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ABSTRACT 
This study adopts an innovative approach based on incorporating neutrosophic logic (NL) into the Glosten, Jagannathan, and Runkle 

generalized autoregressive conditional heteroskedasticity (GJR-GARCH) model to improve the estimation of conditional volatility in 

financial markets. It focuses on the analysis of time-varying financial volatility, considering account the effects of asymmetric shocks 

on variance. It suffers from difficulty in dealing with ambiguity and uncertainty in financial data. The incorporation of NL, which is 

based on three main elements: truth, error, and indeterminacy, allows for improving the accuracy of estimating unexpected and uncertain 

sharp volatility in markets. This new model provides a comprehensive framework that can better deal with the complexity and ambiguity 

of financial data. The results show that this methodology contributes to improves the model’s ability to predict conditional volatility and 

provide evidence-based financial decisions, especially in complex financial environments. The suggested model in significant steps in 

enhancing the capacity to handle unforeseen financial shocks and gaining a greater knowledge of the complex behavior of financial 

data. As a result, it is a helpful tool to help decision-makers and investors make better, more accurate financial judgments. 

https://creativecommons.org/licenses/by-nc/4.0/ 
Keywords: Financial Volatility, Neutrosophic Logic, Conditional Variance Models, Asymmetric Shocks, and Financial Forecasting.

1 Introduction  

     Conditional Heteroscedasticity variance models (shortly 

ARCH), which first introduced by [1], and were developed and 

generalized by [2] to analyze volatility in financial markets, which 

plays a fundamental role in economic forecasting and financial 

decision-making, as the ability to understand and predict 

conditional variance contributes to risk management and 

improved investment strategies. Among the statistical models 

that have proven effective in this field is the GJR-GARCH model, 

which was first introduced by [3], and deals with conditional 

volatility while taking into account the effects of asymmetric 

shocks on variance. 

Deep, rooted ambiguity and uncertainty in financial data 

represent the main difficulties for the GJR-GARCH model. The 

prediction of volatility that occurs irregularly or caused by 

unexpected circumstances is regarded as one of these difficulties. 

We can solve these problems by using NL as an innovative 

mathematical framework we can analyze, ambiguous and 

uncertain data [4]. 

Truth, falsity, and indeterminacy are the main elements that NL-

based on NL provides a flexible way to classify uncertain or 

contradictory information. Using this logic in the analysis of 

financial data, improvements in the understanding of conditional 

variance may be achieved by allowing for a more accurate 

representation of complexity and ambiguity [5-6]. 

The study tries to combine NL with the GJR-GARCH model to 

develop a much more flexible and accurate tool for analyzing 

conditional volatility in financial data. By using NL, this study 

aims to improve the estimation of uncertainty and ambiguity in 

financial data, which contributes to enhancing the predictive 

ability of the model. Its main goal is to present a model capable 

of handling data characterized by a high degree of uncertainty and 

unexpected fluctuations, thus presenting better and clearer 

financial decisions. Making in the market environment. 

The first part included the introduction and the aims of the study. 

The second part included the neutrosophic regression model. In 

addition to a description of the data used in the study, including 
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some tables and graphs that illustrate the results. The fourth and 

final part included the most important conclusions reached by the 

study. 

2 Neutrosophic GJR-GARCH Model 

     In 1993, Glosten et al. proposed an improved version of the 

GARCH model and a special case of the asymmetric exponent 

model when 𝛿 =  2 in the following Equation [5]: 

𝑦𝑡 = 𝜇𝑡 + 𝑥𝑡 (1) 

𝑥𝑡 = 𝜎𝑡  𝜀𝑡  

σ𝑡
𝛿 = 𝑤 + ∑ 𝛼𝑖

𝑄

𝑖=1

(|𝑥𝑡−𝑖| − 𝜆𝑖𝑥𝑡−𝑖)
𝛿 + ∑ 𝛽𝑗

𝑃

𝑗=1

𝜎𝑡−𝑗
𝛿  (2) 

Equation 1 is called the mean equation, while equation (2) is 

called the instability equation (volatility), where 𝑦𝑡  is the number 

of observations and 𝜇𝑡 is the conditional mean, 𝜎𝑡 is conditional 

variance, with positive constant 𝑤, and 𝜀𝑡 is white noises are 

normally distributed with zero expectation and constant variance. 
To capture the possible asymmetric effects of positive and 

negative surprises on the conditional variance. This means that 

there is one additional lever parameter, but this time the response 

to volatility is specifically rewritten in terms of only negative 

surprises. The model structure then becomes equation (2) by the 

form [7-8]: 

𝜎𝑡  = √𝑤 + ∑(𝛼𝑖 + 𝜆𝑖𝐻𝑥𝑡−𝑖
)𝑥𝑡−𝑖

2

𝑄

𝑖=1

+ ∑ 𝛽𝑗

𝑃

𝑗=1

𝜎𝑡−𝑗
2  (3) 

Where 𝛼𝑖 , 𝛽𝑗, and 𝜆𝑖 are the ARCH, GARCH, and Leverage effect 

parameters respectively, and  𝐻𝑥𝑡−𝑖
 is an indicator function has 

the form [9]: 

𝐻𝑥𝑡−𝑖
= {

1 𝑖𝑓 𝑥𝑡−𝑖 < 0
0 𝑖𝑓 𝑥𝑡−𝑖 ≥ 0

 (4) 

The model can be written as follows, which reflects the 

incorporation of the neutrosophic components into the GJR-

GARCH model. In form: 

𝜎𝑡
2 = (𝑤𝑇 , 𝑤𝐹 , 𝑤𝐼) + ∑ ((𝛼𝑖 𝑇 , 𝛼𝑖𝐹 , 𝛼𝑖𝐼) + (𝜆𝑖 𝑇 , 𝜆𝑖𝐹 , 𝜆𝑖𝐼)𝐼𝑥𝑡−𝑖

) 𝑥𝑡−𝑖
2

𝑄

𝑖=1

 

       + ∑ (𝛽𝑗 𝑇
, 𝛽𝑗𝐹

, 𝛽𝑗𝐼
)

𝑃

𝑗=1

𝜎𝑡−𝑗
2  

(5) 

Where 

 𝑤𝑇 , 𝛼𝑖 𝑇
, 𝜆𝑖 𝑇

, and 𝛽𝑗 𝑇
 represent the Truth neutrosophic 

components parameters.  

 𝑤𝐹 , 𝛼𝑖𝐹
, 𝜆𝑖 𝑇

, and 𝛽𝑗𝐹
 represent the Falsely  

neutrosophic components parameters.  

 𝑤𝐼 , 𝛼𝑖𝐼
, 𝜆𝑖𝐼

, and 𝛽𝑗𝐼
 represent the Indeterminacy 

neutrosophic components parameters.  
Using the neutrosophic parts, the classical GJR-GARCH 

model is extended to include the uncertainty of the conditional 

variance. 

The stability condition for the GJR-GARCH neutrosophic model 

is: 

[ ∑ (𝛼𝑖 𝑇
+

𝜆𝑖 𝑇

2
) + ∑ 𝛽𝑗 𝑇

] < 1

𝑃

𝑗=1

𝑄

𝑖=1

 (6) 

The Neutrosophic GJR-GARCH (NeGJR) model provides an 

advanced method for analyzing time-lapse data that includes 

uncertainty and ambiguity. By incorporating the neutral 

components, the model can: 

The advanced method of analyzing data that includes uncertainty 

values and ambiguity values of the GJR-GARCH Neutrosophic 

model can as well as neutral components to the model, which in 

work turn improves forecast accuracy in uncertain scenarios by 

allowing uncertainty and error levels to be calculated rather than 

providing only categorical estimates. It also provides a more 

adaptable model to deal with fluctuations in data series, which 

can enhance volatility forecasts. A deeper understanding of 

ambiguity improves the ability to evaluate data that consists 

ambiguous or partial information, allowing for a more 

comprehensive examination of trends and patterns. 
 

3 Algorithm Application for Neutrosophic GJR-GARCH  

This model can be applied by following the following steps 

to find a logical and appropriate analysis of the proposed model 

using the following steps: 

1. Set a data set 

2. To make a stability for the data set converting to 

returns series by form:  
   𝑟𝑡 = log 𝑢𝑡 − log 𝑢𝑡−1 (7) 

Where 𝑢𝑡−1, and 𝑢𝑡 are observations at time 𝑡 −
1, and 𝑡 respectively. 

3. Calculating the neutrosophic parts by putting 𝑇 as the 

Truth part, 𝐹 for the Error part, and 𝐼 for 

Indeterminacy part by  respectively forms: 

   𝑇 = 𝑟𝑡 (8) 

   𝐹 = 1 − 𝑇 (9) 

   𝐼 =
|𝑇 − 𝐹|

2
 

(10) 

4. Estimate the neutrosophic parameters of the GJR-

GARCH model 

5. Calculate the conditional variance: After applying the 

model, the conditional variance is calculated using the 

modified equation for the true, false and uncertainty 

values as follows: 

  𝜎𝑇
2 =

𝑤𝑇

1 − ∑ (𝛼𝑖 𝑇
+

𝛾𝑖 𝑇

2
)

𝑞
𝑖=1 + ∑ 𝛽𝑗

𝑝
𝑗=1

 
(11) 

This variance should give a more accurate picture of volatility 

under conditions that include uncertainty and ambiguity. 

6. Finally, use the neutrosophic model- GJR-GARCH to 

forecast the future conditional variance based on the 

available data. 
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7. The original data are plotted with the neutrosophic 

values, as well as the inferred and predicted conditional 

variance. 
 

4 Application  

     On a practical level, and to know the efficiency of the 

proposed model, a practical aspect that was carried out by 

modeling that simulates the structure of the neutrosophic model- 

GJR-GARCH model. The practical application includes the steps 

of the model’s algorithm, along with some tests during the 

analysis stages.  

The data used in the study represented the real data for the 

monthly average of pounds sterling (in millions) spent by foreign 

visitors in the United Kingdom for the period from January 1986 

to February 2020, with 407 views. Where figure 1 show the time 

series Data.

 

Figure 1: The time series Data. 

This figure represents monthly data on average expenditure in 

pounds sterling by overseas visitors to the UK from January 1986 

to February 2020. The graph shows clear fluctuations over time, 

with periods of sharp increases and decreases, reflecting 

fluctuations in the economy and tourism. This type of data is 

commonly used to model volatility. 

The second step involves plotting the total autocorrelation 

function (ACF) for twenty time lags to fine-tune the nature of the 

data. Figure 2 represents the ACF plot for the data.

 

Figure 2: ACF plot for the data. 
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The ACF plot shows the temporal correlations between different 

values in the time series across 20 lags. The results suggest that 

the original data is non-stationary because many of the lags fall 

outside the confidence limits [10]. This means that there is a strong 

temporal correlation between the points, which requires data 

processing to convert them to stationary data. 

Now the data series is converted to a return series as in equation 

(7), then the true values are found as in equation (8), false as in 

equation (9), and the Indeterminacy values are found as in 

equation (10). Tables 1, 2, and 3 represent the values of the True, 

False, and Indeterminacy table. 

Table 1: Truth 

⟼ 

8.22.0-  8..0.0 8..1.. 8....0 8.8000 8.1.82 8.2800 -8..00.  -8.1.01 -8.80.8 

-8..000 8..011 -8.010. 8.2100 8.2802 8..10. 8.20.. 8.280. 8.2.00 -8.2000 

-8..0.. -8.1000 -8.88.. 8.8... -8.10.8 8.2020 8.2..0 -8.8.10 8.2021 8.2... 

8..080 -8.20.. -8.8000 -8.08.. 8.801. -8.8..2 -8.1820 8.01.8 -8.8182  8..808 

8..000 8.1000 8.8080 -8..0.0 -8..01. -8.1818 8..000 -8..1.8 -8....0 8..... 

8..802 8..1.. 8..180 8.2... 8.80.0 -8..0.8 -8.2001 -8.2028 -8.8..2 -8.2.80 

-8.10.. 8.0.0. 8...08 8.28.. 8.8002 8.2... 8...0. -8.22.2 -8....0 -8.8000 

-8..10. -8.800. -8.2.01 8.2001 8...08 8.800. 8.8... 8.180. 8...00 -8.2010 

-8.210. -8.2828 8.8.20 -8.8000 -8.8.20 8.2... 8.8.0. 0 8.8000 8.8200 

8.02.1 8..810 -8.2..1 -8.2000 -8.2200 -8..102 -8....0 8.1188 8.82.0 8.28.0 

8.80.8 8.1800 8...2. -8.200. -8.2010 -8.1.02 8.208. -8.822. -8.200. 8.101. 

8..... 8.8.82 8.8.0. 8.1088 8.8.21 -8.2.0. -8..... -8..... 8..11. -8.12.8 

-8.80.8 8.21.1 8.8001 8..2.0 8..02. 8..000 8..88. -8....0 -8..0.0 -8.20.. 

8..808 -8.2.8. -8.2082 8.12.0 8.8.00 8..800 8..018 8.2.00 8.8000 -8...00 

-8..0.1 -8..001 8.800. -8.282. -8..111 8..020 8..00. 8...00 8.8000 8...0. 

8.8020 -8..0.. -8...10 -8...0. 8..00. -8.2080 -8...00 8.1128 -8.8.10 8..010 

8..0.2 8..088 8.8008 -8.2000 -8..8.0 -8..0.2 8.820. -8.20.0 -8..0.0 8.20.0 

8..100 8.800. 8..001 8.201. -8.880. -8..08. -8...0. -8..000 8..020 -8.2000 

-8.2.20 8.2208 -8.8.18 8.28.. 8...02 8.210. 8...0. -8.280. -8..0.2 -8..000 

8..0.. -8.20.8 -8..11. 8..8.. 8.2.00 8.8020 8..282 8.280. 8..1.. -8.20.1 

-8.800. -8..018 8.80.0 8..181-  -8..020 8..208 8.800. 8.280. 8.8..2 8..201 

8..82. -8.2.18 -8.800. -8...1. 8.2.80 -8..0.0 -8..11. 8..8.. 8.2.00 8.8020 

8..282 8.280. 8..1.. -8.20.1 -8.800. -8..018 8.80.0 0 -8..181 -8..020 

8..208 8.800. 8.280. 8.8..2 8.220. -8.2.18 -8.800. -8...1. 8.2.80 -8.101. 

-8.2.0. 8.2000 8.22.0 8.8.00 8.810. 8.1010 -8.80.0 -8...00 -8..000 -8..002 

8..002 -8.10.0 8.88.8 8.8000 8...08 8.82.0 8.8002 8.2..0 -8.8.00 -8..828 

-8...28 -8.2.02 8.1880 -8.12.0 -8.8..0 8.80.0 8.28.. 8.800. -8.880. 8.2.0. 

8.8..0 -8.2002 -8.8210 -8.2.0. -8.8181 8.800. -8.12.0 8.1.08 8..... 0 

-8.80.0 8..1.0 8.282. 8..... -8.2000 -8.8.20 -8....1 -8...1. -8..8.0 8.80.0 

8..81. 8.1.00 -8.80.2 8.21.. -8.8.01 -8.21.1 8...80 -8.2.00 -8....2 -8...10 

-8.801. 8.2188 8.8..8 8..02. 8..802 8.202. -8.8111 -8.208. 8.8..0 -8.2008 

-8.80.0 -8.800. -8..0.0 8.28.0 8.228. 8.8.8. -8.8820 8.108. -8..201 8.8000 

-8.2.00 -8..0.. 8.8001 -8..2.. -8..010 8..000 8.2..8 8.8... 8..000 8.2010 

-8.8100 -8...10 -8..20. -8.2..8 8..110 -8..108 -8..01. 8.80.. 8.28.0 8....2 

8.8..0 8.221. -8.8800 -8...10 -8..0.0 -8..101 -8..10. -8.88.. -8.2010 8.20.1 

8...28 8.28.0 8.8.18 8..182 8.8.10 -8.8001 -8.812. -8.1000 8.8... -8.8.12 

-8..00. 8..10. 8..... 8.21.2 8.800. 8..0.0 8.8088 -8.22.8 -8.8.10 -8..800 

8.8..2 -8..201 -8.2008 8.200. 8.2088 8.88.8 8.8.00 8.10.0 8.810. -8.2200 

-8.200. -8.8..0 -8..020 -8.8.2. -8...81 8.100. 8.81.2 8..88. 8.8800 8..000 

8..2.2 -8.1.0. -8.82.0 -8..0.0 8.8.10 -8....0 -8.2222 8.1110 -8.8800 8.2.2. 

8..0.1 8..2.0 8..200 -8.1820 8.8... -8..010 8.2801    

 

Table 2: Falsity 

⟼ 

..22.0 8.0.01 8.000. 8.0002 8....0 8.00.0 8.0.10 ...00. ..1.01 ..80.8 

...000 8.0.00 ..010. 8.0010 8.0..0 8.002. 8.0.0. 8.0.1. 8.0010 ..2000 

...0.. ..1000 ..88.. 8..00. ..10.8 8.0.01 8.0082 ..8.10 8.0.00 8.008. 

8.0..0 ..20.. ..8000 ..08.. 8..20. ..8..2 ..1820 8..0.8 ..8182 8.0.08 

8.02.1 8.0111 8....0 ...0.0 ...01. ..1818 8.0110 ...1.8 .....0 8.080. 

8.0.10 8.008. 8.00.1 8.080. 8..281 ...0.8 ..2001 ..2028 ..8..2 ..2.80 

..10.. 8..0.. 8.0008 8.0.0. 8..120 8.080. 8.002. ..22.2 .....0 ..8000 

...10. ..800. ..2.01 8.02.0 8.0818 8..... 8..00. 8.0... 8.0020 ..2010 

..210. ..2828 8..800 ..8000 ..8.20 8.008. 8..8.. ..8888 8....0 8..022 

8..000 8.0.01 ..2..1 ..2000 ..2200 ...102 .....0 8.0088 8..002 8.0.00 
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8....8 8.0.11 8.080. ..200. ..2010 ..1.02 8.0... ..822. ..200. 8.020. 

8.000. 8..0.0 8..0.. 8.0088 8..800 ..2.0. ...... ...... 8.000. ..12.8 

..80.8 8.0000 8....0 8.0080 8.010. 8.0.20 8.0... .....0 ...0.0 ..20.. 

8.0.08 ..2.8. ..2082 8.0001 8..0.1 8.0.10 8.0.08 8.00.0 8..1.1 ....00 

...0.1 ...001 8..2.. ..282. ...111 8.0.02 8.012. 8.00.0 8....1 8.081. 

8..100 ...0.. ....10 ....0. 8.021. ..2080 ....00 8.0008 ..8.10 8.0202 

8.0280 8.0288 8...28 ..2000 ...8.0 ...0.2 8..01. ..20.0 ...0.0 8.0102 

8.0011 8..1.. 8.0.10 8.0.0. ..880. ...08. ....0. ...000 8.0200 ..2000 

..2.20 8.0018 ..8.18 8.0.0. 8.0020 8.00.. 8.001. ..280. ...0.2 ...000 

8.020. ..20.8 ...11. 8.0.0. 8.00.0 8..200 8.00.0 8.0.1. 8.000. ..20.1 

..800. ...018 8..200 ...181 ...020 8.0008 8..... 8.0... 8..800 8.0010 

8.0.0. ..2.18 ..800. ....1. 8.08.0 ...0.0 ...11. 8.0.0. 8.00.0 8..200 

8.00.0 8.0.1. 8.000. ..20.1 ..800. ...018 8..200 ..8888 ...181 ...020 

8.0008 8..... 8.0... 8..800 8.00.. ..2.18 ..800. ....1. 8.08.0 ..101. 

8.0..0 8.0081 8..021 8..0.. 8.0.02 ..80.0 ....00 ...000 ...002 8.0..0 

..10.0 8....8 8...12 8.0018 8..000 8..120 8.0802 ..8.00 ...828 ....28 

..2.02 8.0..0 ..12.0 ..8..0 8...00 8.0.0. 8...1. ..880. 8.001. 8..080 

..2002 ..8210 ..2.0. ..8181 8..2.. ..12.0 8.0008 8.008. ..8888 ..80.0 

8.0000 8.0.0. 8.088. ..2000 ..8.20 .....1 ....1. ...8.0 8..201 8.0.0. 

8.08.1 ..80.2 8.000. ..8.01 ..21.1 8.00.2 ..2.00 .....2 ....10 ..801. 

8.0088 8..0.8 8.0.0. 8.0.10 8.0.0. ..8111 ..208. 8..000 ..2008 ..80.0 

..800. ...0.0 8.0.01 8.00.. 8..8.. ..8820 8.01.. ...201 8...10 ..2.00 

...0.. 8..2.0 ...2.. ...010 8.01.0 8.08.8 8..00. 8.0.10 8.0.00 ..8100 

....10 ...20. ..2..8 8.0000 ...108 ...01. 8...0. 8.0.00 8.0880 8..801 

8.000. ..8800 ....10 ...0.0 ...101 ...10. ..88.. ..2010 8.0280 8.0008 

8.0.80 8..008 8.00.0 8..000 ..8001 ..812. ..1000 8..00. ..8.12 ...00. 

8.002. 8.000. 8.0080 8...1. 8.0.00 8..088 ..22.8 ..8.10 ...800 8..000 

...201 ..2008 8.0... 8.0088 8....8 8..010 8.0.81 8..02. ..2200 ..200. 

..8..0 ...020 ..8.2. ....81 8.0... 8..080 8.0... 8....0 8.02.0 8.0080 

..1.0. ..82.0 ...0.0 8..001 .....0 ..2222 8.0001 ..8800 8.000. 8.0.80 

8.02.0 8.0001 8.0020 ..1820 8..08. ...010 8.0.20    

 

Table 3: Indeterminacy. 

⟼ 

8.02.0 8.1.01 8.100. 8.1002 8.0..0 8..0.0 8.2.10 8.000. 8.0.01 8..0.8 

8.0000 8.1.00 8..10. 8.2010 8.2..0 8.102. 8.2.0. 8.2.1. 8.2010 8.0000 

8.00.. 8.0000 8..8.. 8.000. 8.00.8 8.2.01 8.2082 8...10 8.2.00 8.208. 

8.1..0 8.00.. 8..000 8..8.. 8.020. 8....2 8.0820 8.80.8 8..182 8.1.08 

8.12.1 8..111 8.0..0 8.00.0 8.001. 8.0818 8.1110 8.01.8 8.0..0 8.180. 

8.1.10 8.108. 8.10.1 8.280. 8.0281 8.00.8 8.0001 8.0028 8....2 8.0.80 

8.00.. 8.80.. 8.1008 8.2.0. 8.0120 8.280. 8.102. 8.02.2 8.0..0 8..000 

8.010. 8..00. 8.0.01 8.22.0 8.1818 8.0... 8.000. 8..... 8.1020 8.0010 

8.010. 8.0828 8.0800 8..000 8...20 8.208. 8.08.. 8..888 8.0..0 8.0022 

8.8000 8.1.01 8.0..1 8.0000 8.0200 8.0102 8.0..0 8..088 8.0002 8.2.00 

8.0..8 8...11 8.180. 8.000. 8.0010 8.0.02 8.2... 8..22. 8.000. 8..20. 

8.100. 8.00.0 8.00.. 8..088 8.0800 8.0.0. 8.0... 8.0... 8.100. 8.02.8 

8..0.8 8.2000 8.0..0 8.1080 8.110. 8.1.20 8.1... 8.0..0 8.00.0 8.00.. 

8.1.08 8.0.8. 8.0082 8..001 8.00.1 8.1.10 8.1.08 8.20.0 8.01.1 8.0.00 

8.00.1 8.0001 8.02.. 8.082. 8.0111 8.1.02 8.112. 8.10.0 8.0..1 8.181. 

8.0100 8.00.. 8.0.10 8.0.0. 8.121. 8.0080 8.0.00 8..008 8...10 8.1202 

8.1280 8.1288 8.0.28 8.0000 8.08.0 8.00.2 8.001. 8.00.0 8.00.0 8.2102 

8.1011 8.01.. 8.1.10 8.2.0. 8..80. 8.008. 8.0.0. 8.0000 8.1200 8.0000 

8.0.20 8.2018 8...18 8.2.0. 8.1020 8.20.. 8.101. 8.080. 8.00.2 8.0000 

8.120. 8.00.8 8.011. 8.1.0. 8.20.0 8.0200 8.10.0 8.2.1. 8.100. 8.00.1 

8..00. 8.0018 8.0200 8.0181 8.0020 8.1008 8.0... 8.2... 8.0800 8.1010 

8.1.0. 8.0.18 8..00. 8.0.1. 8.28.0 ..80.0 8.011. 8.1.0. 8.20.0 8.0200 

8.10.0 8.2.1. 8.100. 8.00.1 8..00. 8.0018 8.0200 8..888 8.0181 8.0020 

8.1008 8.0... 8.2... 8.0800 8.20.. 8.0.18 8..00. 8.0.1. 8.28.0 8.001. 

8.0.0. 8.2..0 8.2081 8.0021 8.00.. 8...02 8..0.0 8.0.00 8.0000 8.0002 

8.1..0 8.00.0 8.0..8 8.0.12 8.1018 8.0000 8.0120 8.2802 8...00 8.0828 

8.0.28 8.0.02 8....0 8.02.0 8....0 8.0.00 8.2.0. 8.0.1. 8..80. 8.201. 

8.0080 8.0002 8..210 8.0.0. 8..181 8.02.. 8.02.0 8..008 8.108. 8..888 

8..0.0 8.1000 8.2.0. 8.188. 8.0000 8...20 8.0..1 8.0.1. 8.08.0 8.0201 

8.1.0. 8..8.1 8..0.2 8.200. 8...01 8.01.1 8.10.2 8.0.00 8.0..2 8.0.10 

8..01. 8.2088 8.00.8 8.1.0. 8.1.10 8.2.0. 8..111 8.008. 8.0000 8.0008 

8..0.0 8..00. 8.00.0 8.2.01 8.20.. 8.08.. 8..820 8..1.. 8.0201 8.0.10 
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8.0.00 8.00.. 8.02.0 8.02.. 8.0010 8.11.0 8.28.8 8.000. 8.1.10 8.2.00 

8..100 8.0.10 8.020. 8.0..8 8.1000 8.0108 8.001. 8.0.0. 8.2.00 8.1880 

8.0801 8.200. 8..800 8.0.10 8.00.0 8.0101 8.010. 8..8.. 8.0010 8.2280 

8.1008 8.2.80 8.0008 8.10.0 8.0000 8..001 8..12. 8.0000 8.000. 8...12 

8.000. 8.102. 8.100. 8.2080 8.0.1. 8.1.00 8.0088 8.02.8 8...10 8.0800 

8.0000 8.0201 8.0008 8.2... 8.2088 8.0..8 8.0010 8...81 8.002. 8.0200 

8.000. 8....0 8.0020 8...2. 8.0.81 8..... 8.0080 8.1... 8.0..0 8.12.0 

8.1080 8.0.0. 8..2.0 8.00.0 8.0001 8.0..0 8.0222 8..001 8..800 8.200. 

8.1.80 8.1001 8.1020 8.0820 8.008. 8.0010 8.2.20    

 

Table 1 shows the calculated values of “truth” in the financial 

returns series. Positive values indicate periods of market 

buoyancy, where returns are positive. Negative values indicate 

periods of decline in returns. This table helps to identify periods 

when markets experienced large fluctuations in returns. 

Table 2 shows the inverse or “error” values calculated from the 

returns series. These values are calculated as the inverse of the 

truth values (1 - Truth). High values of “error” indicate periods 

when the model’s predictions were inaccurate, meaning that the  

markets did not match the predictions or calculated results. 

Table 3 shows the calculated values of ambiguity (uncertainty) in 

the data. These high ambiguity values indicate that there is an 

overlap between the truth and error components, reflecting the 

uncertainty in the predictions during those periods. Low values 

indicate that the data were more clear and stable. 

Below is a graphic of the values of the True, False, and 

Indeterminacy.

 

Figure 3: True with the return series. 

 

Figure 4: False with return series. 
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Figure 5: Indeterminacy with return series. 

Shows the values that represent the “true” or actual values of the 

returns calculated from the original data. Positive values indicate 

periods of financial market booms, while negative values indicate 

periods of market downturns. This gives a clear picture of the true 

changes that occur in the data over time. 

Figure 4 shows the inverse values of the returns or so-called 

“error” component. These values are calculated as 1 - Truth. They 

indicate periods when the model was not accurate in its 

prediction, indicating times when financial forecasts were not 

consistent with actual results. The inverse values show a different 

behavior compared to the true values, which helps to evaluate the  

performance of the model. 

Figure 5 shows the uncertainty (ambiguity) between the truth and 

error values, and shows how much overlap there is between these 

two components. It shows periods when forecasts are unclear or 

ambiguous. High ambiguity values indicate that the market in 

those periods was experiencing uncertainty or unpredictability. 

Now a visual test is performed to check whether the data series 

has gained stability or not by plotting the ACF function for the 

return series, where Figure 6 represents the plot of the ACF 

function for the return series.

 

Figure 6: the ACF function for the return series. 

After transforming the original data into a return series, this plot 

shows the ACF of the returns across 20 offset periods. It shows 

that the data is stationary after the transformation, as many of the 

values are now within the confidence limits, meaning that the  

model is suitable for volatility analysis. 

Now using Akaike criteria (AIC) and Bayesian Information 

Criterion (BIC) [10-12] to find out the best model, the following 

table represents the criteria for the best rank of the model.
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Table 4: AIC and BIC criteria for NeGJR(q,p). 

NeGJR(q,p) 
AIC BIC 

Troth Falsity Indeterminacy Troth Falsity Indeterminacy 
NeGJR(1,1) -173.0103 1173.4644 646.5677 -156.975 1189.4996 662.6029 
NeGJR(1,2) -169.0103 1177.4343 650.4247 -144.9574 1201.4872 674.4776 
NeGJR(1,3) -166.7905 1181.4343 654.4247 -134.72 1213.5048 686.4952 
NeGJR(1,4) -167.7096 1185.4343 658.4247 -127.6214 1225.5224 698.5128 
NeGJR(2,1) -171.0103 1175.4644 648.5677 -150.9662 1195.5084 668.6117 
NeGJR(2,2) -167.1103 1179.4343 652.4247 -138.9486 1207.496 680.4864 
NeGJR(2,3) -164.7905 1183.4343 656.4247 -128.7112 1219.5136 692.504 
NeGJR(3,1) -170.5704 1177.4644 650.5677 -146.5175 1201.5173 674.6205 
NeGJR(3,2) -166.8471 1181.4343 654.4247 -134.7766 1213.5048 686.4952 
NeGJR(3,3) -163.0243 1185.4343 658.4247 -122.9362 1225.5224 698.5128 
NeGJR(4,1) -171.0003 1179.4644 652.5677 -143.5024 1207.5261 680.6293 
NeGJR(4,2) -167.5641 1183.4343 656.4247 -131.4847 1219.5136 692.504 
NeGJR(4,3) -163.5641 1187.4343 660.4247 -119.4671 1231.5312 704.5216 

Table 4 shows a comparison of different NeGJR models using 

Akaike Information Criteria (AIC) and Bayesian Information 

Criterion (BIC) to determine the best model. The NeGJR(1,1) 

model is considered the best based on the lowest values of AIC  

and BIC. This means that this model provides the best fit to the 

data and is therefore the most efficient in predicting financial 

volatility. Accordingly, the estimated parameters and some tests 

for this model are:

Table 5: The value of parameters, with some tests. 

parameter Value Standard-Error T-Statistic P-Value 

𝑤𝑇  0.036785 0.1115 0.32991 0.74147 

𝛼1 𝑇
 2e-12 2.9763 6.7198e-13 1 

𝛽1 𝑇
 2e-12 0.10424 1.9186e-11 1 

𝜆1 𝑇
 0.040828 0.1235 0.3306 0.74095 

𝑤𝐹  0.84279 5.2792 0.15964 0.87316 

𝛼1𝐹
 0.047686 5.2137 0.0091462 0.9927 

𝛽1𝐹
 0.13088 0.7457 0.17551 0.86068 

𝜆1𝐹
 0.87166 165 0.0052827 0.99579 

𝑤𝐼  0.19959 0.34968 0.57076 0.56816 

𝛼1𝐼
 0.14673 1.2668 0.11583 0.90778 

𝛽1𝐼
 0.146 0.2311 0.63175 0.52755 

𝜆1𝐼
 1 20.887 0.047877 0.96181 

Table 5 contains the estimated parameters of the NeGJR(1,1) 

model, including (w, α, β, λ) with the associated statistical values 

(T-statistic, P-value). The table reflects the accuracy of the model 

and the ability to interpret financial data. The calculated values 

show that the model meets the stability condition, which means 

that the results obtained from the model can be trusted. The low 

values of T-statistic and P-value indicate that some parameters 

are not statistically significant, which means that there may be 

room for improvement in the model 

Now the model stability condition is applied and the 

unconditional variance value of the model is calculated according 

to equations (6) and (11) as follows: 

𝛼1 𝑇 + 𝛽1 𝑇
+

𝜆1 𝑇

2
= 2e − 12 + 2e − 12 + 0.040828 = 0.0408 < 1 

𝜎2 =
𝑤

1−(𝛼1𝑇+𝛽1𝑇+
𝜆1𝑇

2
)

=
0.036785

1−0.0408
= 0.0383496664 ≈ 0.038      

From the above equation notice the model is stable, i.e. the 

condition in equation (6) is hold, and the unconditional variance 

value of the Neutrosophic GJR-GARCH hold equation (11). 

After verifying the stability conditions of the model, the next step 

is to infer the values of Troth, Falsity, and indeterminacy with 

unconditional variance for the stable and best model, as in the 

following figures:
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Figure 7: The values of Troth, Falsity, and indeterminacy with unconditional variance for the stable model. 

This figure shows the three neutrosophic values (truth, error, and 

ambiguity) along with the unconditional variance of the model. It 

shows how these components interact together to give a more 

comprehensive representation of financial volatility, with the 

unconditional variance indicating the stability of the model. 

Now the unconditional variance of the original series is predicted 

by reversing equations (7), (8) and (9) to obtain the predicted 

value of the conditional variance of the stationary model, as 

shown in the following figure.

 

Figure 8: The unconditional variance for the stable model. 
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The figure shows the unconditional variance forecast of the stable 

model using values calculated from the NeGJR model. The stable 

model is us to forecast future financial volatility, as shown in the 

above figure, which gives an accurate imageof the variance 

expectations for the coming period based on the results. 

5 Conclusions 

The results of the paper explain that the accuracy of producing 

conditional variance in financial data increases when NL is 

combined with a GJR-GARCH model. The improved model 

provides a more comprehensive depiction of unexpected market 

surprises and financial fluctuations. The understanding of the 

uncertain behavior for financial data is enhanced by the use of 

NL, which addresses Truthiness, Falseness, and uncertainty. This 

method improves the ability of models to respond to unexpected 

shocks, and Leverage effects by better handling the ambiguity 

prepared in financial data. The study also shows that the 

improved model meets the stability requirements, indicating that 

it can be relied upon to predict the future and estimate conditional 

variance. Unconditional variance was used to verify the stability 

of the models, and the results were reliable and consistent. The 

proposed model can be widely applied to financial market 

research. The NeGJR(1,1) model is the most accurate and suitable 

model for evaluating complex financial data, improving the 

ability to predict changes in financial markets, and enhancing 

financial decision-making, as defined by the AIC and BIC 

criteria. 

References 

[1] Engle, R. F. Autoregressive conditional heteroscedasticity with 

estimates of the variance of United Kingdom 

inflation. Econometrica 50, 987–1007, doi:10.2307/1912773 

(1982). 

[2] Bollerslev, T. Generalized autoregressive conditional 

heteroskedasticity. J Econom 31, 307–327, doi:10.1016/0304-

4076(86)90063-1 (1986). 

[3] Smarandache, F. A Unifying Field in Logics: Neutrosophic Logic. 

Philosophy. American Research Press, Rehoboth, 1–141 (1999). 

[4] Paraskevas, A. Extended Certainty Factors utilizing Neutrosophic 

Logic. Neutrosophic Optim Intell Syst 4, 13–30 (2024). 

[5] Glosten, L. R., Jagannathan, R. & Runkle, D. E. On the relation 

between the expected value and the volatility of the nominal excess 

return on stocks. J Finance 48, 1779–1801, doi:10.1111/j.1540-

6261.1993.tb05128.x (1993). 

[6] Thangaraja, P., Vadivel, A. & Sundar, C. J. Application of 

Neutrosophic Sets Based On Neutrosophic Negative Score 

Function in Medical Diagnosis. Neutrosophic Sets Syst 56, 377–389 

(2023). 

[7] Caporale, G. M. & Zekokh, T. Modelling volatility of 

cryptocurrencies using Markov-Switching GARCH models. Res Int 

Bus Finance 48, 143–155, doi:10.1016/j.ribaf.2018.12.010 (2019). 

[8] Stavroyiannis, S. A note on the Nelson-Cao inequality constraints 

in the GJR-GARCH model: is there a leverage effect?. Int J Econ 

Bus Res 16, 442–452, doi:10.1504/IJEBR.2018.095344 (2018). 

[9] Wiphatthanananthakul, C. & Sriboonchitta, S. The comparison 

among ARMA-GARCH, -EGARCH, -GJR, and -PGARCH models 

on Thailand volatility index. Thai Econom Soc 2, 140–148 (2010). 

[10] Abdullah, H. H., Aljboori, N. S. K. & Noori, N. A. Stability of 

conditional variance and stability forecasts for natural gas contracts 

using NAGARCH models. Math Model Eng Probl 12, 1551–1561, 

doi: 10.18280/mmep.120509 (2025). 

[11] Abdullah, H. H., Khalaf, N. S., & Noori, N. A. Comparison of non-

linear time series models (Beta-t-EGARCH and NARMAX 

models) with Radial Basis Function Neural Network using Real 

Data. Iraqi J Comput Sci Math 5, 26–44 (2024). 

[12] Khalaf, N. S., Abdullah, H. H. & Noori, N. A. The Impact of Overall 

Intervention Model on Price of Wheat.  Iraqi J Sci (2024): 853–862. 


