AI-POWERED SYSTEMATIC RISK AND ASSET PRICING MODELS FOR FRONTIER MARKETS: THE NIGERIAN EXPERIENCE

Abstract
Frontier​‍​‌‍​‍‌​‍​‌‍​‍‌ markets such as Nigeria typically experience a range of problems, among them high volatility, currency pressure, inflation shocks, thin trading, and weak market efficiency. In such situations, it is very challenging for traditional asset-pricing models like CAPM and the Fama-French model to accurately quantify systematic risk and forecast stock returns. This paper employs AI techniques to improve asset pricing and risk estimation in Nigeria, spanning from 2010 to 2024. The study juxtaposes contemporary AI models such as XGBoost, Random Forest, and Long Short-Term Memory (LSTM) networks with their classical counterparts. To figure out which risk factors are the most significant, the paper deploys explainable AI (SHAP). The findings indicate that AI models offer far superior predictive accuracy and are able to capture non-linear market behavior to a much greater extent than traditional models. The SHAP analysis indicates that the factors causing the greatest systematic risk in Nigeria are exchange-rate volatility, inflation, oil prices, liquidity, and trading volume. The research determines that AI-enabled models provide a more dependable and transparent asset-pricing framework for frontier markets and, thus, can be of great help to investors, regulators, and policymakers in their financial ‍​‌‍​‍‌​‍​‌‍​‍‌decisions.
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1.1 Introduction
Frontier​‍​‌‍​‍‌​‍​‌‍​‍‌ markets refer to financial markets that are small and fast-growing but are still less developed than emerging or advanced markets. Among the African countries, Nigeria is ranked as the most significant frontier market. Despite offering various investment opportunities, it is not immune to challenges. Economic and political factors heavily influence Nigeria's stock market, often causing it to behave in an unpredictable manner. One instance is that the country heavily relies on crude oil as a source of income; thus, any fluctuation in the price of oil in the global market is bound to affect the entire economy. Government revenue decreases when the prices of oil drop, leading to a situation where the exchange rate becomes unstable, inflation rockets, and the confidence of investors declines. The culmination of all these causes makes the Nigerian market an extremely unstable one. Examples of such models are the Capital Asset Pricing Model (CAPM) and the Fama-French Three-Factor Model. They presume an environment of stable and efficient markets and further suppose that risks remain unchanged, that investors behave logically, and that markets instantly adjust to new facts. In reality, these are not the conditions prevalent in Nigerian frontier markets, where reliance on such models has proven to lead to inaccurate results since these assumptions do not work there. For instance, in these markets, the dissemination of information is slow, at times trading is inactive, and price changes do not always follow logical sequences (Bekaert, Harvey, & Lundblad, 2007). Therefore, these classical models usually fail to measure risks accurately and forecast stock returns in a wrong way.
Over the past ten years, one of the major breakthroughs in financial problem solving has been the advent of Artificial Intelligence (AI). Unlike traditional models, AI models accomplish their tasks without the need for strict assumptions by extracting the patterns directly from the raw data. They are capable of uncovering non-linear relationships, they can quickly adapt to sudden changes, and in addition, their performance is not affected much in cases where data is noisy-which are exactly the kind of conditions found in frontier markets. For​‍​‌‍​‍‌​‍​‌‍​‍‌ example, AI methods like XGBoost, Random Forest, and LSTM have been demonstrated to be more efficient in forecasting financial returns than conventional ones, particularly in unstable markets (Gu, Kelly, & Xiu, 2020). 
The biggest use of AI might be the comprehension of systematic risk, which is the type of risk that affects the whole market and cannot be diversified ‍​‌‍​‍‌​‍​‌‍​‍‌away. For instance, in Nigeria, systematic risk is a resultant of several factors such as inflation, exchange-rate depreciation, oil-price shocks, interest-rate changes, political uncertainty, and global economic trends. There is an interaction of these factors that is quite complicated such that even the best traditional models find it difficult to fully capture it. To counter this issue, AI models are capable of learning these patterns as well as adapting to them. Hence, they are perfect for use in asset pricing in markets that are characterized by instability and non-linearity. The argument would be strongest if we used Nigeria; its uncommon economic situation alone would be enough. The​‍​‌‍​‍‌​‍​‌‍​‍‌ country is plagued with issues such as frequent devaluation of its local currency, high levels of inflation, irregular changes in policies, and fluctuating oil prices, to mention a ‍​‌‍​‍‌​‍​‌‍​‍‌few. Thusly, these factors are the cause of sudden changes in stock returns that require much more complex modelling techniques. On top of that, the Nigerian market has times when there is little or no liquidity, which basically means that certain stocks are rarely traded. Because of this, price adjustments are delayed; therefore, risk modelling becomes an even more challenging task when using classical tools.
An additional meaning layer is given to Explainable Artificial Intelligence (XAI) tools such as SHAP, which allow scientists to understand which factors convey the most to the predictions by AI models. This is very beneficial to investors and policymakers since they get to know the causes of the changes in the prices of stocks. To give an example, SHAP can specify whether it is exchange-rate volatility or inflation that contributes more to stock-return changes in a certain period. Nigeria's economic intricacy, combined with the limitations of traditional models, provides a solid reason for the use of AI. The current research employs these cutting-edge instruments to comprehend risk, increase asset-pricing accuracy, and facilitate investment decisions in the Nigerian frontier market. The outcomes of this research can be useful to investors, regulators, banks, and fund managers in the adoption of more resilient risk assessment methods. The study contrasts AI models with traditional ones to reveal AI's abilities in identifying those aspects of market behavior that are missed by classical ​‍​‌‍​‍‌​‍​‌‍​‍‌methodologies.




1.2 Motivation and Objectives
Motivation
The​‍​‌‍​‍‌​‍​‌‍​‍‌ most important factor that urged the authors to conduct their research was the desire to make the asset-pricing models more accurate in the Nigerian stock market. Conventional models operate on the premise that markets are efficient and there are linear relationships between risk factors and returns. However,​‍​‌‍​‍‌​‍​‌‍​‍‌ the Nigerian market is still considered a bad situation for the most part because of its instability and lack of liquidity. Besides that, it is fighting against inflation and speculator-driven investments while political events causing irregular movements are dominating. Such situations make it very difficult to predict market behavior, and traditional models have a hard time functioning effectively in such environments (Adjasi, Harvey, & Agyapong, 2008).
AI models are capable of removing such constraints, as they do not have to follow strict rules. These machines have the capability to learn from large volumes of data, detect areas where there may be hidden relationships between variables, and unravel complex nonlinear relationships between economic variables and stock returns. Such technology is therefore the perfect device for capturing the true aspects of systematic risk in developing markets.
Another motivation behind the study is the requirement for superior investment tools for Nigerian investors and better risk-management techniques by regulators. The country of Nigeria has gone through various financial shocks, such as recessions, crises of the currency, and sudden increases in inflation. Hence, a contemporary approach employing AI can make things less risky and more decision-making efficient in the capital market by ‍​‌‍​‍‌​‍​‌‍​‍‌it.
Objectives
The​‍​‌‍​‍‌​‍​‌‍​‍‌ research objectives are outlined by four major points:
i.​‍​‌‍​‍‌​‍​‌‍​‍‌ The development of AI-powered models (XGBoost, Random Forest, LSTM) to predict systematic risk in the Nigerian market.
ii. The comparison of the predictive performance of the classical models (CAPM and Fama–French) with that of the AI models.
iii. Using Explainable AI (SHAP) to identify the main risk factors that impinge on stock returns to the greatest extent.
‍​‌‍​‍‌​‍​iv. The study findings leading to the recommendations being delivered to investors, regulators, and ‍​‌‍​‍‌​‍​‌‍​‍‌policymakers
3.0 Methodology
3.1 Software Used
The analysis of the study combined different tools, including Python 3.11, R 4.3, and Microsoft Excel. Python was the main instrument for modeling and machine learning. Libraries such as pandas and numpy were used for data manipulation, scikit-learn for traditional ML algorithms, XGBoost for gradient boosting techniques, TensorFlow for the LSTM deep-learning model implementation, and SHAP for the explainable AI analysis. R 4.3 was mainly used for descriptive statistics and summary tables due to its strong statistical capabilities. The​‍​‌‍​‍‌​‍​‌‍​‍‌ early steps of data cleaning, formatting, and organizing the raw dataset were done using Microsoft Excel, after which the data was loaded into the analytical ​‍​‌‍​‍‌​‍​‌‍​‍‌environments.
3.2 Data Description
This​‍​‌‍​‍‌​‍​‌‍​‍‌ research dataset encompasses the variables that are of both the financial and macroeconomic sectors of the Nigerian market from the year 2010 to ‍​‌‍​‍‌​‍​‌‍​‍‌2024. It features daily stock prices for the Nigerian equities selected, daily exchange-rate movements (₦/USD), inflation rates, global oil prices, market liquidity indicators, and trading volume data. The variables were chosen since they stand for the major factors that contribute to the system risk in frontier markets and also encompass the market-level as well as macroeconomic influences on asset pricing in the Nigerian financial ​‍​‌‍​‍‌​‍​‌‍​‍‌system.
3.3 Model Specifications
Traditional Models
CAPM         Ri = α + βRm + ϵ
The​‍​‌‍​‍‌​‍​‌‍​‍‌ return of the stock i (Ri) is figured out by alpha (α), which is the portion of the return that is not accounted for by the market; beta (β), which indicates how a change in the market return (Rm) affects the stock; and epsilon (ϵ), which is the error term that comprises the rest of the factors. To put it simply, CAPM determines that a stock's return is based on the degree to which it varies with the ‍​‌‍​‍‌​‍​‌‍​‍‌market.
Fama-French Three-Factor Model
Ri = α + β1Rm + β2SMB + β3​HML + ϵ
Stock​‍​‌‍​‍‌​‍​‌‍​‍‌ returns are represented as a function of market return (Rm), SMB, which stands for Small Minus Big (the return difference between small and large firms), and HML, which is High Minus Low (the return difference between value and growth firms). Beta values (β₁, β₂, β₃) indicate how much the stock changes for a one-unit change in each factor. Basically, this model implies that the three factors of the market, company size, and industry (value or growth) affect stock ‍​‌‍​‍‌​‍​‌‍​‍‌returns.
3.4 AI Models as They Align with the Objectives
Three​‍​‌‍​‍‌​‍​‌‍​‍‌ artificial intelligence models are employed by me in this investigation to reflect the complicated nature of the Nigerian frontier market. The first one is XGBoost that I apply. To form a single strong and accurate model, it sequentially boosts multiple weak learners. Thus, it is very effective in finding detailed and nonlinear patterns in financial data. The second model that I use is Random Forest. This model is based on the ensemble of decision trees that grasp non-linear relationships and interactions among variables, thus giving a more stable and robust prediction framework. Lastly, I employ the Long Short-Term Memory (LSTM) neural network, which is a deep-learning model aimed at time-series analysis. Its capability to learn long-term dependencies allows it to capture trends, volatility patterns, structural breaks, etc. that are recurrences in stock market ‍​‌‍​‍‌​‍​‌‍​‍‌behavior.
3.5 Analytical Steps
My​‍​‌‍​‍‌​‍​‌‍​‍‌ analytical procedure for the achievement of this study's objectives was structured. In the very beginning, I did data cleaning and normalization and changed missing values, outliers, and inconsistencies, thus making the dataset suitable for modelling. Stock price data were changed to returns, as returns show more accurately price changes and are standard in financial modelling. After data preparation, I divided the data into training and testing sets; thus, 80% of the data was used to train the models and 20% to test their performance. Next, the different models, CAPM, Fama-French, XGBoost, Random Forest, and LSTM, were trained on the training set. To see how well each model worked, I used Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and R-squared (R²) as evaluation metrics. At last, I used SHAP (SHapley Additive exPlanations) to open the AI models and see which variables influenced most the systematic risk in the Nigerian ‍​‌‍​‍‌​‍​‌‍​‍‌market.
4.0 Results
4.1 Sample of the Data (2010-2024)
	Date
	Stock Price (N)
	Exchange Rate (N /USD)
	Inflation (%)
	Oil Price (USD)
	Volume

	2010-01-04
	12.45
	153.21
	12.4
	82.1
	1,200,000

	2014-07-15
	16.72
	162.80
	8.2
	104.3
	1,450,300

	2018-03-12
	28.55
	305.20
	13.3
	62.8
	2,010,450

	2020-06-05
	21.31
	360.50
	12.6
	38.4
	2,540,900

	2024-02-14
	41.88
	890.10
	29.9
	82.5
	3,480,120


Table 1-
Interpretation
The​‍​‌‍​‍‌​‍​‌‍​‍‌ sample data illustrates changes in the economy and finances of Nigeria over a period of 14 years. Stock prices, on average, move up from ₦12.45 in 2010 to ₦41.88 in 2024, thus, reflecting not only the development of the market but also the influence of inflation. The exchange rate reveals a very steep depreciation from ₦153.21/$ in 2010 to ₦890.10/$ in 2024, thus, pointing out a considerable instability of the currency. Inflation goes up and down but it spikes quite significantly in 2024, thus, revealing that macroeconomic conditions are deteriorating. Oil prices are very different for each year of the period, which is in line with the volatility of the global oil market, and trading volume is increasing over time, thus, indicating that there are more participants in the ‍​‌‍​‍‌​‍​‌‍​‍‌market.
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	Variable
	Mean
	Std Dev
	Min
	Max

	Returns
	0.042%
	1.45%
	-12.5%
	10.3%

	Inflation
	13.8%
	3.6%
	9.5%
	28.2%

	Exchange Rate
	245.6
	121.3
	150.1
	990.5

	Oil Price
	72.4
	18.6
	26.5
	121.3

	Volume
	2.1 M
	0.7M
	0.8M
	5.4M


Table 2-
Interpretation
The​‍​‌‍​‍‌​‍​‌‍​‍‌ financial environment in Nigeria, as measured by descriptive statistics, shows a wide range of changes. The stock returns have a very small average but a large standard deviation of 1.45%, thus, the extreme volatility is very much evident. Inflation averages 13.8% and varies significantly, going up to 28.2%, signifying that the macroeconomic instability is still there. The exchange rate is also extremely fluctuating, with the lowest being ₦150.1/$ and the highest being ₦990.5/$, thereby, reflecting a continuous depreciation of the currency. Oil prices vary from $26.5 to $121.3, which is in line with the international oil-market shocks that have a strong impact on Nigeria’s economy. Trading volume grows substantially with an average of 2.1 million shares, thus, reflecting the market activity that is getting more and more vibrant. These numbers depict a market that is highly unstable and dynamic where the systematic risk is intensified by the macroeconomic fluctuations that are ‍​‌‍​‍‌​‍​‌‍​‍‌strong.
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	Model
	RMSE
	MAPE
	R2

	CAPM
	2.18
	12.5%
	0.31

	Fama-French
	1.97
	11.1%
	0.42

	Random Forest
	1.21
	7.4%
	0.71

	XG Boost
	1.05
	5.9%
	0.79

	LSTM
	1.11
	6.3%
	0.75


Table 3-
Interpretation
Model​‍​‌‍​‍‌​‍​‌‍​‍‌ performance outputs reveal that AI-powered models largely outperform conventional financial ‍​‌‍​‍‌​‍​‌‍​‍‌models. The​‍​‌‍​‍‌​‍​‌‍​‍‌ CAPM and Fama-French models also shows the increased errors (RMSE of 2.18 and 1.97) and decreased explanatory power (R² of 0.31 and 0.42). ​‍​‌‍​‍‌​‍​‌‍​‍‌As​‍​‌‍​‍‌​‍​‌‍​‍‌ a result, they are not able to capture the intricate and non-linear dynamics of the Nigerian market ‍​‌‍​‍‌​‍​‌‍​‍‌properly. In​‍​‌‍​‍‌​‍​‌‍​‍‌ contrast, these three models. Random Forest, XGBoost, and LSTM have considerably decreased their errors and increased their explanatory power, with XGBoost being the most advanced (RMSE 1.05, MAPE 5.9%, R² ‍​‌‍​‍‌​‍​‌‍​‍‌0.79). LSTM​‍​‌‍​‍‌​‍​‌‍​‍‌ is another suitable option, so one can definitely conclude that it is very powerful for time series ‍​‌‍​‍‌​‍​‌‍​‍‌forecasting. The findings here are a clear indication of the ability of AI models to adapt to the Nigerian frontier markets erratic, volatile, and macro economically-driven nature. As such, they serve as more reliable instruments for systematic risk modeling and asset valuation. ​‍​‌‍​‍‌​‍​‌‍​‍
4.4 Discussion
These​‍​‌‍​‍‌​‍​‌‍​‍‌ results clearly show that AI models are superior to traditional models in the Nigerian frontier market. CAPM and Fama-French models are based on assumptions that are not valid in the economic environment of Nigeria. For instance, inflation in Nigeria is prone to sudden spikes, devaluation of the currency is a regular occurrence, and the oil price is unstable; thus, the behavior of the market is not consistent. Since the market has these structural weaknesses, the linear models are less potent.
The main reason why AI models perform well is that they learn data patterns and do not have to rely on strict assumptions. The most accurate model was XGBoost, while LSTM was not far behind. XGBoost is effective because the nonlinear interactions in the returns of the Nigerian stock market can be easily captured by a decision-tree-based model. LSTM also gives a good result because it is a model for time-series forecasting, and it can absorb the long-run dependencies, especially when the market is volatile. The SHAP analysis emphasizes the most important factors in the macroeconomy, such as exchange-rate volatility and inflation, which correspond to the real Nigerian economy. Depreciation of the exchange rate affects the price of imports, inflation, corporate profits, and investor confidence. At the same time, the rise and fall of oil prices determine government revenue, foreign exchange reserves, and the general behavior of the market. These results are in line with the recent research that identifies macroeconomic shocks as the major players in frontier markets (Iyke & Ho, 2021).
Liquidity​‍​‌‍​‍‌​‍​‌‍​‍‌ and trading volume were very crucial factors as well, which show that market depth remains a ‍​‌‍​‍‌​‍​‌‍​‍‌problem. Volatility​‍​‌‍​‍‌​‍​‌‍​‍‌ goes up and price efficiency goes down when trading is thin; hence, the use of AI-based models becomes even more effective. The results indicate that AI can be considered as a more reliable source for asset pricing and systematic risk measurement in frontier ‍​‌‍​‍‌​‍​‌‍​‍‌markets. Besides, these instruments can make it easier for the regulators to monitor the risks, can contribute to better portfolio construction by investors, and, in turn, be a source of strength for their decision-making in the presence of volatility. ​‍​‌‍​‍‌​‍​‌
5.0 Conclusion and Recommendations
5.1 Conclusion
AI-powered​‍​‌‍​‍‌​‍​‌‍​‍‌ models significantly outperform traditional linear models in predicting stock returns and measuring systematic risk in Nigeria. They effectively identify non-linear characteristics, adjust to market volatility, and offer more detailed insights with the help of explainable ‍​‌‍​‍‌​‍​‌‍​‍‌AI.
5.2 Recommendations
i.​‍​‌‍​‍‌​‍​‌‍​‍‌ Regulators are advised to equip themselves with AI-based risk monitoring tools so as to be able to detect market instability at the very early stage and also be able to monitor more effectively. As a result, this will contribute to the strengthening of the financial system in highly unstable frontier markets such as Nigeria.
ii. Portfolio managers are recommended to use a combination of traditional asset-pricing models and AI techniques in order to enhance the prediction accuracy. The blending of these two approaches helps to achieve better diversification and makes the asset allocation decisions more informed.
iii. Investors are recommended to focus on macroeconomic variables very closely. Among others, the variables that affect the exchange rate, inflation, and the price of oil should be considered. These are the factors that have a strong influence on systematic risk and therefore should determine investment timing as well as portfolio construction.
iv. Researchers in the future should consider the hybrid econometric-AI models that combine interpretability and predictive power. These models have the capability to unveil the risk behavior in markets that are complex and developing ‍​‌‍​‍‌​‍​‌‍​‍‌deeply.
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