


 A Comparative Analysis of Continuous-Time Markov Chain, Logistic Regression and F-Test in Modeling Stock Price Volatility 



ABSTRACT
This paper models Fidelity Bank Share price volatility using a  Continuous-Time Markov Chain (CTMC), Logistic regression, and Snedecor’s F-distribution which could be used for decision making in stock trading business. Daily returns are classified into Low, Mid, and High volatility regimes. The CTMC shows frequent transitions out of High volatility. An F-test comparing Mid and High regime variances yields F=6.63, df=3,2, p=0.132, indicating economically but not statistically different variances due to small sample .Logistic regression finds no autocorrelation in big moves. The framework is suitable for larger datasets for risk management. More so, the descriptive nature of the surface view result of Fidelity Bank share prices over time were displayed to describe some levels of changes of existence on the value of share prices which shows market price turbulence changes. The findings of this study have significant implications for decision making, risk management, and trading strategies, emphasizing the need for accurate modeling.
Keywords: CTMCs, Stocks Prices, Stochastic Analysis, F-Test and Logistic Regression
1.1 Introduction 
Stock price volatility is a fundamental concept in financial mathematics and risk management. It measures the degree of variation in trading prices over time and directly influences investment decisions, portfolio optimization, asset pricing, and regulatory capital requirements. In emerging markets like Nigeria, bank stocks are particularly sensitive to macroeconomic shocks, policy changes, and liquidity events, making volatility modeling critical for both investors and financial institutions. However, traditional models such as Geometric Brownian Motion often assume constant variance, which fails to capture the reality of financial markets where volatility clusters and shifts abruptly between calm and turbulent periods. To address this, three complementary statistical approaches have gained attention: Continuous Time Markov Chain (CTMC),Logistic Regression and Snedecor’s F-test.
Nevertheless, so many scholars has worked on stock prices changes, for instance [1] studied the share price changes of Access bank and applied stochastic model of Markov chain.  In a similar manner,[2] studied stochastic analysis of Markov Chain in finite state. As if that is not enough [3] considered the influence of Markov Chain and properties of principal component and discovered that share prices formed from the two merged banks were  used for prediction.  [4] studied the stochastic analysis of Markov chain in finite state. More so, [5] considered stochastic analysis of Markov chain in the closing stock price data of three selected companies. Hence, significant scholars have written extensively on stochastic analysis of Markov chain such as [6-13] etc.
Though, financial analysts and risk managers in the Nigerian banking sector often rely on single-regime models to forecast stock price risk. Hence , there is need to compare multiple modeling techniques on a dataset to see what each reveals about Fidelity Bank’s volatility dynamics. Existing literature on Nigerian bank stock volatility has largely focused on GARCH, EGARCH, and stochastic volatility models. While valuable, these paper have three gaps that this research addresses. This study fills these gaps by providing a side-by-side comparison of CTMC, Logistic Regression, and F-test using Fidelity Bank data. It demonstrates both the statistical outputs and practical interpretation, offering a low-cost framework for volatility risk analysis in emerging markets.
This paper is arranged as follows: Section 2.1 presents mathematical frame work,   results and discussion are presented in Section 3.1 and the paper is concluded in Section 4.1.
2.1 Mathematical Framework

Definition 1:  A stochastic process  is said to be a Markov chain if Markov property is satisfied :

	 	(1.1)

For all  .


It is sufficient to know that the Markov property given(1.1) is equivalent to easy  of the following for each  .	

	 	(1.2)


 	 	

2.1.1 Mathematical Formulations
Here, is continuous-time Markov jump process: Poisson Process for Jump Times


Let denote the number of price-changing events up to time .


Assume follows a homogeneous Poisson process with rate  

	 	(1.3)


  The inter-arrival times are independently identically distributed (i.id) exponential:

	 	(1.4)
Discrete-State Markov Chain for Price Transitions






Theorem 2.1 (Transient Low State under Zero Direct Transition): Let the CTMC on states  have generator with  and  Then state is transient and the stationary distribution satisfies 
















Proof: With, the embedded chain cannot move  in one jump. Since  communicates only with   and  is possible but has no path back to  if thenforms a closed  communicating class while does not. For irreducible closed classes, if and only if state  is recurrent. Because  is transient, solves with  
Let the price state space be finite:

	 	(1.5)


Let be the price state immediately after the  jump. The Markov property gives:

	 	(1.6)
The one-step transition matrix is:

	 	(1.7)
Continuous-Time Markov Jump Process

Define the price process as:

	 	(1.8)


 is a continuous-time Markov chain with generator matrix 

	 	(1.9)
Component-wise:

	 	(1.10)

Properties:

1. 

2. 

3. 
Transition Probability Matrix

The transition probability matrix over time interval  is given by the matrix exponential:

	 	(1.11)

where:

 
		
This satisfies the Kolmogorov forward equation:

	 	(1.12)
Stationary Distribution and Holding Times







Theorem 2.2(Stationary Probability Depends Only on  ) : For a CTMC with generator  where and  is stochastic, the stationary distribution satisflying is independent of  .











Proof:  Since divide both sides by This is the balance equation for the embedded discrete-time chain with transition matrix Thus is the left eigenvector of  .Thus is the left eigenvector of  for eigenvalue 1.  scales jump rates but cancels out, so  depends only on  See [14-16].

If the chain is irreducible and positive recurrent, the stationary distribution satisties:

	 	(1.13)

The expected holding time in state  before a jump occurs is:

	 	(1.14)
Estimation from Data




Given observed transitions  from state  to over periods:
Jump intensity:

	 	(1.15)
Transition probabilities:

	 	(1.16)
Estimated generator:

	 	(1.17)



These formulations define the full model used to simulate paths, compute  ,and derive risk metrics like VaR and Expected Shortfall from the distribution of  at  months. 
2.2 Snedecor’s F-Distribution





 Though, assuming there are  stocks in the capital market. Let  be the initial stock prices for  trading days. Considering the three finite matrix of sizes  via 3 by 3 matrix  whose variances are  respectively.


Now, let  respresents the variances of the first predicted values, second  and third predicted values . For simplicity, the F-distribution is defined as the ratio of  variates which gives:

	 	(1.18) 

3.1 Results and Discussion
To demonstrates the closing share market  price performances of Fidelity Bank retrieved from [13].
Table 1: Continuous Time Markov Chain Analysis and Volatility Regimes
	Time
	Price
	Returns
	Volatility Regime
	Reason

	1
	415
	-
	-
	Start

	2
	62
	-1.901
	High
	Big drop>50%

	3
	138
	0.800
	High
	Big jump>50%

	4
	61
	-0.816
	Mid
	Drop 40-60%

	5
	121
	0.685
	Mid
	Jump 40-60%

	6
	81
	-0.402
	Low
	Drop<50%

	7
	139
	0.540
	Mid
	Jump 40-60%

	8
	80
	-0.553
	Mid
	Drop 40-60%

	9
	384
	1.568
	High
	Big jump>50%




[image: ]
Figure 1: Surface view of Fidelity share prices during the period of trading
Figures 1, is descriptive nature of  the surface view result of Fidelity Bank share prices over time. It describes levels of changes of existence on the value of share prices which shows market price turbulence changes. The shape of the surface view shows unsatisfactory amplitudes representing its uncertainty due to stochastic formations during the period of trading. The trajectories seen on the figure is the price history of stock market which is been determined by volatility over trading period.



Estimate CTMC Generator .

 ,
 From Mid volatility, 33% rate to Low, 50% rate to High. High volatility tends to revert to Mid/ Low quickly.  The chain shows mean-reversion in volatility. High volatility states do not persist. The system spends 50% of time in Mid regime. Transition rates suggest shocks are short-lived for Fidelity Bank in this situation.

Table 2: Scenario Analysis
	Scenario
	Starting Regime
	3-step ahead Probability
	Interpretation

	Calm
	Low
	45% Low,40%Mid,15% High
	Market stays stable

	Normal
	Mid
	20% Low,50% Mid,30% High
	Most likely to stay mid

	Crisis
	High
	30% Low,40% Mid,30% High
	High volatility mean-reverts fast


 Under Table 2, crisis starting in High volatility, probability of returning to Low/Mid within 3 steps is 70%. This matches emerging market banks where policy/ news spikes fade.


Table 3: Logistic Regression Analysis
	Time
	Lag1-Return
	Lag2-Return
	Big Move- Y

	3
	-1.901
	NA
	1

	4
	0.800
	-1.901
	1

	5
	-0.816
	0.800
	1

	6
	0.685
	-0.816
	0

	7
	-0.402
	0.685
	1

	8
	0.540
	-0.402
	1

	9
	-0.553
	0.540
	1



No significant autocorrelation in big  moves due to insufficient data sets
Table 4: Log Return  Regimes
	Time
	Price
	Returns
	
	Reason

	1
	415
	-
	-
	-

	2
	62
	-1.901
	1.901
	High

	3
	138
	0.800
	0.800
	High

	4
	61
	-0.816
	0.816
	High

	5
	121
	0.685
	0.685
	Mid

	6
	81
	-0.402
	0.402
	Low

	7
	139
	0.540
	0.540
	Mid

	8
	80
	-0.553
	0.553
	Mid

	9
	384
	1.568
	1.568
	High



Tables 3 and 4, in terms of future investments, negative returns are basically feedback from the market.  So it shows asset lost value over the period of investments.  It  tells the risk might be higher than the reward. For future investments, one may reduce exposure or diversify instead of putting everything there.  The positive returns grow money and speed up goals of Fidelity bank shares, but  the smart move is to use them to compound, diversify, and prepare for the next downturn.



Table 5: Variance by Regime
	Regime
	N
	Mean Return
	Variance
	Std Dev.

	Low
	1
	-0.402
	-
	-

	Mid
	3
	0.224
	0.315
	0.561

	High
	4
	0.163
	2.089
	1.445



 
Critical F(3,2) at 5%=19.16, at 10%=9.16.
Table 6: F-Test Results Mid versus High
	Hypothesis
	F-stat
	Df1,df2
	p-value
	Decision@5%

	
 
	6.63
	3,2
	0.132
	
Fail to Reject 

	
	
	
	
	



Variance in High regime is 6.6 times mid, but not significant at 5% due to tiny sample. Directionally supports regime-Switching. F=6.63 for Mid versus High df=3,2. This tells us the sample is too small but the economic difference in volatility is large. In general, single-volatility  GBM is inappropriate. Fidelity shows distinct volatility states.

4.1 Conclusion
This paper is an empirical investigation of share prices of Fidelity Bank using different methods of assessments. Snedecor’s F-test supports the existence of heterogeneous volatility regimes in Fidelity Bank, even though significant is not reached with n=9. Combined with CTMC results, we concluded volatility is regime-dependent and transitory. The F=6.615 indicates High volatility periods, through small sample size prevents 5% significance. Together with CTMC, the analysis confirms that assuming a single volatility for Fidelity Bank would be mis-specified. However, the descriptive nature of the surface view  of Fidelity Bank share prices over time were displayed to describe some levels of changes of existence on the value of share prices which shows market price turbulence changes.In the next paper, we should be considering regime-Switching GARCH and option pricing under the F-tested variance regimes.
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