6940 %


  m a x _ d e p t h = None


  m a x _ d e p t h = 10


  n _ e s t i m a t o r s = 100


  m a x _ f e a t u r e s = None


  35 . 2395


  23 . 8164


  2 . 5151 %


  770 . 75


  850 . 00


  950 . 00


  1 , 113 . 00


  𝛾 = 0 . 01


  C = 100


  1 , 113 . 00


  + 95 . 43


  24 . 2191


  15 . 8937


  + 112 . 86


  RMSE = 35 . 2395


  MAE = 23 . 8164


  66 . 75 %


  C = 100 , 𝛾 = 0 . 01 , 𝜖 = 0 . 01


  24 . 2191


  15 . 8937


  1 . 6940 %


  RMSE = 35 . 2395


  MAE = 23 . 8164


  MAPE = 2 . 5151 %


  31 . 27 %


  33 . 27 %


  66 . 75 %


  8 . 27 %


  6 . 64 %


  1 , 113 . 00

