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Abstract

Accurate exchange rate prediction is a critical challenge in financial forecasting, as fluctuations in exchange
rates directly impact trade balances, investment strategies, and monetary policy decisions. Motivated by the
need for robust and precise forecasting models, this study presents a novel framework that integrates deep
learning (DL) methodologies with advanced metaheuristic optimization. At the core of this framework is
the Continuous-Time Sequence Model (CTSM), complemented by the binary Ninja Optimization Algorithm
(bNiOA) for feature selection and the Ninja Optimization Algorithm (NiOA) for hyperparameter tuning.
Experimental results demonstrate substantial improvements in predictive performance. The baseline CTSM
model achieved an accuracy of 0.8168 with a mean squared error (MSE) of 0.0718. After applying the
bNiOA-driven feature selection, accuracy increased markedly to 0.9576, while the MSE was reduced to
0.00067. Further optimization of hyperparameters through NiOA elevated the model’s accuracy to 0.9963,
with an MSE of 0.00088. These results validate that the proposed optimization-enhanced deep learning
pipeline effectively reduces feature redundancy and dimensionality, while finely tuning model parameters
to achieve superior accuracy and generalization. The implications of this study are significant, providing
policymakers, investors, and businesses with a powerful tool for risk management, strategic planning, and
informed decision-making in volatile currency markets.

Keywords: Ninja Optimization Algorithm (NiOA); Feature Selection-Hyperparameter Tuning; USD-PKR
Time Series Prediction; Hybrid Deep Learning—Metaheuristic Models; Financial Time Series Forecasting

1 Introduction

Exchange rates are among the most closely observed monetary variables worldwide, as they form the basis
for determining international economic relations on a global scale [1} 2l]. They influence trade competitive-
ness, capital flows, financial markets, and monetary policy decisions, while also serving as vital indicators of
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macroeconomic stability. The exchange rate between the Pakistani Rupee (PKR) and the US Dollar (USD)
holds special importance for emerging economies such as Pakistan. Exchange rate fluctuations directly
impact the prices of imports and exports, the cost of external debt servicing, and domestic inflation levels
[3, 14, 15]. This dual academic and practical significance makes forecasting exchange rate movements critical
for governments, businesses, and investors. Accurate exchange rate prediction is essential for financial stabil-
ity and economic planning. In markets like Pakistan, currency volatility can substantially affect investment
returns, influence foreign direct investment inflows, and alter borrowing costs for both public and private
sectors. Exchange rate changes affect corporate earnings, particularly for export-oriented and multinational
enterprises operating across currencies. Furthermore, the foreign exchange market serves as a leading in-
dicator of economic health; unexpected depreciation or appreciation of the PKR can prompt inflationary
pressures or competitiveness shocks, compelling timely policy responses. Reliable currency forecasts em-
power financial institutions, corporations, and policymakers to manage risks effectively, optimize hedging
strategies, and adapt economic policy to evolving market dynamics. The imperative for accurate forecasting
extends into operational and strategic corporate decision-making. Firms increasingly rely on exchange rate
predictions to guide capital budgeting, pricing, and supply chain management, especially in the growing
digital marketplace and cross-border e-commerce. Effective currency risk management helps firms reduce
financial uncertainty and maintain competitiveness. Additionally, sovereign debt managers utilize forecasts
to predict currency-driven shifts in repayment burdens, maintaining fiscal sustainability and investor con-
fidence. Thus, precise exchange rate forecasting translates into enhanced economic resilience and sound
financial governance. Traditional econometric methods, including Autoregressive Integrated Moving Av-
erage (ARIMA), Generalized Autoregressive Conditional Heteroskedasticity (GARCH), and cointegration
models, have a longstanding role in exchange rate forecasting [6} [7]. However, these methods often rely
on restrictive assumptions such as linearity and stationarity that fail under the nonlinear, volatile conditions
typical in foreign exchange markets impacted by global economic and political factors. This has spurred
a shift toward machine learning and deep learning approaches, which can model complex nonlinear and
nonstationary relationships inherently present in financial time series without strong parametric constraints.
Deep learning models excel by automatically discovering hierarchical features and handling large-scale,
multi-dimensional data with limited manual feature engineering [8| 9]. Despite these strengths, challenges
remain: high dimensionality, feature redundancy (due to correlated financial indicators like open, high, low,
close prices), hyperparameter sensitivity, and risks of overfitting complicate model development. Manual
hyperparameter tuning is time-consuming and computationally intensive, increasing the demand for auto-
mated optimization. To overcome these limitations, recent research combines deep learning models with
metaheuristic optimization to enhance feature selection and hyperparameter tuning. Algorithms such as Par-
ticle Swarm Optimization (PSO), Whale Optimization Algorithm (WOA), and Grey Wolf Optimizer (GWO)
efficiently navigate the search space to avoid local minima and improve model performance [10,[11]. In the
context of exchange rate forecasting, these approaches reduce redundancy, optimize model settings, and bal-
ance the bias-variance tradeoff. This study proposes a novel predictive framework integrating a Continuous-
Time Sequence Model (CTSM) with a recently developed metaheuristic, the Ninja Optimization Algorithm
(NiOA). The binary variant of NiOA (bNiOA) is utilized for effective feature selection, while NiOA itself
optimizes hyperparameters. This integrated approach delivers state-of-the-art accuracy and robustness in
forecasting the USD-PKR exchange rate.

The main contributions are summarized as follows:

* Development of a hybrid forecasting system coupling deep learning and metaheuristic optimization to
improve accuracy and resilience.
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* Introduction of an efficient binary Ninja Optimization Algorithm for feature selection that trims irrel-
evant inputs without sacrificing predictive power.

* Application of NiOA for hyperparameter tuning yielding adaptive and efficient model configurations.
* Comprehensive benchmarking against existing models, demonstrating superior performance.

* Employment of extensive evaluation metrics to validate reliability, interpretability, and generalizabil-
ity.

The rest of this paper is organized as follows: Section 2 reviews literature on exchange rate forecasting
methods; Section 3 details datasets, preprocessing, and models; Section 4 presents experimental results and
comparisons; Section 5 offers conclusions and future research directions.

2 Literature Review

Forecasting foreign exchange rates has been extensively studied using a wide range of machine learning
(ML) and deep learning (DL) methodologies. One line of research integrates sentiment analysis with finan-
cial data to enhance the accuracy of predictions. For instance, a study combined Twitter-based sentiment
features with forex data for the USD/PKR pair, applying classifiers such as logistic regression, random for-
est, bagging, naive Bayes, and SVM, and reported that the logistic classifier achieved the best accuracy at
82.14% [12]. Building on the importance of sentiment, another study proposed a deep-learning model that
integrated investor sentiment extracted from approximately 5.9 million tweets with macroeconomic indica-
tors, including gold and crude oil prices. The model, validated on PKR/USD, GBP/USD, and HKD/USD
exchange rates, demonstrated superior predictive accuracy compared to statistical approaches, emphasizing
the critical role of local and foreign macro-level events in currency forecasting [[13]. Beyond sentiment-
based models, technical indicators continue to play a central role in exchange rate prediction. A study
employing artificial neural networks (ANNs) alongside indicators such as SMA, momentum, MACD, and
RSI, over ten years of data from 24 emerging economies, showed that ANNs significantly outperformed
technical indicators alone, highlighting the potential of hybrid methods [14]. Complementing such work, a
systematic review synthesized applications of ML for economic forecasting with emphasis on Sustainable
Development Goal 8 (SDG 8), underlining the opportunities and challenges of using predictive modeling for
socioeconomic development and decent work [[15]]. Other studies focus on ensemble and hybrid approaches.
For example, researchers compared AdaBoost, gradient boosting, random forest, and logistic regression, and
further proposed an ensemble combining logistic regression, random forest, and naive Bayes. Their results
achieved an accuracy of up to 94.8% for EUR/USD prediction, outperforming individual models and aiding
investors in timing buy—sell decisions [[16]. Similarly, an evaluation of seven ML models (Logistic Regres-
sion, Decision Trees, Random Forest, Gradient Boosting, AdaBoost, XGBoost, and Neural Networks) across
eight currencies showed that simpler, interpretable models such as logistic regression, when optimized using
profit-aware metrics, achieved superior risk-adjusted returns compared to more complex architectures, chal-
lenging the prevailing complexity bias in financial ML [17]. Hybrid modeling has also been explored using
an ANN in combination with evolutionary algorithms. One study compared a simple ANN with a hybrid
ANN-GA (Genetic Algorithm) for INR/USD short-term prediction, reporting lower RMSE values for the
hybrid model [18]]. Behavioral finance has also been introduced into ML frameworks by integrating calendar
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effects into ensemble models, which has improved predictive accuracy and reduced volatility when forecast-
ing USD/BRL rates, demonstrating the value of accounting for investor behavior in time-series forecasting
[19]. Architectural innovations in deep learning have yielded further gains. A CNN-TLSTM model was
proposed for USD/CNY prediction, leveraging convolutional networks for feature extraction and a modified
TLSTM for sequence learning. The model outperformed traditional approaches such as ARIMA, MLP, and
standard LSTMs, achieving the best predictive performance across multiple error metrics [20]. Similarly,
experiments comparing RNN and CNN-RNN hybrids for USD/INR prediction concluded that the simple
RNN slightly outperformed the hybrid, though further testing was recommended [21]]. The link between
exchange rates and stock markets has also been investigated. One study analyzed the impact of USD fluc-
tuations on stock price movement using ML models, emphasizing the broader economic implications of
currency volatility [22]. Classical econometric models, such as ARIMA and GARCH, have also been ap-
plied to USD/PKR forecasting, where GARCH modeling effectively captured conditional heteroscedasticity
effects. However, ARCH showed marginally better performance [23]. In related work, hybridizing univari-
ate models (ARIMA, Naive, Exponential Smoothing) with ANN and NARDL improved the prediction of
the Turkish Lira/USD exchange rate, with the NARDL-Naive combination outperforming alternatives [24]].
Recent research has also explored safe-haven identification in multicurrency setups. A study using daily
exchange returns from 2007 to 2022 proposed a DNN-based MLP with one-hot encoding and backpropaga-
tion, demonstrating that one return series (CERR2) consistently acted as a safer hedge compared to others,
thereby informing global investment strategies [25]]. Comparative studies further show that recurrent neural
networks (LSTM and BiLSTM) outperform traditional ARIMA models in short-term foreign exchange fore-
casting. Evidence suggests that BILSTM achieves greater accuracy across different currencies and even in
cryptocurrency markets [26]. Finally, the volatility of foreign exchange rates is tightly linked with broader
economic fragilities. A recent study developed a Financial Stress Index (FSI) for Pakistan using PCA on
multiple financial indicators, showing that exchange rate volatility is a leading contributor to systemic stress.
The FSI successfully captured global and local crises, highlighting the critical role of exchange rates as both
predictors and drivers of macroeconomic instability [27]. In Table[I] a systematic summary of the essential
papers reviewed in the literature on exchange rate forecasting is given. It integrates previous studies by
highlighting the primary purpose of each study, the methods used, and their key findings. The table illus-
trates the diverse methods employed in this field, including sentiment-driven machine learning architectures,
hybrid evolutionary algorithms, deep learning architectures, conventional econometric models, and macro-
financial stress indicators. The systematic literature review facilitates a deeper understanding of the impact
that various methodological decisions can have on predictive performance and economic information.

3 Materials and Methods

This section details the datasets, preprocessing procedures, and methodological framework utilized in this
study. We describe the sources of exchange rate and auxiliary data, as well as the measures taken to ensure
data quality and consistency. Furthermore, the modeling strategy—including feature selection, model archi-
tecture, training protocols, and evaluation metrics—is comprehensively outlined. This ensures transparency
and provides a reproducible foundation for future research using the proposed framework.
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Table 1: Summary of related literature on exchange rate forecasting using machine learning and econometric

approaches

Reference Objective Methodology Key Findings

[12] Forecast USD/PKR exchange Collected tweets and forex data;  Logistic classifier achieved
rates using sentiment analysis. preprocessing; applied five ML highest accuracy (82.14%).

classifiers.

[L3] Incorporate event sentiment and ~ Deep-learning model with 5.9M  Model outperformed statistical
macroeconomic indicators for tweets, gold and oil prices; techniques; U.S. events had
FX forecasting. applied across PKR/USD, strongest impact.

GBP/USD, HKD/USD.

[14] Assess effectiveness of techni- SMA, momentum, MACD, RSI ANN  significantly  outper-
cal indicators with ANN for combined with ANN; cross- formed technical indicators
emerging economies. sectional and regression tests. alone.

[L5] Review ML applications for Systematic review of studies, Identified ML’s role in eco-
economic forecasting under datasets, and models. nomic growth and decent work;
SDG 8. highlighted challenges and op-

portunities.

[L6] Improve EUR/USD trading Ensemble of logistic regression, =~ Ensemble achieved 94.8% ac-
forecasts. random forest, and naive Bayes curacy, outperforming alterna-

with technical indicators. tives.

[17] Compare ML models for forex Evaluated 7 ML models across  Logistic regression optimized
trading with profit-aware met- 8 currencies with transaction with MADL achieved best risk-
rics. cost adjustments. adjusted returns.

(L8] Forecast INR/USD short-term  Compared ANN and hybrid Hybrid ANN-GA reduced
rates. ANN-GA; GA optimized ANN RMSE compared to simple

weights. ANN.

[L9] Enhance ensemble ML models Added calendar effects to Improved profit by 24% and re-
with behavioral finance. ensemble  predictions  for duced volatility by 16%.

USD/BRL.

[20] Predict USD/CNY rates with Proposed CNN-TLSTM inte- CNN-TLSTM  outperformed
novel deep model. grating feature extraction and MLP, RNN, LSTM, CNN-

modified LSTM. LSTM in all error metrics.

[21] Evaluate RNN vs hybrid CNN-  Daily USD/INR data tested Simple RNN slightly outper-
RNN for INR/USD forecasting. ~ with RNN and CNN-RNN. formed CNN-RNN; further re-

search needed.

[22] Study impact of USD fluctua- ML applied on USD and stock USD volatility significantly
tions on stock markets. datasets. influenced stock price move-

ments.

[23] Forecast USD/PKR with classi-  Applied ARIMA and GARCH ARCH outperformed GARCH
cal time-series models. with lagged variables. in prediction accuracy.

[24] Forecast Turkish Lira/USD us- Combined ARIMA, Naive, Ex- NARDL-Naive combination
ing hybrid methods. ponential Smoothing, ANN, gave best forecasting perfor-

NARDL. mance.

[25] Identify safe-haven currencies DNN-based MLP with back- CERR?2 identified as a consis-
for investment. propagation, using multicur-  tent safe-haven asset.

rency returns.

[26] Compare LSTM vs BiLSTM  Applied LSTM and BiLSTM  BiLSTM showed superior accu-
for forex and bitcoin. against ARIMA. racy in multiple currencies and

crypto.

[27] Capture  systemic financial  Built Financial Stress Index us-  Exchange rate volatility a key

stress in Pakistan.

ing PCA on macro and market
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3.1 Dataset Description

The dataset comprises daily records of the exchange rate between the United States dollar (USD) and the
Pakistani rupee (PKR), spanning from January 2000 to May 2024. This extensive, two-decade-plus pe-
riod captures a range of macroeconomic cycles, volatility episodes, and significant structural shifts in the
USD-PKR exchange rate regime. Data were sourced from reliable and publicly available financial reposito-
ries, official gazettes, and authoritative publications, guaranteeing validity and consistency.

The dataset includes both temporal and price-based variables to encapsulate the multifaceted dynamics of
exchange rates across different time scales. Temporal variables such as Year, Month, Week, and Date facil-
itate analysis of long-term trends, seasonality, and short-term fluctuations. Price variables—namely Open,
High, Low, and Closing Price—capture intraday market behaviors. Among these, the Closing Price serves
as the target variable for prediction, while the others function as predictor variables. Table[2| summarizes the
dataset features.

Table 2: Summary of dataset features for USD-PKR exchange rate forecasting.

Feature Type Description

Year Temporal | Calendar year (2000-2024), representing long-term eco-
nomic trends.

Month Temporal | Month of the year (1-12), capturing seasonal patterns.

Week Temporal | Week number within the year (1-53), reflecting short-
term cycles.

Date Temporal | Specific calendar date (DD-MM-YYYY), providing pre-
cise temporal context.

Open Numerical | Opening exchange rate at the start of each trading day.

High Numerical | Highest exchange rate recorded during the trading day.

Low Numerical | Lowest exchange rate recorded during the trading day.

Closing Price | Numerical | The final exchange rate of the day, designated as the tar-
get for prediction.

The combined use of temporal and price variables affords a comprehensive view of the exchange rate be-
havior, enabling robust modeling of both macroeconomic trends and intra-day volatility. Technical analysis
tools, such as moving averages, are frequently employed to identify trends and generate trading signals. The
moving average crossover technique, using short-term and long-term moving averages, importantly high-
lights momentum shifts within the market. Figure |1| displays the closing price along with its 50-day and
200-day moving averages, illustrating their utility in capturing significant market dynamics over time.
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Figure 1: Moving average crossover of the USD-PKR closing price alongside 50-day and 200-day moving
averages.

3.2 Data Preprocessing

Before model development, the dataset underwent a series of preprocessing steps to ensure quality, consis-
tency, and suitability for deep learning applications. Since financial time-series data are often prone to issues
such as missing values, scale imbalances, and redundant information, careful preprocessing was essential for
enhancing model performance and reducing computational overhead. Although the dataset was compiled
from reliable sources, gaps in the records may occur due to holidays, non-trading days, or inconsistencies
in data reporting. Where missing entries were detected, imputation strategies such as linear interpolation or
forward—backward filling were applied to preserve the temporal continuity of the series. The dataset predom-
inantly consists of numerical variables; however, temporal attributes such as month and week were encoded
as numeric values to allow the models to capture cyclical and seasonal effects. This encoding ensured that
all features were compatible with deep learning frameworks without introducing categorical inconsisten-
cies. Since deep learning models are sensitive to variations in feature scales, all numerical features (Open,
High, Low, and Closing_Price) were normalized to a uniform range. Min—Max normalization was adopted,
transforming values into the interval [0, 1], thereby accelerating convergence during training and prevent-
ing dominance of high-magnitude variables over smaller-scaled ones. Lastly, the dataset was separated into
training and testing subsets to enable model evaluation. The deep learning models were fitted during the
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training section, and the testing subset was saved to evaluate performance on unknown data fairly, ensuring
that the predictive abilities were evaluated fairly. These preprocessing steps resulted in a well-structured,
clean, and normalized dataset, which forms a solid foundation upon which the remainder of the modeling,
feature selection, and optimization steps can be conducted.

3.3 Deep Learning Models

To assess the predictive ability of deep learning methods in forecasting the USD-PKR exchange rate, several
models were tested and analyzed. The choice of models was informed by the fact that they are the most
suitable for time-series forecasting and have the capabilities to model complex time-related dependencies.
This section presents the Continuous-Time Sequence Model (CTSM) as the primary architecture, along with
three deep learning model benchmarks: NSDE, SGM, and VAE.

3.3.1 Continuous-Time Sequence Model (CTSM)

The Continuous-Time Sequence Model (CTSM) was used as the fundamental forecasting architecture in
the paper. The sequential data that CTSMs are designed to work with is that of temporal dependencies
within the continuous time setting; thus, they are suitable for exchange rate forecasting, where irregularities
and dynamic variability are present. The CTSM architecture consists of multiple layers, including an input
layer, recurrent hidden layers that utilize nonlinear activation functions, and a fully connected output layer.
The hidden layers were fitted with ReLU and tanh activation functions to learn nonlinear dynamics, and then
dropout regularizations were employed to prevent overfitting. The output layer generates the estimated value
of the closing price of the USDPKR exchange rate. Although CTSM showed good performance on the base-
line, it was sensitive to hyperparameter settings, including learning rate, hidden layer size, and dropout ratio,
which reduced its predictive accuracy. Thus, metaheuristic optimization methods were implemented, with
a special focus on the Ninja Optimization Algorithm (NiOA), which significantly contributed to improving
the model’s stability, performance, and prediction precision.

3.3.2 Benchmark Deep Learning Models

To provide a fair comparative framework, three widely used deep learning architectures were selected as
benchmarks. The motivation for their inclusion lies in their frequent application to predictive maintenance
and time-series forecasting tasks.

* NSDE: A neural sequence-based deep estimator designed for sequential prediction tasks. Its lay-
ered architecture captures both short-term variations and long-term dependencies, serving as a strong
baseline for exchange rate forecasting.

* SGM: The sequence generative model, which leverages generative structures to predict future values
in sequential data. Its strength lies in handling nonstationary patterns and irregular sequences.
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* VAE: The variational autoencoder, a probabilistic generative model that learns latent representations
of data. While originally developed for unsupervised tasks, VAEs are often used as benchmarks in
time-series forecasting due to their ability to capture hidden structures and reduce dimensionality.

These models were selected to benchmark the performance of CTSM against alternative deep learning
paradigms, thereby ensuring that the proposed optimization framework is evaluated within a comprehen-
sive and competitive context.

3.4 Metaheuristic Algorithms

Metaheuristic algorithms are powerful tools for solving optimization problems that are otherwise intractable
by deterministic methods. They are widely adopted in machine learning and deep learning applications for
tasks such as feature selection and hyperparameter optimization, especially in high-dimensional and non-
linear problem spaces. The success of metaheuristics lies in their ability to balance exploration (searching
new areas of the solution space) and exploitation (refining promising solutions). In this study, several state-
of-the-art algorithms were tested; however, the Ninja Optimization Algorithm (NiOA), here referred to as
NiOA, consistently demonstrated superior performance.

3.4.1 Role of Metaheuristics in Feature Selection

Feature selection is critical in financial time-series forecasting, where variables such as open, high, low, and
close prices are often highly correlated. Redundant or irrelevant features not only increase computational
costs but also degrade predictive performance. Metaheuristic algorithms address this problem by formulating
feature selection as an optimization task, where the objective is to maximize predictive accuracy while
minimizing the number of selected features. Compared to traditional methods (filter, wrapper, embedded),
metaheuristics are particularly advantageous as they strike a balance between exploration and exploitation,
thereby yielding stable feature subsets that enhance both model efficiency and interpretability.

3.4.2 Role of Metaheuristics in Hyperparameter Optimization

Deep learning models contain numerous hyperparameters, such as learning rate, batch size, number of lay-
ers, and dropout rates, which significantly influence performance. Manual tuning is often impractical and
computationally expensive, while grid search and random search provide limited scalability. Metaheuristic
algorithms overcome these limitations by intelligently searching the hyperparameter space, adaptively refin-
ing candidate solutions based on fitness evaluations. In this study, metaheuristics were employed to optimize
CTSM and benchmark models, yielding substantial improvements in predictive accuracy and convergence
stability.
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3.4.3 Ninja Optimization Algorithm (NiOA)

The Ninja Optimization Algorithm (NiOA) is a recently developed nature-inspired optimizer modeled on the
stealth, precision, and adaptability of Japanese ninjas. It was specifically designed to overcome the limita-
tions of premature convergence and excessive computational overhead by dynamically balancing exploration
and exploitation [28]).

Exploration Phase: In this phase, NiOA mimics the stealthy movement of ninjas across uncharted terri-
tories, scanning vast regions of the search space to avoid local optima. The exploration update is defined
as:

Ly(t +1) = Ly(t) + 71 - (Ls(t1) — Ls(t2)), (M

or, under stagnation,
Li(t+1)=L. e FS, 2

where 71 is a random factor, L¢(¢;) and L(t2) represent previous positions, and F'S denotes the feasible
solution space. Additionally, a diversity-preserving update ensures oscillatory movement:

Dy(t+1) = Ds(t) + |Ds(t) + ra - Ds(t)] - cos(27t), 3
where 75 is a scaling parameter introducing periodicity and global search variability.

Exploitation Phase: Once promising regions are identified, NiOA transitions into a targeted exploitation
phase, refining solutions with precision and accuracy. The exploitation update is given by:

2
My(t+1) = JiM() + 22 - (M(8) + (M (8) + ) - (1= M (1)) “

where J; and J; control intensification. A secondary refinement dynamically adapts the search trajectory:
Ry(t+1) = Ro(t) + (L + Ra(t) + J2) - eC7, 5)

ensuring stability and preventing over-exploitation of local regions.
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Algorithm 1 Ninja Optimization Algorithm (NiOA)

1:
2:
3
4
S:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:

Initialize population size N, maximum iterations 7', random initial positions, and parameters.
while ¢t < T do

for each agent s do
Update position using exploration equations:
Ls(t +1) = Ls(t) + r1(Ls(t1) — Ls(t2))
or random L/, € F'S if stagnation occurs
D(t+ 1) = Ds(t) + |Ds(t) + roDs(t)] - cos(2mt)
end for
Apply mutation to increase diversity.
for each agent s do
Refine solutions (exploitation):
M(t+1) = JiMs(t) + 2Jo(My(t) + (M (t) + J1)) (1 — M (t))*
Update solution trajectory:
Ro(t+1) = Ry(t) + (1 + Ry(t) + Jo) - ecos(27)
end for
If stagnation detected, apply aggressive update rule.
Update best solution Bg.

18: end while
19: return Best solution B,

344

State-of-the-Art Metaheuristic Algorithms

Several nature-inspired metaheuristic algorithms were considered in this work, each motivated by their
proven efficiency in global optimization tasks. The following optimizers were applied for feature selec-
tion and hyperparameter tuning in the deep learning framework:

DOI:

PSO (Particle Swarm Optimization): Inspired by the social behavior of birds and fish, PSO effi-
ciently searches high-dimensional spaces through particle interactions.

GGO (Greylag Goose Optimization): A bio-inspired algorithm that simulates the migratory patterns
of geese, designed for maintaining diversity and avoiding premature convergence.

WOA (Whale Optimization Algorithm): Based on the bubble-net hunting strategy of humpback
whales, WOA provides strong global search capabilities in nonlinear spaces.

TSH (Tree-Seed Algorithm): Mimics the natural process of tree reproduction through seed dispersal,
enabling efficient local and global search balance.

SAO (Seagull Optimization Algorithm): SAO is inspired by the migratory and attack behavior of
seagulls and is applied in dynamic search and exploitation.

JAYA Algorithm: This is a parameter-free optimizer that works through the search for the best so-
Iution by repeatedly taking steps to the optimal solution without going to the worst solution, which
gives it simplicity and strength.
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* MVO (Multiverse Optimization): The MVO is based on cosmological ideas of black holes, white
holes and wormholes and balances exploration and exploitation in solution spaces.

* FEP (Fast Evolutionary Programming): evolutionary strategy that is used to focus on computational
efficiency with a heavy focus on mutation-based exploration.

* GSA (Gravitational Search Algorithm): GSA follows the principles of Newtonian laws of gravity
and the interaction of masses, whereby the solutions are directed by the attraction of gravity, and
converge globally.

* SBO (Satin Bowerbird Optimizer): A motivation inspired by the mating behavior of bowerbirds,
SBO is an efficient trade-off between exploration and exploitation based on probabilistic search.

Their complementary advantages determined the choice of these algorithms: swarm-based (PSO, GGO,
WOA, SAO), evolutionary (FEP, JAYA), physics-inspired (MVO, GSA), and bio-inspired (TSH, SBO). Their
differences provide a solid basis for comparative analysis, enabling the study to assess the most effective
strategies for feature selection and hyperparameter optimization in predicting exchange rates.

3.5 Evaluation Metrics

To ensure a rigorous and comprehensive evaluation, two sets of evaluation metrics were employed in the
current study. Regression-based metrics were used to measure predictive accuracy and the ability to gener-
alize to the case of model performance. During the feature selection process, the efficiency, stability, and
effectiveness of the selected feature subsets were evaluated in terms of optimization measures.

Regression Metrics for Model Performance

The predictive accuracy of the deep learning models was evaluated using the following regression metrics:

Table 3: Regression metrics for model performance evaluation.

Metric Equation

Mean Squared Error (MSE) MSE = 25" (yi — §i)°
Root Mean Squared Error (RMSE) | RMSE = \/ LS (i — 9:)?
Mean Absolute Error (MAE) MAE = 237 |y — i
Mean Bias Error (MBE) MBE = =" (yi — %)

r— Do (yi—9)(9:—9)
Vi) (9i—9)?

Coefficient of Determination (R?) | R =1 — %
i—1\Yi —1

Relative RMSE (RRMSE) RRMSE = % x 100%

Nash—Sutcliffe Efficiency (NSE) NSE =1 R CTEIL

: > 1 _ S (Wi—9:)°
Willmott’s Index (WI) WI=1 ST ol

Correlation Coefficient (7)
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Feature Selection Metrics

The effectiveness of feature selection methods was measured using the following optimization-based met-
rics:

Table 4: Feature selection metrics for evaluation of optimization algorithms.

Metric Equation

Average Error AE = §; ZJA; X 2iva (i — 5)?
Average Selected Size AS =4 ZJM:1 1S;]

Average Fitness AF = 37 Zj\il f(S;5)

Best Fitness BF = min?il f(S))

Worst Fitness WF = max)L, f(S;)

Standard Deviation of Fitness | Std(F) = \/ﬁ Z;-\il(f(sj) - f)2

Here, y; and g; denote the actual and predicted values, g is the mean of observed values, f(5;) is the
fitness function of the selected feature subset S;, NV is the number of samples, and M is the number of
independent runs of the optimization algorithm. All these evaluation criteria will provide a sound measure
of both predictive accuracy and the effectiveness of feature selection.

4 Results

This section presents the experimental findings of the developed methodology, emphasizing its implications
and performance within the financial sector, especially for currency exchange markets. A comprehensive
evaluation is conducted comparing the proposed models with established benchmarks focusing on predictive
accuracy, robustness, and generalization ability relevant to financial risk management and decision-making.

4.1 Baseline Model Comparison

To establish a financial-sector relevant benchmark, the initial performance of the deep learning models was
assessed on raw exchange rate data without employing optimization techniques. The results are summarized
in Table [5] showing key error and correlation metrics directly linked to forecasting reliability in volatile
markets like USD-PKR.
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Table 5: Baseline performance metrics of deep learning models before feature selection and optimization on
financial time series.

Model | MSE | RMSE | MAE | MBE r R? RRMSE | NSE WI

CTSM | 0.0718 | 0.2827 | 0.2415 | 0.0007 | 0.8042 | 0.8168 20.48 0.9327 | 0.8900
NSDE | 0.0901 | 0.3432 | 0.2938 | 0.0038 | 0.6611 | 0.6737 23.82 0.9177 | 0.7297
SGM | 0.1084 | 0.4037 | 0.3460 | 0.0077 | 0.5179 | 0.5305 23.84 0.8602 | 0.5694
VAE 0.1266 | 0.4641 | 0.3982 | 0.0117 | 0.3748 | 0.3874 25.40 0.8360 | 0.4092

In the context of financial forecasting, the CTSM model notably outperforms competing architectures, pre-
senting the lowest prediction errors (MSE, RMSE, MAE) and highest explanatory power (R? = 0.8168).
The strong correlation coefficient (r = 0.8042) and efficiency indices such as Nash-Sutcliffe Efficiency
(NSE) and Willmott Index (WI) attest to its robustness and its capacity to model the intricate, non-linear
dynamics typical of currency exchanges.

Models like NSDE, SGM, and particularly the VAE, show diminished performance, which reflects their
lesser suitability to capture the critical volatility and regime changes in financial markets. This baseline
comparison underscores the need for advanced feature selection and hyperparameter optimization to further
enhance model reliability and predictive power — essential for informed financial decision-making, hedging
strategies, and policy formulation in currency risk management.

To facilitate a multidimensional comparison reflecting financial forecast quality, Figure 2] visualizes normal-
ized performance metrics for all models, including error magnitudes, correlation, and efficiency measures.
This figure aids financial analysts and decision-makers in quickly discerning the best-performing models
under diverse evaluation criteria relevant to practical deployment.
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Parallel Coordinates Plot of Model Performance Metrics with Mean and Std
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Figure 2: Normalized evaluation metrics comparison of deep learning models for USD-PKR exchange rate
forecasting, highlighting performance crucial for financial risk assessment and strategy.

4.2 Before Feature Selection

The relative performance of several binary metaheuristic optimizers was evaluated on financial time series
data before the deep learning prediction models were subjected to feature selection. These optimizers were
compared based on key financial modeling criteria including average error, subset size to reduce data di-
mensionality, and fitness indicators reflecting model stability and predictive capacity. Table [ summarizes
results across nine algorithms, including bNiOA, bTSH, bSAO, bJAYA, bMVO, bFEP, bGSA, and bSBO.

Table 6: Performance of binary metaheuristic algorithms before feature selection on financial forecasting

data.
Metric bNiOA | bTSH | bSAO | bJAYA | bMVO | bFEP | bGSA | bMVO | bSBO
Average Error 0.3387 | 0.4439 | 0.4535 | 0.4437 | 0.4121 | 0.4206 | 0.4522 | 0.5178 | 0.5494
Average Selected Size | 0.2915 | 0.5457 | 0.6851 | 0.7091 | 0.7095 | 0.6422 | 0.7160 | 0.7394 | 0.8132
Average Fitness 0.4019 | 0.4707 | 0.4936 | 0.4785 | 0.4764 | 0.5004 | 0.5104 | 0.5976 | 0.6076
Best Fitness 0.3037 | 0.4510 | 0.3833 | 0.4426 | 0.4661 | 0.4256 | 0.4535 | 0.5228 | 0.5507
Worst Fitness 0.4022 | 0.5187 | 0.4849 | 0.5187 | 0.5526 | 0.5436 | 0.5332 | 0.6408 | 0.6304
Std. Dev. Fitness 0.2242 | 0.2825 | 0.2924 | 0.2847 | 0.3274 | 0.3332 | 0.3434 | 0.4304 | 0.4406
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The results reveal that the bNiOA algorithm consistently outperforms its peers in financial feature reduction,
achieving the lowest average error (0.3387) and the smallest selected feature subset (0.2915). This indicates
its superior capability to effectively eliminate redundancy in financial variables, which is crucial for robust
and computationally efficient currency exchange rate forecasting. In contrast, algorithms such as bSBO and
bMVO produce larger subsets and higher error rates, underscoring less suitability for financial time series
dimensionality reduction. These findings demonstrate the potential of the bNiOA approach as a pivotal
preprocessing step for enhancing the precision and efficiency of deep learning models in the financial sector.

4.3 Deep Learning Performance After Feature Selection

Applying metaheuristic-based feature selection yielded significant improvements in the predictive perfor-
mance of deep learning models on financial datasets. Table[7]shows refined performance metrics for CTSM,
NSDE, SGM, and VAE after feature reduction.

Table 7: Deep learning model performance on financial exchange rate forecasting after feature selection.

Model | MSE RMSE MAE MBE r R? RRMSE | NSE WI

CTSM | 0.00067 | 0.00339 | 0.00286 | 0.01229 | 0.9568 | 0.9576 9.54 0.9552 | 0.9251
NSDE | 0.00091 | 0.00418 | 0.00354 | 0.01269 | 0.9479 | 0.9487 11.55 0.9122 | 0.8852
SGM | 0.00114 | 0.00496 | 0.00421 | 0.01310 | 0.9389 | 0.9397 12.50 0.8757 | 0.8565
VAE 0.00138 | 0.00574 | 0.00489 | 0.01350 | 0.9300 | 0.9308 13.41 0.8561 | 0.8355

The strongest financial time series model remains CTSM, exhibiting the lowest MSE (0.00067), RMSE
(0.00339), and MAE (0.00286). Its high R? (0.9576) and r (0.9568) values affirm its ability to effectively
capture the complex dynamics of exchange rates post feature selection. While NSDE and SGM also show
improved accuracy, they lag behind CTSM but still indicate considerable gains. The VAE, although the
least performant, benefits substantially from feature optimization. These improvements highlight the crit-
ical importance of compact and informative feature sets in financial forecasting, improving generalization
and computational feasibility. Figure [3] visually contrasts these models by key error metrics, supporting
practitioners in selecting optimal forecasting tools for financial applications.
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Comparison of Models by MSE, RMSE, and MAE with Mean and Standard Deviation
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Figure 3: Comparison of deep learning models by MSE, RMSE, and MAE after feature selection on financial
exchange rate data.

4.4 Optimized Models

The final phase involved hyperparameter optimization of the CTSM model using metaheuristic algorithms
tailored for financial time series data. Four optimizers—NiOA, PSO, GGO, and WOA—were compared as
shown in Table 8] demonstrating their impact on model accuracy and stability.

Table 8: Performance of CTSM model optimized with metaheuristic algorithms for financial exchange rate
forecasting.

Model MSE RMSE MAE MBE r R? RRMSE | NSE

WI

NiOA + CTSM | 0.00088 | 0.00361 | 0.00308 | 0.01250 | 0.9955 | 0.9963 6.30 0.9951 | 0.9792

PSO + CTSM | 0.00112 | 0.00439 | 0.00375 | 0.01291 | 0.9865 | 0.9873 8.31 0.9663 | 0.9393

GGO + CTSM | 0.00136 | 0.00517 | 0.00442 | 0.01331 | 0.9776 | 0.9784 9.26 0.9298 | 0.9106

WOA + CTSM | 0.00159 | 0.00595 | 0.00510 | 0.01371 | 0.9686 | 0.9694 10.17 0.9102 | 0.8896

The NiOA-optimized CTSM model clearly leads in performance, achieving the lowest errors (MSE, RMSE,
MAE) and highest efficiency indices (R? = 0.9963, NSE = 0.9951), essential for reliable financial forecasting
amidst market volatility. PSO offers a strong alternative with moderate trade-offs, while GGO and WOA
provide comparatively lower accuracies but still improve upon unoptimized baselines. These results illustrate
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that metaheuristic hyperparameter tuning, particularly via NiOA, crucially enhances model adaptability and
precision in the financial sector.

Advanced visualization via density and KDE plots (Figure ) and box plots (Figure [5) further confirm the
reliability and consistency of NiOA-optimized CTSM performance, informing financial analysts about the
stability of forecast errors and reinforcing confidence in model predictions for risk-sensitive applications.

Mixed Plot: Density + KDE for Metrics
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Figure 4: Density and KDE plots of key model performance metrics demonstrating distribution and reliabil-
ity for financial forecasting.
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Box Plot with Mean & Std for Each Metric
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Figure 5: Box plots illustrating the central tendency and variability of performance metrics, providing in-
sights into model robustness in financial contexts.

5 Discussion

The experimental results clearly demonstrate that integrating deep learning models with advanced meta-
heuristic optimization significantly enhances the accuracy and robustness of USD-PKR exchange rate fore-
casting. The Continuous-Time Sequence Model (CTSM) outperformed other deep learning architectures by
effectively capturing intricate temporal and nonlinear dependencies in financial time series. From a financial
perspective, the improved precision achieved through the proposed model has meaningful implications. Ac-
curate exchange rate forecasts are critical for policymakers, central banks, investors, and multinational cor-
porations to manage currency risk, optimize portfolios, and devise informed monetary policies. The appli-
cation of the binary Ninja Optimization Algorithm (bNiOA) for feature selection successfully reduced input
redundancy without sacrificing predictive power, which streamlines the model and improves interpretability
— an important factor for real-world financial decision-making. Moreover, the Ninja Optimization Algo-
rithm (NiOA) for hyperparameter tuning fine-tuned CTSM, yielding state-of-the-art forecasting performance
compared to other metaheuristic optimizers. This level of accuracy and stability enables financial profes-
sionals to better anticipate market fluctuations, hedge effectively, and capitalize on arbitrage opportunities
arising from FX rate movements. The study provides substantive evidence that such hybrid deep learning
and metaheuristic frameworks surpass traditional econometric models like ARIMA and GARCH, which
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are often limited by assumptions of linearity and stationarity that fail under highly volatile market condi-
tions. In particular, the ability of the proposed method to adapt to nonstationary and nonlinear behaviors
is highly valuable in the context of modern financial markets characterized by rapid structural changes and
global shocks. In practical terms, the enhanced forecasting capacity supports policymakers in stabilizing
economies through proactive exchange rate interventions, and supports investors and businesses in miti-
gating exposure to currency risk. Extending this approach to other currency pairs, equities, commodities,
and cryptocurrencies represents a promising avenue to broaden its applicability in finance. Nonetheless,
this study acknowledges limitations including the exclusion of exogenous macroeconomic and sentiment
indicators, which can further enrich model inputs and context. Future research could integrate such multi-
dimensional data sources to capture a fuller picture of market drivers. Furthermore, real-time deployment
and scalability of the model remain challenges meriting investigation, as high-frequency trading environ-
ments demand rapid computation without loss of precision. In conclusion, the paper establishes that the
combination of deep learning with innovative metaheuristic optimization, especially the Ninja Optimization
Algorithm, provides a powerful and practical tool for financial forecasting. Its applicability to volatile cur-
rency markets underlines its potential as an essential resource for policymakers, financial institutions, and
investors navigating today’s complex economic landscape.

6 Conclusion and Future Work

This paper presents a robust and comprehensive approach for forecasting the USD—PKR exchange rate by
leveraging deep learning models enhanced with metaheuristic optimization techniques. Among the mod-
els tested, the Continuous-Time Sequence Model (CTSM) demonstrated superior baseline performance,
establishing a strong foundation for further enhancements. The application of binary Ninja Optimization
Algorithm (bNiOA) for feature selection effectively reduced input dimensionality and eliminated redundant
variables, resulting in significant improvements in model efficiency and predictive accuracy across all con-
sidered architectures. Further, the integration of the Ninja Optimization Algorithm (NiOA) for hyperparam-
eter tuning led to remarkable gains in forecasting precision, robustness, and stability. The NiOA-optimized
CTSM consistently outperformed other metaheuristic-based configurations, confirming NiOA’s effective-
ness in balancing exploration and exploitation within complex parameter spaces. These advances address
critical challenges in financial time series modelling, including high dimensionality, feature redundancy, and
sensitivity to hyperparameter choices. From a financial perspective, the enhanced predictive performance
has substantial practical implications. Accurate and reliable exchange rate forecasts enable policymakers to
design timely and effective monetary interventions and exchange rate management strategies, essential for
economic stability. Financial institutions, investors, and multinational corporations can benefit through im-
proved risk management, better hedging strategies, and optimized asset and portfolio allocation decisions.
Moreover, the methodology’s adaptability suggests promising extensions to other areas within the finan-
cial domain, such as stock price prediction, commodity price forecasting, and the increasingly important
cryptocurrency market. The capability to capture nonlinear, nonstationary, and volatile behaviors makes this
framework particularly suited for modern financial markets characterized by rapid shifts and global intercon-
nectivity. Despite these achievements, the study identifies several avenues for future exploration, including
incorporating additional macroeconomic and sentiment indicators to enrich the modeling context. Also,
investigating more advanced hybrid deep learning architectures (e.g., LSTMs, GRUs, Transformers) and
developing hybrid or multi-objective metaheuristic optimizers could further refine forecasting accuracy and
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computational efficiency. Expanding the framework’s application to real-time and streaming data scenar-
ios and validating its performance across different geopolitical and economic environments would enhance
its practical utility and generalizability. In conclusion, this work establishes that the fusion of deep learning
with innovative metaheuristic optimization, particularly the Ninja Optimization Algorithm, offers a powerful
and scalable approach for financial time series forecasting. It provides both theoretical insights and practical
tools to support informed decision-making in volatile and complex currency markets, thereby contributing
significantly to the advancement of financial forecasting methodologies.
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