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[Abstract]

This study aims to develop a machine-learning-based asset allocation strategy that dynamically adjusts
investment weights using technical indicators. By employing a parametric structure grounded in Bollinger
Bands and the Commodity Channel Index (CCI), the strategy offers flexible responses to market
changes. Several optimization algorithms, including Differential Evolution (DE), Powell, L-BFGS-B,
TNC, COBYLA, and TRUST-CONSTR, were applied to tune the strategy parameters using historical
ETF data. Each optimizer was evaluated through repeated simulations, and the models were assessed
based on annual realized profits, return stability, and overfitting metrics. Among them, DE consistently
delivered superior performance, demonstrating strong generalization and low levels of overfitting. These
outcomes are attributed to DE’s ability to escape local optima and effectively explore the search space.
These results indicate that combining global optimization with technical indicators enables robust,

data-driven investment strategies that are adaptable to dynamic financial environments.
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Fig. 1. Workflow of the Proposed Trading Strategy
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Table 2. Pseudo Code for Trading Strategy Training

# Define the list of optimizers to be evaluated
optimizers = ['differential_evolution', 'L-BFGS-B', 'TNC’, 'Powell’, 'COBYLA', 'TRUST-CONSTR']
# For each optimizer, search for the best parameter combination
For each optimizer in optimizers:
Initialize optimizer with bounds:
alpha € [0.1, 10.0]
theta € [-1.0, 1.0]
BB_window & [10, 40]
BB_std_multiplier € [1.0, 4.0]
CCl_window < [5, 40]
stop_loss_threshold & [0.0, 0.5]
Perform optimization to maximize the objective:
mean_return = average of annualized realized profits
For each trading_day in train_period:
P_bb = compute_position_within_BB(trading_day, BB_window, BB_std_multiplier)
trend = detect_trend_using_CCI_slope(trading_day, CCI_window)
If trend == 'bullish":
stock_weight = get_allocation_bullish(P_bb, alpha, theta)
Else:
stock_weight = get_allocation_bearish(P_bb, alpha)
If loss_exceeds_threshold(stock_weight, stop_loss_threshold):
stock_weight = 0
execute_trading(stock_weight)
profit = compute_realized_profit(last_1y_period)
annualized_return = profit / asset_value_1y_ago
realized_returns.append(annualized_return)
mean_return = average(realized_returns)
store_result(optimizer, optimal_parameters, mean_return)
Select (optimizer*, parameters*) with highest mean_return
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IV. Results
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Table 3. Descriptive Statistics of Annual Realized
Profit (%) across Optimization Algorithms
. Mean | Median | Std. Dev. |,
Algorithm Type (%) (%) (%) Min. (%) | Max. (%)
Train 13.2 | 10.9 5.9 5.1 28.4
COBYLA Validation | 23.4 | 21.3 8.2 12.8 475
Train 5.8 4.7 4.4 0.5 15.1
LBFGSB [ lidation | 12.2| 9.8 | 72 | 09 | 254
p I Train 16.2 | 17.7 49 6.6 24.0
OWel [Validation | 195 | 19.1 | 7.4 85 | 35.1
™G Train 5.8 4.7 4.4 0.5 15.1
Validation | 12.2 9.8 7.2 -0.9 25.4
DE Train 33.8 | 34.0 2.0 29.5 39.0
Validation | 39.5 | 39.8 2.6 32.6 43.9
TRUST- Train 6.9 6.6 3.8 -24 13.7
CONSTR | Validation | 14.9 | 14.1 3.9 8.5 23.6
Fig 6¢ YD2IFU2 £ 8 43 PhAe) Soig
w25 4 E%(Boxplot)i AlZ3gfgt Zloltt. DE& 4~
g 25e 22 EEUAME U1 YNl Fei
HY O D1 COBYLALY} Powell, TRUST-CONSTRE9] &
12)E0} v 23ie o MRl Aal ool 71kt g
ojgs =l 4 Qo

Distribution of Annual Realized Returns by Optimizer
60%

50%

40%

30%

20%

Annual Realized Profit (%)

-10%

O Train Objective [ Validation Objective

Fig. 6. Distribution of Annual Realized Returns by Optimizer
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Table 4. DE’s Competitor Algorithms with Welch’s
t-test Results

Competing Algorithm t p-value (raw)|p-value (adj.)
Powell 11.1734 | 6.4649x10™" | 3.2325x107°
COBYLA 8.1599 | 3.2932x107 | 1.6466x107"

TRUST-CONSTR | 22.6695 | 1.2060x107?' | 6.0300x107?
L-BFGS-B 15.5052 | 6.0599x107* | 3.0299x107"
TNC 15.5052 | 6.0599x107* | 3.0299x107"
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Table 5. Comparison of Overfitting Gap and Rate
Across Optimizers

Algorithm Overfitting Gap (%p) | Overfitting Rate (%)
Powell -3.3 -20.4
DE -5.7 -16.9
L-BFGS-B -6.3 -107.9
TNC -6.3 -107.9
TRUST-CONSTR -8.1 -117.9
COBYLA -10.1 -76.4
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Fig. 7. Comparison of Overfitting Gap and Rate Across
Optimization Algorithms

V. Conclusions
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