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 Attempts have been made in this research to forecast returns of exchange rates of foreign 
countries in relation to Naira using the SVM, Neural Network (NN), and Random Forest (RF) 
forecasting models. The Value-at-Risk and Expected Shortfall results demonstrate that 
exchange rate risks intensified significantly during the post-crisis period. USD/NGN exhibited 
the highest post-crisis tail risk under the Neural Network model, with VaR₉₉ and ES₉₉ values 
reaching 1.2211 and 1.3003 respectively, indicating extreme downside exposure and elevated 
currency market fragility. Similarly, EUR/NGN and CAD/NGN recorded heightened post-
crisis risk levels, reflecting increased investor uncertainty and inflationary exchange rate 
pressures. By contrast, the RF model generated more moderate and economically plausible risk 
estimates, suggesting stronger robustness and stability in volatile emerging market 
environments. Graphical analyses corroborate these findings, showing that Neural Network 
forecasts produced explosive and exponential depreciation trajectories in the post-pandemic 
era, while RF forecasts exhibited smoother and more gradual adjustment paths consistent with 
managed exchange rate dynamics. The study found consistently higher post-crisis VaR and ES 
values across models signal rising tail risks, which imply potential for large currency swings. 
Such volatility could exacerbate macroeconomic fragility, increase the cost of external debt 
servicing, and drive inflationary pressures through more expensive imports. Across all models, 
the RF system consistently delivered superior predictive accuracy, forecast stability, and tail-
risk moderation particularly during the crisis and post-crisis periods. In contrast, the NN model 
produced exponential post-crisis forecast trajectories especially for USD/NGN and EUR/NGN; 
highly sensitive to structural breaks and may exaggerate persistent volatility in crisis-prone 
economies. Though informative, such outputs tended to overshoot plausible devaluation trends 
for the Naira, likely due to exaggerated extrapolation of recent market behaviors. SVM 
forecasts showed modest error levels and smoother, more plausible trends, offering less 
extreme but significant signals of future currency devaluation. This reinforces the importance 
of hybrid modeling approaches and the integration of non-linear machine learning tools in 
forecasting into central banking operations, exchange rate surveillance frameworks, and 
investor risk assessment strategies under turbulent economic conditions to enhance resilience 
against future external shocks and currency market disruptions. 

            © 2026 by the authors; licensee Growing Science, Canada. 
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1. Introduction 

In the present global financial architecture, foreign exchange markets and the associated world currencies namely USD, 
CAD, AUD, EUR, and JPY play a vital role in determining the stability and competitiveness of national economies.  For 
developing economies such as Nigeria, the volatility and unpredictability of exchange rates against major global currencies 
constitute a constant challenge to macroeconomic stability, trade performance, and monetary policy efficacy (Bello et al., 
2022).  This risk becomes more serious when the research covers not just spot rates but forward-looking indicators such as 
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foreign exchange forecasting and VaR assessments.  The dynamic interplay between global macroeconomic developments 
and currency volatility needs the development of robust econometric models to project and manage exchange rate risks. In 
addition, the dynamic and linked nature of global financial markets means that shocks from major economies such as the 
United States or the Eurozone can have instant spillover effects on developing countries like Nigeria (Bonga‐Bonga & 
Phume, 2022).  Unfortunately, much of the local forecasting and risk assessment literature fails to account for such 
transmission processes involving global events like interest rate hikes by the U.S.  Federal Reserve or geopolitical issues in 
the EU or Asia often cause speculative pressures on the naira, although are rarely integrated into local forecasting models 
(EJIYIME et al., 2024).  This neglect contributes to policy inertia and delayed intervention strategies, often with devastating 
effects on the country’s foreign exchange reserves and inflationary outlook. 
 
 In the face of the growing integration of Nigeria into global financial networks, the country remains vulnerable to external 
shocks transmitted through volatile currency relationships with developed economies.  Historical crises such as the global 
financial crisis of 2007-2009, the Covid-19 pandemic-induced downturn of 2020, and the geopolitical uncertainties caused 
by the Russian-Ukrainian conflict have exposed the structural fragility of Nigeria’s foreign exchange (forex) regime.  These 
occurrences underlined the need for strategic forecasting tools and risk measurement models that can capture the asymmetric 
behavior and tail risk of currency returns under diverse economic regimes (Kumar & Okonkwo, 2022; Zhao & Ren, 2023). 
A key research difficulty arises from the lack of a uniform methodological approach in capturing the volatility dynamics 
and forecasting exchange rate movements, notably between the Nigerian naira and a diversified basket of currencies from 
industrialized nations.  While traditional time-series models such as ARIMA have been frequently utilized in forecasting 
exchange rates, they typically fail to appropriately represent nonlinearities and heavy-tailed behavior inherent in financial 
time series (Petrică et al., 2016).  Moreover, conventional VaR models, although intuitive, suffer from sensitivity to 
distributional assumptions and are frequently criticized for underestimating risk during periods of high turbulence (Almeida 
& Diniz, 2022).  These restrictions are particularly pertinent when evaluating currencies such as the US dollar, Euro, and 
Yuan, which are heavily influenced by global macroeconomic indicators, political events, and central bank operations. 
 
The multidimensionality of the forecasting difficulty is further compounded by Nigeria’s dependency on foreign currencies 
for trade invoicing, debt servicing, and financial market operations.  The naira’s exchange rate with major international 
currencies such as the Canadian dollar, Australian dollar, yen, and the South African rand has shown episodes of significant 
misalignment, driven not only by domestic factors but also by international policy decisions and commodity price 
fluctuations (Ibrahim & Garba, 2021).  This presents a complex forecasting environment where traditional models fall short, 
prompting the exploration of advanced techniques such as Monte Carlo simulations and frequency-domain analysis to obtain 
more granular forecasts and risk profiles.  Besides, the evolution of foreign exchange forecasting models globally has not 
translated into practical implementation inside Nigeria’s macroeconomic management plan.  While central banks in 
advanced economies have integrated sophisticated risk-assessment techniques using Monte Carlo simulations and non-
linear time series methods, Nigerian authorities continue to depend largely on lagging indicators and linear models that are 
often misaligned with the stochastic realities of currency behavior (Adebayo & Sanni, 2023).  The lag in adopting these 
advanced techniques impedes Nigeria’s ability to respond proactively to impending currency shocks.  Additionally, 
policymakers and investors often lack empirical tools to distinguish between predictable trends and random shocks, 
particularly when evaluating exchange rate movements relative to a diversified set of developed-country currencies as 
mentioned above. 
 
Also, while Nigeria's trade exposure to developed economies like China, India, the EU, and the U.S. is well documented, 
the dynamic currency risks inherent in these relationships remain under-researched.  As Nigeria expands its foreign 
investment and external borrowing activities especially through Eurobonds and trade credits failure to account for the 
volatility and risk exposure of currencies like the Chinese Yuan could lead to poor investment valuation, balance of payment 
pressures, and unsustainable debt servicing (Chukwuma & Falana, 2023).  This provides a compelling research gap in the 
need to create advanced models that concurrently forecast currency changes and quantify their associated risk profiles using 
a basket of developed-country currencies.  The significance of this study lies in its robust approach to forecasting and risk 
estimation in currency markets that are increasingly volatile and interconnected.  With the Nigerian economy being strongly 
impacted by foreign exchange movements due to its import dependency and oil-export supremacy, understanding currency 
behavior against the Naira is of national relevance (Umoru et al. 2025; Olayemi & Olanrewaju, 2023).  From a policy 
standpoint, the findings of this study have major significance.  The CBN can apply the predictions and risk estimations to 
strengthen its exchange rate policy framework, decide on optimal currency allocation, and build reserve sufficiency 
indicators.  Fiscal authorities can utilize the data to predict future debt service requirements under multiple exchange rate 
scenarios, particularly for euro bond payments and bilateral debt denominated in USD, EUR, or CNY.  Private sector actors 
such as banks, importers, and investors can benefit by aligning their portfolio strategies with the expected direction and risk 
of currency movements.  The broader economy also stands to gain from improved foreign exchange planning, leading to 
better pricing decisions, debt sustainability, and trade competitiveness (Obasi & Okoye, 2023). To guide the investigation, 
our aim is to determine the forecasted values of the United State Dollar, Canadian Dollar, Australian Dollar, European 
Union Euro and the Yen against the Naira using the machine learning methods.  
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2. Prior Studies 
 
Forecasting methodologies can be grouped into traditional time series models, such as ARIMA and GARCH, and machine 
learning approaches like neural networks and support vector machines.  Each technique seeks to interpret the complexity 
of market behavior by evaluating historical exchange rate movements, macroeconomic variables (such inflation, GDP, and 
interest rates), and geopolitical developments (Hossain & Rahman, 2022).  The application of hybrid models and artificial 
intelligence has expanded the scope of forex forecasting, improving prediction accuracy in recent years (Zhou & Hu, 2024).  
Three dominant schools of thought underpin foreign exchange forecasting models: fundamental analysis, technical analysis, 
and sentiment analysis.  Fundamental analysis stresses macroeconomic indicators, such as balance of payments, interest 
rate differentials, and fiscal policies.  Technical analysis, on the other hand, is grounded in the belief that historical price 
data reflects all relevant information.  It employs charts and indicators to estimate future movements.  Sentiment analysis 
incorporates psychological and behavioral market trends by assessing investor attitudes and reactions to news and events 
(Maurya, Bansal & Mishra, 2025). Moreover, the importance of the time horizon in predicting cannot be emphasized.  Short-
term forecasts often rely on technical indications and market noise, whereas long-term projections reflect economic 
fundamentals.  Studies demonstrate that combining several forecasting methodologies frequently provides superior results 
than relying on a single model (Ogunyomi et al., 2024).  For instance, hybrid ARIMA-LSTM models have been employed 
with strong accuracy to forecast exchange rates.  The relevance of foreign exchange forecasting has grown in the aftermath 
of global financial shocks.  During the 2008 financial crisis and Covid-19 epidemic, FX markets faced heightened volatility, 
underlining the necessity for robust forecasting tools.  For example, the devaluation of the Russian currency following 
geopolitical tensions in 2022 underscored the significance of risk-sensitive forecasting systems (Dmitriev & Smirnov, 
2023).  In such circumstances, VaR assessments are integrated into forecasts to predict possible losses in poor market 
conditions.  Modern forecasting has increasingly embraced artificial intelligence and machine learning approaches to 
overcome the limits of linear models.  Algorithms such as recurrent neural networks (RNNs) and long short-term memory 
(LSTM) networks have proven exceptional ability in capturing non-linear connections and lag structures in forex time series 
(Adesina & Obokoh, 2025).  These models are capable of learning temporal dependencies and are responsive to dynamic 
market patterns.  Additionally, the frequency of data used in forecasting affects model selection.  High-frequency trading 
(HFT) and intraday predictions demand models that can manage microstructure noise, but daily or monthly predictions are 
better served by macroeconomic-based models (Wei & Li, 2022).  The accuracy of these models is commonly measured 
using root mean square error (RMSE), mean absolute error (MAE), and Theil’s U statistic.    
 
Another crucial issue in forex forecasting is the presence of structural fractures and regime shifts.  Events like Brexit, 
quantitative easing, and central bank interventions produce sudden shifts in exchange rate dynamics.  Researchers have 
included regime-switching models such as Markov-switching AR and GARCH models to capture such structural variations 
(Benmoumen & Aloui, 2024).  Despite progress, forecasting remains intrinsically unreliable due to the stochastic and 
frequently chaotic character of currency markets.  Consequently, researchers recommend using ensemble forecasting 
models and comprehensive back testing to boost reliability (Wu & Levinson, 2021).  In practical applications, firms utilize 
projections to design currency hedging strategies and avoid losses from unfavorable exchange rate changes.  Central banks 
deploy projections to guide monetary policy and currency interventions.  Moreover, investors use forex forecasts to optimize 
international portfolios and exploit arbitrage opportunities (Teng & Lin, 2024).  Foreign exchange forecasting is a complex 
science impacted by economic fundamentals, quantitative models, and market behavior.  Its significance in global finance 
has expanded in tandem with the integration of AI-based tools and data-driven methodologies.  As the global economy 
continues to suffer financial shocks and policy adjustments, the necessity of accurate and adaptable currency forecasting 
becomes even more vital.   
 
Adekunle and Omotayo (2025) have demonstrated that ensemble learning approaches incorporating diverse model 
architectures outperform single-model approaches in terms of consistency and robustness to data abnormalities.  In contrast, 
during financial crises, basic models may briefly produce stronger projections due to over fitting hazards inherent in more 
complicated algorithms (Kılıç, 2025). Obeng, Hassan, and Zhang (2024) conducted a rigorous examination into the 
applicability of deep learning neural networks (DLNNs) for forecasting exchange rates in emerging markets.  Khalid and 
O'Neill (2024) studied the efficacy of SVM models in projecting exchange rates in the post-financial crisis period across 
five developed economies: the United States, United Kingdom, Canada, Japan, and Australia.  The results showed that SVM 
outperformed both ARIMA and ARIMA-GARCH models across all currency pairs.  For example, in forecasting USD/NGN, 
the SVM model achieved an RMSE of 0.541 compared to 0.765 and 0.683 for ARIMA and ARIMA-GARCH, respectively.  
Similarly, the SVM model displayed greater directional accuracy (above 70%) in predicting the movement direction of 
exchange rates, which is particularly important for investors and policy analysts.  
 
Machine learning and hybrid models such as SVR and deep NN have shown higher forecasting accuracy, particularly during 
volatile financial periods (Kou et al., 2022; Chen & Wu, 2024).  These models integrate nonlinear dynamics, allowing for 
improved response to the intricacies and shifting behaviors in the FX market.  SVMs, with their potential for classification 
and regression, have showed robustness in capturing non-linear correlations even in noisy datasets (Dube & Mlambo, 2022).  
Similarly, ensemble approaches such as Random Forests aggregate several decision trees to reduce variation and enhance 
forecast dependability.  These methods are particularly useful for high-frequency trading environments, where speed and 
precision are critical.  It is also crucial to consider forecast evaluation metrics (Liu & Ahmed, 2023).  Mensah, Ibrahim, and 
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Dlamini (2025) presented a robust evaluation of VaR dynamics of ten currencies five from developed economies all 
measured against the NGN over three distinct periods.  The study applied a mix of classical VaR, EVT, and filtered historical 
simulation (FHS) to examine the effectiveness of each approach in capturing downside risks across regimes of varied 
volatility. Their analysis revealed that currency risk is highly regime-dependent, with risk models behaving inconsistently 
across time periods.  During the pre-crisis period, volatility was relatively low, and both parametric variance-covariance 
and historical simulation models performed adequately.  During the crisis time, the authors reported a substantial 
discrepancy in model accuracy.   
 
Adepoju and Okonkwo (2023) studied the efficacy of RF in projecting the exchange rate volatility of the NGN versus the 
US Dollar, Euro, and GBP during the peak of the global financial turbulence.  Results indicated that RF models had a 
reduced RMSE (by 14.6%) and higher directional accuracy (by 18.2%) compared to ARIMA and GARCH.  During this 
high-volatility time, RF displayed extraordinary resilience in capturing nonlinear interactions and hidden patterns stemming 
from external macroeconomic shocks, like the collapse in oil prices and the interbank market freeze. One important 
theoretical deficit found is the poor application of adaptive and hybrid models that fit the dynamic and nonlinear nature of 
exchange rate movements (Cumperayot et al., 2025; Sarno & Valente, 2009).  For instance, while several studies employed 
models such as ANN, SVM, and GARCH-EVT, they often relied on general statistical assumptions without explicitly 
linking these models to economic theories such as the monetary model and portfolio balance models of exchange rate 
determination (Pacelli et al., 2011).  Consequently, the models used, although computationally robust, often lack 
explanatory depth concerning how macroeconomic variables and investor behavior interact to influence exchange rate 
volatility and risk in varied financial climates (Abouzaid & Boussedra, 2025; Pacelli et al., 2011). In the context of the 
Nigerian Naira vis-à-vis major global currencies such as the USD, EUR, GBP, and JPY currency risk has grown in recent 
years due to capital flow reversals, oil price shocks, and macroeconomic misalignments (Ayeni et al., 2025; Onyimadu, 
2019).  The failure of standard macroeconomic models, such the monetary and portfolio balance models, to capture such 
shocks accurately has encouraged academics to merge real-time data with hybrid forecasting methodologies (Abouzaid & 
Boussedra, 2025; Cumperayot et al., 2025; Pacelli et al., 2011).  For example, hybrid models integrating ARIMA with 
machine learning methods like neural networks have proven useful in estimating both linear trends and nonlinear 
fluctuations in exchange rates (Odion, Lawal & Abdulrauf, 2025).   
 
3. Materials and Methodology 

 
This study examined the pre-Covid-19 period (2000-2021), the Covid period (2020-2021), and the post-Covid-19 recovery 
period (2022-2025) separately.  By breaking down the research period into distinct phases, the disease pandemic outbreak 
justifies the identification of structural breaks, shifts in forecasting accuracy, and differences in risk exposure (Adebayo & 
Olayemi, 2022). Forecasts were generated using the SVM, NN, and RF forecasting models separately for three 
macroeconomic phases with each forecast extending up to the year 2030. To assess the financial risk associated with the 
SVM, ANN and RF model forecasts, VaR and ES were computed at both the 95% and 99% confidence levels across the 
three economic periods. These risk metrics were calculated from the forecast residuals and modeled using parametric or 
semi-parametric techniques sensitive to tail behavior.  The performances of the SVM, NN, and RF models were evaluated 
using RMSE and MAE, standard metrics that reflect forecast accuracy and robustness. The models were implemented using 
a fixed lag window of 10, consistent with SVM experiments, to ensure comparability across model types. Each network 
was trained and validated separately for the pre-Covid crisis, and post-Covid periods, with forecasts extending to 2030. The 
models were trained on scaled data using back-propagation algorithms, optimized through mean squared error loss. The 
ANN model is specified as: 
 
𝑦𝑦�𝑡𝑡 = 𝑓𝑓(𝑧𝑧;Θ) =  𝑎𝑎(𝐿𝐿) = 𝑆𝑆(𝐿𝐿)𝑘𝑘(𝐿𝐿−1) + 𝑣𝑣𝐿𝐿  (𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜) (1) 

𝑧𝑧 = 𝑆𝑆(𝐿𝐿)𝑘𝑘(𝐿𝐿−1) + 𝑣𝑣𝐿𝐿  , 𝑝̂𝑝 = 𝜎𝜎(𝑧𝑧) =
1

1 + 𝑒𝑒−𝑧𝑧
 , 𝑦𝑦� = 1{𝑝̂𝑝 ≥ 0.5} (2) 

where Zt represents input vector of lagged returns, S1, S2 = weight matrices, v1 and v2 are the bias vectors, σ stands for the 
nonlinear activation function (typically ReLU or sigmoid). Cross-validation was used to prevent over-fitting, and hyper-
parameters (neurons, learning rate, lag size) were optimized through grid search. Feed-forward neural networks were chosen 
due to their adaptability to nonlinear relationships and their strength in short-term forecasting with sufficient data volume 
(Hewamalage et al., 2020; Jin & Xu, 2024). The standard LSTM equations: 
 
𝑎𝑎𝑡𝑡 =  𝜎𝜎(𝑆𝑆𝑎𝑎𝑍𝑍𝑡𝑡  +  𝑄𝑄𝑎𝑎𝑘𝑘𝑡𝑡−1 + 𝑣𝑣𝑎𝑎) (3) 
𝑔𝑔𝑡𝑡 =  𝜎𝜎(𝑆𝑆𝑔𝑔𝑍𝑍𝑡𝑡  +  𝑄𝑄𝑔𝑔𝑘𝑘𝑡𝑡−1 + 𝑣𝑣𝑔𝑔) (4) 
𝑎𝑎𝑞𝑞 =  𝜎𝜎(𝑆𝑆𝑞𝑞𝑥𝑥𝑡𝑡  +  𝑄𝑄𝑞𝑞𝑘𝑘𝑡𝑡−1 + 𝑣𝑣𝑞𝑞) (5) 
𝚥𝚥𝑡̃𝑡 =  𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(𝑆𝑆𝑗𝑗𝑥𝑥𝑡𝑡  +  𝑄𝑄𝑗𝑗𝑘𝑘𝑡𝑡−1 + 𝑣𝑣𝑗𝑗) (6) 

𝑗𝑗𝑡𝑡 =  𝑔𝑔𝑡𝑡  ⊗ 𝑗𝑗𝑡𝑡−1  +  𝑖𝑖𝑡𝑡⊗ 𝚥𝚥𝑡̃𝑡)   (7) 

𝑘𝑘𝑡𝑡 =  𝑞𝑞𝑡𝑡  ⊗ tank(𝑗𝑗𝑡𝑡) (8) 
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where Zt is the input vector at time t namely (USD, AUD, EUR, JPY, CAD, INR); kt−1 is the short-term memory; ct−1is the 
long-term memory; Sa, Sg, Sq, Sj are the weighted matrices applied to current input Zt, Qa, Qg, Qq and Qj are the weighted 
matrices applied to kt−1; vi, vf, vo and vc are the bias vectors; σ(⋅) is the sigmoid activation function, maps values to (0,1). 
The expanded SVM primal objective function and the corresponding constraint equation become: 
 

𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠,𝑣𝑣,𝜉𝜉,𝜉𝜉∗   
1
2

 ∥𝑠𝑠∥2  +  𝐽𝐽�(𝜇𝜇𝑖𝑖  +  𝜇𝜇 ∗𝑖𝑖)
𝑛𝑛

𝑖𝑖=1

 
(9) 

𝑦𝑦𝑖𝑖   𝑣𝑣 ≤  𝑒𝑒 +  𝜇𝜇𝑖𝑖 (10) 
⟨𝑠𝑠,𝜙𝜙(𝑧𝑧𝑖𝑖)⟩  +  𝑣𝑣 −  𝑦𝑦𝑖𝑖  ≤  𝑒𝑒 +  𝜇𝜇 ∗𝑖𝑖   (11) 

 
The dual function is given as: 
 

−0.5 �( − )�𝜗𝜗𝑗𝑗  −  𝜗𝜗 ∗𝑗𝑗� 𝐻𝐻�, 𝑥𝑥𝑗𝑗�
𝑇𝑇

𝑖𝑖,𝑗𝑗

 −  𝑒𝑒 �( + )
𝑛𝑛

𝑖𝑖=1

 +  �𝑦𝑦𝑖𝑖  ( − )
𝑛𝑛

𝑖𝑖=1

 
(12) 

 
Note that s is the weight vector, and b is the bias term. As a theoretical model, VaR framework supports the broader goal 
of this study as a theoretical model used to forecast exchange rates and assess their risk implications, especially during 
financial uncertainty like the Covid-19 crisis (Herrera et al., 2025; Khazeh et al., 2024). The RF model constructs multiple 
regression trees from bootstrapped samples and aggregates their outputs. 
 

𝑓𝑓(𝑦𝑦) =
𝐼𝐼
𝑁𝑁
�𝑇𝑇𝑛𝑛(𝑦𝑦)
𝑁𝑁

𝑛𝑛=1

 
 

(13) 

where N stands for the number of trees which was based on random subset of lagged exchange rate returns. Scientifically, 
VaR at confidence level α, over a time limit 𝜏𝜏 is defined following the works of Frezza et al. (2021) as: 
 
𝑉𝑉𝑉𝑉𝑉𝑉𝛼𝛼,𝜏𝜏 = 𝑓𝑓{𝑙𝑙 ∈ ℝ:𝑃𝑃(𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 > 𝑙𝑙) ≤ 1 − 𝛼𝛼} (14) 

 
Note that α is the chosen confidence level (e.g. 99%),𝑉𝑉𝑉𝑉𝑉𝑉𝛼𝛼,𝜏𝜏  is the loss threshold that will not be exceeded with probability 
α. The VaR values were estimated through the parametric VaR which assumes normal returns with constant variance. It 
calculates VaR as: 
 

VaRα = μ + zα ⋅ σ (15) 
 
Also note that μ is the average return, σ is the deviation of returns, zα is the critical value from the standard normal 
distribution (Rigana et al., 2024). The neural networks were particularly suitable for this study due to the regime shifts 
across the three periods of interest. In such volatile environments, where economic fundamentals, investor behavior, and 
policy interventions change rapidly, the NN uncovers hidden patterns that linear models might miss (Oyewole et al., 2024). 
In the study context, the NN model was trained using historical daily return data for each currency. The lagged values of 
the currencies are USD/NGN, CAD/NGN, AUD/NGN, EUR/NGN, and JPY/NGN were used as input features, and the 
model was tasked with learning the mapping to future returns. This structure was sufficient to capture nonlinear 
dependencies while reducing the risk of over-fitting, especially given the modest size of the dataset. Similarly, the RF 
approach reduces over-fitting and improves generalization, making the model highly robust for forecasting in uncertain and 
volatile periods like the Covid-19 crisis (Salman et al., 2024). It also has the advantage of interpretability through feature 
importance measures, allowing the researcher to understand which lagged returns or time windows contribute most 
significantly to the model’s forecast (Kim et al., 2025). This adds a layer of transparency that is often missing in black-box 
models, and provides useful insights into temporal dependencies in currency return series (Althobaiti et al., 2026). The 
study uses daily frequency currency returns to capture short-term market behavior and enhances statistical properties, 
including stationarity.  
 
4. Results 
 
Table 1 reports the descriptive statistics for Pre-Covid Crisis Period. The pre-crisis period comprised weekly forex rates for 
a five-year period and serves as the baseline for understanding relative stability in the Nigerian foreign exchange market 
prior to the Covid disruption. For the developed countries sampled, the average exchange rates show relatively moderate 
levels. The USD (₦274.76) and EUR (₦319.22) traded at a premium relative to others, while AUD (₦203.38) and CAD 
(₦210.54) hovered within a similar band, reflecting Nigeria’s preference and trading volumes with North America and 
Australia. The JPY, despite its low nominal value globally, exchanged at ₦246.89 on average, showing its converted worth 
in the local market. For spread, all currencies displayed moderate standard deviation values, with the EUR (₦67.82) as the 
most volatile. The JPY also showed considerable spread (₦51.59), likely due to Japan’s monetary policy and Nigeria’s 
foreign reserve adjustments. This point to an exchange rate environment that while fluctuating remains within relatively 
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narrow and predictable bands. All currencies were negatively skewed, implying that the lower exchange rate values occurred 
more frequently than the higher ones. This aligns with a pre-crisis era where currency values were more likely to remain 
below their respective means. The kurtosis values below 3 (platykurtic distribution) suggest fewer extreme outliers 
confirming relative market stability. Therefore, it can be drawn that in the absence of global shocks, the Naira's depreciation 
followed a gradual and contained path. Market fundamentals and moderate inflation, coupled with capital controls, 
contributed to this moderate volatility, although underlying macroeconomic imbalances were present. 

 
Table 1  
Descriptive Statistics for Pre-Covid Crisis Period 

Currency Mean Median Maximum Minimum Std. Dev. Skewness Kurtosis 
AUD 203.38 217.46 260.03 136.72 37.26 -0.70 1.84 
CAD 210.54 229.98 266.47 136.90 37.64 -0.84 1.91 
EUR 319.22 341.54 420.05 208.91 67.82 -0.52 1.80 
JPY 246.89 273.82 339.50 154.44 51.59 -0.83 1.91 

 
Covid-19 resulted in global uncertainty, supply chain distortions, capital flight from emerging markets, and substantial 
macroeconomic shocks in Nigeria. All currencies appreciated sharply against the Naira. The EUR rose against the naira 
from a mean of ₦319.22 pre-crisis to ₦441.81, while USD rose from ₦274.76 to ₦379.51. The significant rise reflects the 
intensified demand for foreign currencies amidst declining oil revenues, reduced FDI inflows, and Nigeria's constrained 
dollar reserves. Interestingly, while the level of exchange rates increased, standard deviation declined slightly for some 
currencies such as the Canadian and Australian dollars. The above depicts structural realignment or controlled devaluation 
rather than hyper fluctuations, potentially due to the Central Bank of Nigeria's managed float regime and periodic forex 
auctions. There was also a change in the distributions during the crisis as it became more leptokurtic and negatively skewed, 
particularly for the Japanese Yen (kurtosis = 5.01, skewness = -1.72), indicating more frequent extreme lows, possibly 
caused by aggressive CBN interventions or liquidity tightening. These higher kurtosis values reflect increased tail risk, with 
several weeks of sharp Naira depreciation episodes. By implication, the COVID-19 crisis can be stated to have exposed the 
vulnerability of Nigeria’s oil-centred export structure, as the Naira faced structural devaluation pressures despite currency 
interventions. 

 
Table 2 
Descriptive Statistics for Covid Crisis Period  

Currency Mean Median Maximum Minimum Std. Dev. Skewness Kurtosis 
AUD 274.35 289.73 318.65 177.42 34.43 -1.04 3.01 
CAD 293.61 298.26 340.02 212.98 32.54 -0.61 2.51 
EUR 441.81 455.11 500.44 327.24 45.89 -1.18 3.42 
JPY 350.36 360.33 376.44 274.21 27.15 -1.72 5.01 
USD 379.51 380.70 411.70 305.88 30.84 -1.16 3.85 

 
As the country recovered from the pandemic, its financial sector experienced restructured exchange rate landscape, 
underpinned by persistent inflation, monetary tightening globally, and Nigeria’s ongoing forex illiquidity and problematic 
policies. The most striking trend is the exponential rise in all average exchange rates. The US dollar more than tripled, 
moving from an average of ₦379.51 during the crisis to ₦962.45 post-crisis. Similarly, the Euro jumped to ₦1,043.90, and 
the Canadian dollar to ₦704.30. It shows high currency depreciation likely worsened by rising inflation, political 
uncertainty, and the phasing out of fuel subsidies which increased demand for foreign exchange. From 2022 till July 2025 
currently, the period is marked by very high standard deviation, indicating massive fluctuations in forex markets. The AUD 
(₦326.10), JPY (₦324.13), and EUR (₦565.17) all highlight the massive instability in Nigeria’s currency market, driven 
by macroeconomic instability and uncoordinated policy responses. Unlike during the crisis, skewness and kurtosis values 
are now close to zero and <3, respectively, indicating a flatter distribution of exchange rates. This suggests that currency 
values are now fluctuating more evenly around the mean, not dominated by sharp spikes or deep crashes. However, it also 
means unpredictability in directions, reflecting poor investor confidence and lack of forex liquidity. The results reveal that 
the post-COVID landscape does not offer relief but instead points to a new normal of elevated and unstable exchange rates. 
It reveals a loss of control and a difficult time for businesses and investors. 

 
Table 3  
Descriptive Statistics for Post-Covid Crisis Period 

Currency Mean Median Maximum Minimum Std. Dev. Skewness Kurtosis 
AUD 633.36 519.58 1151.92 269.33 326.10 0.22 1.28 
CAD 704.30 583.75 1234.54 312.29 361.35 0.19 1.26 
EUR 1043.90 856.62 1863.16 416.72 565.17 0.21 1.28 
JPY 659.59 540.22 1173.62 292.19 324.13 0.24 1.30 
USD 962.45 789.00 1681.39 412.96 510.54 0.19 1.25 

 
Table 4 reports the five standard panel unit root tests estimate in pre-financial crisis, financial crisis and post-financial crisis. 
A preliminary assessment of the series at their level form reveals that none of the test statistics are statistically significant 
using any of the assessment techniques or timeframes. Thus, we cannot reject the null hypothesis of a unit root. This means 
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that the exchange rate variables are non-stationary by nature and follow a random walk in their raw, un-differenced forms. 
In order to ensure that the data used was stationary, which is necessary for optimal convergence of the testing procedures 
we deploy, and most importantly to preclude the ML models from identifying spurious relationships in the data, a first 
differencing was performed on all the data. The outcome at first difference shows a significant and uniform shift as all test 
statistics from the five methods are highly significant. The clear statistical evidence strongly rejects the null hypothesis 
which states there is a unit root for the pre-crisis, crisis and post-crisis periods. As a result, it is empirically established that 
the exchange rate series are integrated of order one. Additionally, the fact that these integration properties display perfect 
coincidence in three different economic regimes shows that the data’s statistical behavior is structurally stable and 
completely unaffected by the severe macroeconomic shocks caused by the financial crisis.  Having this capacity uniform 
stationarity is critical for the objectives of the study since it assures that the ML algorithms are fitted on stable mean 
reversion processes. The predictive models are mathematically formalized via first-differenced data utilization. This leads 
to a substantial enhancement of the reliability, out-of-sample accuracy, and overall validity of comparative volatility and 
tail-risk forecasts. 
 
Table 4 
Panel Unit Root Test Outputs  

Test  Order of Integration Pre-Covid Crisis Covid Crisis Post-Covid Crisis 
LL& Chu t* Level: I(0) 0.9607 -1.0171 0.3748 

 First Diff: I(1) -63.259** -30.893** -35.121** 
B t-stat Level: I(0) -0.9374 -0.3787 -1.9107 

 First Diff: I(1) -40.023** -22.696** -26.581** 
IPS W-stat Level: I(0) 1.8405 0.1437 -0.2131 

 First Diff: I(1) -48.505** -27.185** -28.757** 
ADF - FCS Level: I(0) 2.3175 6.9443 7.8829 

 First Diff: I(1) 713.67** 322.256** 426.928** 
PP - FCS Level: I(0) 2.2117 6.1594 9.8539 

 First Diff: I(1) 712.76** 328.612** 426.532** 
 

As shown in Table 5, the SVM model was implemented with a uniform lag of 10 across all currencies and periods. This lag 
was selected based on preliminary grid search optimization to balance over-fitting and under-fitting. The performance of 
SVM regression models varied substantially across the three periods, reflecting the changing volatility and structural 
dynamics of currency behavior during and after the Covid-19 crisis. Across all currencies, SVM models produced much 
lower errors during the Covid-crisis period, suggesting that the short-term volatility may have been more predictable due to 
government interventions and policy-induced market behaviors. Pre-crisis forecasts were significantly less accurate, with 
errors 100 to 1000 times larger, particularly for EUR/NGN and USD/NGN. Post-crisis forecasts show modest increases in 
RMSE and MAE relative to the crisis period, indicating a shift toward greater unpredictability as markets adjusted to post-
pandemic macroeconomic realities. The superior performance of SVM during the Covid-crisis period aligns with the 
hypothesis that ML models, particularly kernel-based approaches like SVM, can adapt well to short-term shocks when 
structural breaks are clearly defined. During this period, exchange rate movements were more likely driven by exogenous 
interventions (e.g., capital controls, stimulus injections), creating short-lived but strong patterns that SVM could capture 
effectively. 
 
In contrast, during the pre-crisis period, currency movements likely reflected a mix of endogenous macroeconomic 
fundamentals and unobserved nonlinearities, which the static lag-based SVM setup struggled to model. The post-crisis 
phase, though more stable than the crisis period, introduced new uncertainty and volatility from inflationary pressures, 
supply chain realignments, and geopolitical risks, all of which may have reduced SVM’s effectiveness. The relatively poor 
performance of EUR/NGN and USD/NGN during the pre-crisis phase further reinforces this view. These two currencies 
typically anchor major commodity and financial flows, making them subject to a broader range of interacting market forces 
that machine learning models may not easily isolate with limited lag-based training. 
 
The results of NN Machine Forecast reported in Table 5 showed that  the NN method performed exceptionally well during 
the Covid-19 crisis period, where short-term volatility was high, and exchange rates responded strongly to policy shocks 
and global uncertainties. Across all five currency pairs, the model yielded impressively low error metrics. For instance, the 
USD/NGN pair achieved an RMSE of 0.0207 and MAE of 0.0168, while EUR/NGN followed closely with an RMSE of 
0.0428. These outcomes indicate that the neural network was particularly effective at capturing abrupt, nonlinear market 
movements during crisis conditions, likely because of the clarity and consistency of data patterns within a compressed time 
frame of instability. However, performance was significantly weaker in the pre-crisis period. The forecast errors across all 
currency pairs were markedly higher, with RMSE values ranging from approximately 12 to over 25. For instance, 
EUR/NGN showed a pre-crisis RMSE of 25.668 and MAE of 24.118. This suggests that Neural Networks had difficulty 
modeling more stable, long-term data regimes, potentially due to the lack of strong signals in relatively tranquil economic 
conditions. The model may have either over-fitted to minor fluctuations or failed to detect meaningful patterns from slow-
moving macroeconomic fundamentals.  
 
In the post-crisis period, model performance deteriorated further, though not as drastically as in the pre-crisis phase. Forecast 
errors increased across all currency pairs, with USD/NGN showing the largest RMSE at 0.5472. This degradation is 
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particularly important because it signals the neural network's limitations in adapting to structural regime shifts, such as those 
brought on by inflation, exchange rate policy transitions, or persistent uncertainty in the post-Covid recovery. These results 
highlight the challenge neural networks face when forecasting into complex, evolving macroeconomic environments where 
historical patterns are no longer predictive.   
 
During the pre-crisis period, RF results of Random Forest Forecast presented in Table 5 report relatively high RMSE and 
MAE values across all currency pairs, reflecting greater difficulty in capturing exchange rate movements during a period 
of relatively stable but noisy macroeconomic signals. The most substantial error is seen in EUR/NGN, with an RMSE of 
9.57 and MAE of 4.00, suggesting that the model struggled with the high variability or latent structure in that data. Similarly, 
AUD and JPY show forecast errors in the 2.0+ range, highlighting a general challenge of model fit during low-volatility, 
non-shock periods when patterns may be more subtle and dispersed. Nevertheless, the crisis period yields exceptionally low 
RMSE and MAE values across all currencies, often falling below 0.01. This may seem counterintuitive given the volatility 
associated with financial crises; however, it can be attributed to sharper directional trends and clearer structural breaks in 
the data that ensemble tree-based models like RF are able to exploit effectively. The relative linearity or monotonicity of 
exchange rate movements during high-stress periods may have simplified prediction, particularly with models designed to 
handle non-linearities and interactions. The RF’s performance here suggests a strong ability to generalize under turbulent 
conditions.  
 
Forecast errors in the post-crisis period rise compared to the crisis phase but remain substantially lower than pre-crisis 
levels, indicating a partial return to model complexity as economic variables normalize and volatility reintroduces noise 
into the system. For example, AUD/NGN’s RMSE climbs to 0.0284, while EUR/NGN reaches 0.0571 higher than crisis 
values but still markedly lower than pre-Covid levels. This pattern reveals that Random Forest models maintain moderate 
robustness in recovery phases, capturing transitional dynamics with reasonable precision but showing some sensitivity to 
re-stabilizing systems. On a currency basis, USD/NGN presents consistently low forecast errors in both crisis and post-
crisis periods (RMSE = 0.0089 and 0.0559), reinforcing its systemically anchored behavior amid economic shocks and high 
liquidity. JPY/NGN and EUR/NGN exhibit low post-crisis errors but with some variability, possibly linked to divergent 
monetary policy regimes and differential recovery speeds. CAD/NGN and AUD/NGN perform similarly, with slight upticks 
in post-crisis MAEs, suggesting that these commodity-linked currencies may have reflected more lagged exchange 
dynamics in the Nigerian context. 

 
Table 5 
Forecast Accuracy Measures 

Currency 
Pair SVM (RMSE) SVM (MAE) NN (RMSE) NN (MAE) RF (RMSE) RF (MAE) 

Panel A: Pre-Covid Crisis Period 
AUD/NGN 5.9640 5.6173 12.6830 12.4840 2.3006 1.8043 
CAD/NGN 4.9742 4.7021 13.9060 13.7390 1.7376 1.3717 
EUR/NGN 20.5990 18.2790 25.6680 24.1180 9.5687 4.0052 
JPY/NGN 5.9222 5.5536 16.9775 16.7610 2.1014 1.6805 
USD/NGN 9.7304 9.7250 18.6130 18.6090 0.4592 0.3065 

Panel B: Covid Crisis Period 
AUD/NGN 0.0240 0.0191 0.0949 0.0839 0.0156 0.0129 
CAD/NGN 0.0182 0.0154 0.1055 0.0931 0.0105 0.0095 
EUR/NGN 0.0182 0.0144 0.0428 0.0370 0.0080 0.0060 
JPY/NGN 0.0109 0.0093 0.0590 0.0454 0.0076 0.0057 
USD/NGN 0.0101 0.0093 0.0207 0.0168 0.0089 0.0074 

Panel C: Post-Covid Crisis Period 
AUD/NGN 0.0305 0.0223 0.2823 0.2037 0.0284 0.0209 
CAD/NGN 0.0250 0.0198 0.2787 0.2018 0.0228 0.0162 
EUR/NGN 0.0587 0.0408 0.4063 0.3030 0.0571 0.0418 
JPY/NGN 0.0413 0.0322 0.2208 0.1774 0.0227 0.0177 
USD/NGN 0.0690 0.0569 0.5472 0.4374 0.0559 0.0400 

 
From Table 6, it can be deduced that across all currencies, the Covid-crisis phase exhibited the lowest VaR and ES values, 
reflecting reduced tail risk despite high volatility. This can be explained by concentrated policy responses (such as exchange 
rate controls or temporary fiscal injections), which created predictable short-term market conditions particularly conducive 
for kernel-based SVM models. VaR and ES values were moderate but highly variable across currencies, with EUR/NGN 
showing unusually high tail risk (e.g., ES99 at 0.2104), likely due to persistent volatility and speculative exposures. For the 
post-crisis period, all currencies displayed a notable increase in tail risk, especially USD/NGN and AUD/NGN. For 
example, the 99% VaR for USD/NGN increased nearly fourfold from 0.0346 (pre-crisis) to 0.1448 (post-crisis). This 
indicates elevated uncertainty in the wake of the pandemic recovery, possibly driven by inflation, geopolitical instability, 
and restructuring of global supply chains. These results, combined with forecast accuracy metrics, suggest that while SVM 
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models perform well during acute crises (due to their responsiveness to abrupt patterns), they may underestimate tail risks 
in complex post-crisis environments. Their ability to adapt to new nonlinearities weakens once structural changes evolve 
beyond their initial training dynamics. 
 
In Table 6, it can be seen that during the pre-crisis period, neural network forecasts suggested minimal exposure to extreme 
downside risks. Most VaR and ES values were either negative or near zero particularly for USD/NGN, CAD/NGN, and 
JPY/NGN. This apparent suppression of risk may reflect a combination of market stability before Covid-19 and the NN 
model’s tendency to over fit in calm periods, thereby failing to anticipate rare, impactful movements. While the EUR/NGN 
pair showed slightly positive risk values, overall risk levels remained muted. However, these subdued indicators, rather than 
confirming true safety, likely reveal model mis-calibration in the face of low-frequency shock events. In contrast, the crisis 
period was marked by moderate but consistent increases in tail risk metrics. Neural network models captured the elevated 
volatility of the period with a reasonable degree of stability. VaR and ES estimates across all currency pairs rose, especially 
for CAD/NGN and JPY/NGN, reflecting heightened sensitivity to global uncertainty and capital flow fluctuations. 
Nonetheless, the neural networks handled this regime relatively well, suggesting that they were able to learn from the crisis’ 
more regular volatility structure, especially within the short-term learning window dictated by the model lag.  
 
The post-crisis period, however, presented a radically different picture. Neural network residuals indicated an explosive rise 
in tail risk across all currencies, most notably for USD/NGN and CAD/NGN. VaR and ES at both 95% and 99% confidence 
levels soared, USD/NGN’s VaR99 reached 1.22 and ES99 climbed to 1.30, an extreme departure from earlier levels. This 
spike highlights the inability of the NN architecture to adapt to post-pandemic structural shifts, including currency 
devaluations, inflation pressures, and the withdrawal of global monetary stimuli. These findings strongly suggest that the 
model's static structure, built on lagged observations, was ill-equipped to handle nonlinear regime changes and long-term 
rebalancing effects. In essence, the neural network model performed adequately during volatile but bounded crisis 
conditions but faltered in recognizing complex, evolving patterns of post-crisis dislocation. 
 
According to the RF VR reported in Table 6, in the pre-Covid era downside risk as measured by VaR and ES was generally 
moderate to low, especially for key currencies such as USD/NGN (VaR₉₉ = 0.0042) and CAD/NGN (VaR₉₉ = 0.0145). Even 
for more volatile currencies like EUR/NGN, which showed a relatively high ES₉₉ of 0.1681, this period remained 
characterized by relatively stable FX conditions and predictable trends. These outcomes align with a global backdrop of 
moderate volatility and relatively steady trade flows for the pre-2020 era, with Nigeria experiencing routine currency 
pressures but no systemic shocks.  Interestingly, the crisis period does not show a dramatic spike in VaR or ES across 
currencies. In fact, some currencies like EUR/NGN and JPY/NGN maintain very similar or even slightly reduced risk levels 
compared to pre-crisis, highlighting the potential of Random Forest models to smooth abrupt short-term spikes when 
learning from volatile periods. For example, EUR/NGN shows a VaR₉₉ of only 0.0173 during the crisis, significantly lower 
than its pre-crisis counterpart. This suggests that while the FX market experienced volatility, the patterns may have been 
more directional or predictable, conditions under which ensemble learning models like RF perform efficiently.  
 
Nevertheless, USD/NGN and AUD/NGN do exhibit some increase in tail risk, with the former jumping from a negligible 
VaR₉₉ of 0.0046 (pre-crisis) to 0.0176 (crisis), and corresponding ES₉₉ rising from 0.0176 to 0.0191. These increases 
indicate that the Naira began showing greater vulnerability against core currencies amid capital flight, trade disruptions, 
and uncertainty in global markets. Despite the pandemic, the RF model shows only modest risk increases for most pairs 
during the crisis, likely due to identifiable trends and reactive monetary interventions. The most striking insights arise in 
the post-crisis period, where the Random Forest model projects a notable surge in downside risk across all currency pairs, 
especially in USD/NGN and EUR/NGN. For instance, the USD/NGN pair records an ES₉₉ of 0.1215, nearly 30x its pre-
crisis risk estimate. USD/NGN and EUR/NGN show the most pronounced escalation in VaR and ES values post-crisis, 
underlining their importance for Nigerian currency risk management and economic exposure. This dramatic elevation 
signals the model's recognition of entrenched instability and heightened vulnerability in the Naira’s valuation post-Covid. 
Similarly, EUR/NGN’s post-crisis VaR₉₉ climbs to 0.1069, supported by an ES₉₉ of 0.1117 suggesting considerable 
downside potential in the event of extreme shocks. Other currencies like CAD/NGN and JPY/NGN also reflect escalated 
risk exposures, although to a relatively lesser extent, indicating their buffered or more diversified impact on Nigeria’s trade 
and capital markets. The post-crisis period is marked by significant tail risk exposure, possibly reflecting macroeconomic 
fragilities such as foreign reserves depletion, inconsistent FX policies, inflation, and global risk aversion. In sum, the VaR 
analysis reveals great breakdown of exchange rate stability in the Post-Crisis era. Whereas Neural Networks identify some 
extreme tail risk, suggesting a high probability of isolated massive depreciation episodes, the RF takes a slightly moderated 
new volatility regime. The huge increase in Expected Shortfall (across all models) in the Post-Crisis era implies that when 
the Naira today is depreciating, that depreciation  is far greater than anything ever seen in the past decade. This calls for 
robust hedging strategies for Nigerian importers and financial institutions. 
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Table 6 
Value-at-Risk Measures for Different Time Periods 

Currency 
Pair 

SVM 
(VaR_99) SVM (ES_99) NN (VaR_99) NN (ES_99) RF (VaR_99) RF (ES_99) 

Panel A: Pre-Covid Crisis Period 
AUD/NGN 0.0481 0.0516 -0.0383 -0.0373 0.0263 0.0296 
CAD/NGN 0.0347 0.0370 -0.0439 -0.0433 0.0145 0.0154 
EUR/NGN 0.1380 0.2104 0.0479 0.0946 0.0980 0.1681 
JPY/NGN 0.0318 0.0329 -0.0445 -0.0440 0.0135 0.0135 
USD/NGN 0.0046 0.0176 -0.0589 -0.0588 0.0042 0.0043 

Panel B: Covid Crisis Period 
AUD/NGN 0.0444 0.0454 0.1465 0.1468 0.0261 0.0264 
CAD/NGN 0.0251 0.0258 0.1994 0.2062 0.0173 0.0175 
EUR/NGN 0.0362 0.0368 0.0826 0.0899 0.0173 0.0175 
JPY/NGN 0.0175 0.0180 0.1374 0.1482 0.0158 0.0161 
USD/NGN 0.0176 0.0191 0.0403 0.0419 0.0181 0.0189 

Panel C: Post-Covid Crisis Period 
AUD/NGN 0.0839 0.0970 0.7962 0.9224 0.0636 0.0690 
CAD/NGN 0.0706 0.0854 0.7407 0.8252 0.0519 0.0577 
EUR/NGN 0.1069 0.1117 0.6744 0.6816 0.1085 0.1121 
JPY/NGN 0.0857 0.0885 0.5855 0.6709 0.0392 0.0394 
USD/NGN 0.1448 0.1494 1.2211 1.3003 0.1174 0.1215 

 
According to Table 7, during periods of high inflation (2016, 2023-24), the models show a marginal increase in residuals 
(errors), reflecting a higher level in predicting the black market premiums. Year 2020-2021 shows that in the Covid-19 era 
the Naira abruptly lost not only its value but also its predictability. MAEs for all three models (NN, SVM, and RF) all grew 
in their time frames of COVID-19 months as against that of the 2018-19 forecast parameters due to the temporary shutdown 
of virtually everything at the global level, thereby disrupting the real driving force behind the demand for the Nigerian 
foreign exchange market rates. In 2022-2025 series, it proves that the Naira has entered into a HRS with a possible potential 
of collapsing. One would, therefore, reasonably postulate that these models were trained on the stable 2015-2019 data on 
the foreign-exchange rates that the post-COVID period has rendered the meaning of historical averages redundant. The 
critical output of this research should be hybridizing these models or employing the Random Forest, which offers a loanable 
safety measure for forecasting under such an unstable economic environment, as the resultant forecast is further unlikely 
towards mis-interpreting the sudden, massive shifts in a vertical position, as happened in mid-2023. 

 
Table 7 
Comparative Analysis of Model Performance 

Pre-COVID 
Model Characteristic Analysis Typical Finding 

Random Forest (RF) An ensemble method that handles non-linearities 
by averaging multiple decision trees. 

Often the top performer for Naira data because it is robust against 
the noise and outliers common in Nigerian parallel market shocks. 

Neural Networks (NN) Deep learning layers designed to mimic human 
brain processing to find complex patterns. 

Excellent at capturing long-term trends but may overfit if the 
dataset is small or if the Naira undergoes sudden, unpredictable 
policy devaluations. 

Support Vector 
Machine (SVM) 

Uses a hyperplane to classify or regress data, 
effective in high-dimensional spaces. 

Highly stable for short-term forecasting but may lag behind RF 
when dealing with the extreme volatility (heteroscedasticity) of the 
Naira. 

Pre-COVID vs. COVID Period 
Feature 2015-2019 Period (Fig 1) 2020-2021 COVID Period 

Stability Moderate; characterized by a major shift in 2016 
followed by relative flatlines 

Low; characterized by continuous upward pressure and frequent 
spikes. 

USD Behavior Long periods of horizontal movement 
(intervention). Frequent step devaluations (adjustments) 

Model Difficulty Easier for models to memorize the mean. High difficulty due to extreme non-linearity and black swan events 
Metric Post-COVID (2022-2025) Characteristic Best Suited Model 
Trend Magnitude Aggressive, non-linear depreciation Neural Network (Trend-tracking) 
Volatility Type Frequent, sharp noise spikes Random Forest (Outlier robust) 
Data Distribution Highly skewed (not normal) RF & NN (Non-parametric) 

Post-COVID Features 
Metric Post-COVID (2022-2025) Characteristic Best Suited Model 

Trend Magnitude Aggressive, non-linear depreciation. Neural Network (Trend-tracking) 
Volatility Type Frequent, sharp noise spikes. Random Forest (Outlier robust) 
Data Distribution Highly skewed (not normal). RF & NN (Non-parametric) 
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5. Discussion of Findings 
 
The findings from this study reveal that tail risks were lowest during the Covid-crisis period due to predictable, controlled 
policy environments. Post-crisis periods show elevated VaR and ES, especially for USD/NGN and EUR/NGN, indicating 
resurgent uncertainty and market fragility. These dynamics carry important implications for Nigeria's financial stability and 
investor strategy.  The post-crisis surges in volatility and exchange rate risk VAR and expected return (ES) suggests that 
traditional hedging mechanisms may not perform well during recovery periods due to structural market shifts. Investors 
should use dynamic hedging models and consider multi-currency diversification to mitigate exposure to NGN volatility. 
The increased ES values suggest that market participants demand a higher risk premium for NGN exposure, impacting 
external borrowing costs, FDI expectations, and exchange rate-linked contract pricing. Nigerian policymakers and financial 
regulators should use high-frequency VaR and ES monitoring tools to identify systemic risks, adjust foreign reserve 
interventions, and issue early market stress warnings. Studies such as Kaushik and Giri (2020) compared a SVM with VAR 
and a recurrent neural network (RNN) or LSTM for predicting USD/INR exchange rates. They found that SVM achieved 
97.17% accuracy, outperforming VAR (96.31%) but slightly trailing LSTM (97.83%). This echoes your observations that 
SVM excels in capturing nonlinear patterns but may lack the deeper sequence modeling strength of RNNs. Our findings 
support those of Kharat (2023). 
  
The forecasts generated by the NN model across both developed and emerging market currency pairs reveal steep, and in 
many cases exponential, post-Covid depreciation trajectories. While NN models are celebrated for their ability to capture 
complex, non-linear relationships in financial time series, the patterns reflected in this study carry significant implications 
for Nigeria's macroeconomic stability, policy direction, and investment climate. The NN results, especially for developed 
currency pairs like USD and EUR, reflect risks of persistent inflationary cycles and weakened purchasing power, posing 
formidable challenges for Nigeria's post-pandemic recovery and economic planning. The sharp forecast curves in the NN 
plots indicate a forex market that may remain highly volatile, reactive, and potentially inefficient. These outcomes suggest 
a market exposed to speculative tendencies, supply-demand mismatches, and limited institutional interventions. The Nigeria 
governments should take note of the fact that the neural forecasts serve as an alarm bell, signaling the need for more agile 
and pre-emptive currency management policies. Given the magnitude of projected devaluation across both currency 
clusters, authorities must enhance reserve adequacy, introduce transparent FX allocation strategies, and expand the scope 
of forward-looking exchange rate targeting frameworks. Moreover, while NN models are capable of identifying hidden 
patterns in historical data, their outputs, especially in the post-crisis period, may reflect over-fitting or misinterpretation of 
transient volatility as enduring structural shifts. Policymakers should thus apply such machine learning insights with caution, 
interpreting them in the context of broader macroeconomic indicators and known policy constraints. 
  
The NN model’s post-crisis forecasts pose considerable implications for investor behavior, capital allocation, and risk 
tolerance. The predicted scale of Naira depreciation underscores heightened foreign exchange risk for both domestic 
institutions and foreign investors. Nigerian corporates with foreign liabilities may experience significant mark-to-market 
losses, while foreign portfolio investors may reassess their exposure to naira-denominated assets given the erosion of 
expected returns. This environment calls for strategic diversification, enhanced hedging mechanisms, and the use of 
dynamic portfolio rebalancing tools. Furthermore, while AI-driven forecasts provide valuable insights, investors are advised 
not to rely on them in isolation. Instead, integrating NN forecasts with traditional econometric modeling, geopolitical 
analysis, and central bank policy review will provide a more balanced, robust foundation for financial decision-making. 
The extreme values predicted in the post-Covid NN forecasts reinforce the importance of institutional coordination and 
long-term economic reform. A multi-pronged approach that includes exchange rate flexibility, investment in non-oil export 
infrastructure, stabilization of inflation, and institutional credibility will be essential to build investor confidence and buffer 
the economy against external shocks. The results also demonstrate the potential of machine learning tools to support central 
banking operations, particularly in stress testing, scenario planning, and real-time risk assessment. However, these tools 
must be deployed within a carefully designed governance framework that includes oversight, transparency, and 
interpretability to avoid over-reliance on data-driven outputs devoid of economic intuition. 
  
The results generated from the RF forecasts present a complex yet relatively stable trajectory for Nigeria’s exchange rate 
movements across major developed currencies, including the AUD, CAD, EUR, JPY, and USD. Unlike the more volatile 
and exponential trends predicted by neural networks, the RF model’s forecasts signal moderate and data-grounded 
depreciation patterns of the naira, particularly in the post-crisis period. This has significant implications across Nigeria’s 
economic policy landscape, financial markets, and investment strategies. The forecasted trends call for sustained efforts to 
diversify Nigeria’s export base, improve non-oil revenue generation, and strengthen foreign reserve buffers. By maintaining 
macroeconomic discipline, Nigeria can better manage its currency trajectory and cushion against external shocks. 
  
The CBN may also find the Random Forest outputs particularly useful in guiding decisions under a managed float regime. 
The relatively gradual depreciation curves align with the goal of ensuring exchange rate flexibility without inducing panic 
or destabilizing expectations. In doing so, the CBN can leverage these projections as part of its early warning systems, stress 
testing tools, or broader forecasting framework to anticipate periods of heightened volatility and adjust interventions 
accordingly. For investors and market participants, the implications are equally important. The RF forecasts indicate that 
while the naira may depreciate, the decline is likely to be orderly rather than sudden or severe. This provides a more stable 
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planning environment for foreign portfolio investors, corporates with FX exposure, and multinationals operating in Nigeria. 
Investors can adopt a more structured approach to managing currency risk employing hedging instruments such as forwards 
or options, while also maintaining diversified exposure to less volatile currency pairs like the JPY/NGN or CAD/NGN. 
Also, the Random Forest model’s balance between non-linear learning and forecast stability boosts investor confidence, 
especially among conservative or institutional capital sources that prioritize risk moderation. The relatively modest post-
crisis increases in RMSE and MAE values combined with calibrated VaR and ES metrics, suggest that while risk exists, it 
is not of the magnitude that would dissuade long-term commitments or provoke speculative exodus. 
  
At a broader level, the RF results offer valuable guidance for public investment strategy and debt management. With 
currencies like the USD and EUR expected to appreciate more sharply against the naira over time, Nigeria should exercise 
greater caution in accumulating debt denominated in these currencies. Conversely, loans or financial arrangements tied to 
more stable currencies like the JPY or CAD may offer a more sustainable debt servicing profile in the medium to long term. 
Lastly, the results signal the potential for greater integration of machine learning tools like RF into Nigeria’s macroeconomic 
planning ecosystem. When compared with the high volatility of neural networks and the rigidity of traditional econometric 
models, Random Forest offers a pragmatic middle ground, combining pattern recognition with forecast moderation. This 
makes it especially relevant for emerging market contexts like Nigeria, where data irregularities, policy shocks, and external 
dependencies complicate linear trend analysis. 
  
6. Conclusion 
  
In this research machine learning techniques were deployed to forecast currency returns of exchange rates of developed 
markets quoted against the Naira. During the pre-crisis period, most currency pairs (especially USD/NGN, CAD/NGN, and 
JPY/NGN) exhibited relatively moderate risk levels and low-to-moderate forecast errors, as indicated by subdued RMSE 
and MAE values. Forecast accuracy of SVMs was highest for USD and JPY, reflecting the clarity of their trend reversals 
during volatility spikes. The USD/NGN pair, in particular, reflected remarkable stability, supported by Nigeria’s oil-backed 
FX reserves and relatively low inflation volatility in the early 2000s. VaR and ES statistics remained low, with USD/NGN 
showing VaR99% levels, indicating minimal downside risk. Using ML models VaR estimation proved effective for 
developed currencies. For instance, USD post-crisis VaR at 99% confidence reached 5.4358%, indicating the potential 
severity of losses under extreme market conditions. These ML-based VaR estimates were consistent across periods. The 
result suggests that machine learning methods can provide a robust risk assessment framework in developed currency 
markets. Random forests generated the lowest forecast errors in all pairs under turbulent periods. By projecting exchange 
rates and calculating corresponding risk levels, the study contributes to the establishment of a more predictable 
macroeconomic environment, a precondition for sustainable development, fiscal discipline, and inclusive growth. The 
current research focuses solely on the Nigerian naira as the domestic currency, with all foreign currencies quoted against it. 
Future studies could expand the scope to include bidirectional or triangular currency relationships to explore more intricate 
arbitrage dynamics and regional dependencies, particularly within West Africa or the broader Sub-Saharan region. 
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