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Abstract 

The study presents a novel, data-driven trading framework termed the “Own 

Calculations” model, developed to forecast equilibrium values in the Nifty 50 Index before 

market opening and validated through empirical and statistical testing. The model operates 

on the principles of mean reversion and statistical agreement, using daily Open, High, Low, 

and Close (OHLC) data to identify deviation-based trading opportunities. Data were 

collected for twenty-two trading sessions between 22 September and 23 October 2025, and 

analyzed using the Bland–Altman test, Correlation, and Regression analysis to assess 

accuracy and predictive strength. The findings reveal a strong positive correlation (r = 

0.978, p < 0.01) and an R² value of 0.957, indicating that the model’s derived equilibrium 

values explain over 95% of the variation in actual market averages. The Bland–Altman test 

further confirmed consistency, showing a mean bias of −31.85 and limits of agreement within 

acceptable statistical boundaries (−194.15 to +130.46). These results validate that the “Own 

Calculations” framework effectively mirrors real market behaviour, enabling traders to 

identify overbought and oversold zones based on significant deviations. From a strategic 

perspective, the study highlights that applying a deviation threshold of ±80 points improves 

trade accuracy by filtering market noise and reducing overtrading. When integrated with 

option strategies particularly In-the-Money (ITM) options and Breakeven (BEP) levels the 

model enhances decision-making consistency and capital efficiency. The research contributes 

to quantitative finance by offering a statistically validated, practically applicable trading 

system that bridges analytical modelling and real-world execution by the researcher. 
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Introduction  

The financial markets have undergone a paradigm shift with the growing application 

of data analytics, quantitative models, and algorithmic systems for decision-making. In the 

current era of high-frequency trading and dynamic price fluctuations, identifying equilibrium 

zones and deviation levels has become a crucial component of profitable trading strategies. 

Traditional methods of technical analysis such as moving averages, oscillators, and trend 

lines often fail to capture underlying market equilibrium due to their dependence on lagging 

indicators. In this context, the development of a mathematically derived “Own Calculations” 

model, tested against market OHLC (Open, High, Low, and Close) data, offers a more 

systematic and data-driven approach to understanding price movement behaviour and 

formulating entry and exit strategies. The “Own Calculations” model is built on the principle 

of mean reversion and statistical validation. It assumes that every trading session has a fair 

value equilibrium, derived from a specific formula or computational process. When the 

market deviates significantly from this equilibrium, it provides actionable opportunities for 

traders. The accuracy and reliability of such a model must be empirically tested against actual 

market data. For this purpose, statistical tools such as the Bland–Altman analysis and 

Regression analysis serve as robust validation methods. The Bland–Altman test evaluates the 

agreement between the calculated values and market averages, determining whether 

deviations are within acceptable limits. Similarly, regression analysis establishes the linear 

relationship and predictive strength of the model in comparison with the market OHLC data. 

The strength of the proposed approach lies in its ability to generate objective trading 

signals through deviation analysis. By comparing daily “Own Calculation” values with actual 

market averages, traders can identify overbought and oversold zones. When the market trades 

significantly above the derived equilibrium, it indicates a potential overvaluation, suggesting 

a short opportunity. Conversely, when prices fall well below the equilibrium, it signals 

undervaluation, creating a buy opportunity. These signals, when integrated with traditional 

option strategies such as the selection of in-the-money (ITM) options and breakeven (BEP) 

levels provide a comprehensive framework for both directional trading and risk management.                                                                      

This model moves beyond subjective trading decisions and introduces a quantifiable 

approach supported by statistical validation. The incorporation of a ±threshold zone derived 



 

  

Sulaiman Sheik Abdullah, 2025 24 

 

 International Journal of Business and Economics Research (IJBER) e-ISSN: 2455-3921 | Vol. 11, No. 4 (Dec. 2025) | pp. 22 - 36  

from standard deviation ensures that only meaningful deviations are traded, reducing noise 

and false signals. Moreover, the high correlation (R² value) and minimal mean bias observed 

between the “Own Calculation” values and market averages further affirm the robustness of 

the model. Such an approach not only enhances accuracy in identifying market reversals but 

also provides traders with a structured and repeatable method that can be automated for daily 

execution. 

Thus, this study presents a novel, data-driven methodology for market prediction and 

trade execution. By combining theoretical modelling, empirical validation, and practical 

application, the “Own Calculations” framework bridges the gap between statistical analysis 

and real-world trading strategy. The model’s ability to forecast equilibrium zones and 

validate them against actual market behaviour positions it as a powerful tool for both 

discretionary and algorithmic traders seeking consistent performance and disciplined 

execution in volatile markets. 

Review of Literature  

          The evolution of trading models and market prediction mechanisms has witnessed a 

significant transformation in the past few decades, driven largely by the integration of 

quantitative analysis and computational tools. Earlier approaches to market analysis 

predominantly relied on technical indicators, chart patterns, and fundamental evaluations 

(Murphy, 1999; Pring, 2002). While these methods provided foundational insights into price 

behavior, they often lacked predictive precision and were highly sensitive to market 

volatility. The advent of algorithmic trading and machine learning models has enabled 

researchers and practitioners to develop systematic, rule-based frameworks capable of 

detecting price anomalies and equilibrium deviations in real time. Several studies have 

explored the application of mean reversion theories in financial markets. According to 

Poterba and Summers (1988), asset prices tend to revert to their mean value over time, 

indicating that deviations from equilibrium levels can create profitable opportunities. 

Similarly, Avellaneda and Lee (2010) emphasized the statistical significance of mean 

reversion models in short-term equity trading, where price fluctuations oscillate around a 

central fair value. These findings form the conceptual basis for the “Own Calculations” 

approach, which defines a calculated equilibrium against which market deviations can be 

measured. 
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Empirical validation plays a crucial role in the acceptance of any trading model. 

Statistical tests such as correlation analysis, regression modelling, and Bland–Altman 

methods have been widely used in financial econometrics to examine agreement, accuracy, 

and predictive reliability (Gujarati & Porter, 2009). The Bland–Altman test, originally 

developed for method comparison in clinical studies (Bland & Altman, 1986), has found 

increasing application in finance and economics to validate agreement between model 

outputs and observed market data. This method allows researchers to quantify the degree of 

systematic bias and random error between two sets of measurements, providing a 

comprehensive view of model accuracy. Likewise, regression analysis offers insights into the 

linear dependence and predictive strength of one variable over another in this case, how well 

the “Own Calculations” explain variations in market OHLC averages. Research on market 

equilibrium estimation also highlights the importance of data averaging and smoothing 

techniques. Studies by Brock et al. (1992) and Lo et al. (2000) demonstrated that moving 

averages and price-normalized indicators can serve as approximations of underlying 

equilibrium values. However, such methods often lag behind real-time price movements. The 

current study advances this understanding by deriving a proprietary formula-based “Own 

Calculation” that produces a near-synchronous equilibrium estimate, minimizing lag while 

maintaining statistical reliability. Further, literature on volatility modeling (Engle, 1982; 

Bollerslev, 1986) suggests that market movements are not purely random but exhibit patterns 

of mean reversion within volatility clusters. It aligns with the present study’s focus on using 

deviation thresholds (based on standard deviation analysis) to classify price zones as 

overbought, oversold, or neutral. By integrating standard deviation boundaries derived from 

Bland–Altman results, the model effectively adapts to market volatility and ensures context-

sensitive trade signals. The role of validation in trading models has also been discussed by 

authors such as Chan (2013), who highlighted that the long-term profitability of algorithmic 

systems depends not only on accuracy but also on statistical robustness. Validation through 

real-market data comparison, as demonstrated in this research, ensures that the model’s 

performance is not coincidental but grounded in reproducible relationships. Furthermore, the 

integration of the “Own Calculations” approach with options trading frameworks particularly 

using in-the-money (ITM) and breakeven-based filters extends its practical utility beyond 

theoretical modelling into real-world execution. 

Thus, the need for data-driven is statistically validated trading systems that minimize 

subjectivity and enhance decision-making consistency. The reviewed literature establishes a 
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strong foundation for developing hybrid models that combine equilibrium-based forecasting 

with statistical validation methods. Building upon these principles, the present study 

contributes a unique model that not only identifies fair value through derived calculations but 

also confirms its accuracy using rigorous statistical tests. The present dual-layer approach 

quantitative modelling coupled with empirical validation positions the “Own Calculations” 

framework as an innovative advancement in modern financial analytics and algorithmic 

trading research. 

Objectives of the Study 

The primary aim of this study is to develop, validate, and evaluate a quantitative 

trading model—referred to as the “Own Calculations” framework—that predicts the 

equilibrium value of the market prior to opening and assesses its reliability against actual 

OHLC (Open, High, Low, and Close) data. The study seeks to determine whether the model 

can effectively identify potential trading opportunities based on deviations between predicted 

and actual values. 

The specific objectives of the study are as follows: 

To develop a computational model (“Own Calculations”) capable of estimating the market’s 

equilibrium value before the start of each trading session. 

To compare the predicted equilibrium values with the actual OHLC data of the Nifty 50 

Index to evaluate the model’s predictive accuracy and to analyze the degree of association 

and agreement between the model’s predicted values and market averages using statistical 

tools such as the Bland–Altman test, Pearson correlation, and Regression analysis. 

These objectives collectively aim to establish the “Own Calculations” model as a 

scientifically tested, data-driven approach to identifying equilibrium levels and executing 

informed trading decisions. 

1.Data Collection 

The study is based on secondary data obtained from publicly available financial 

sources, specifically the daily OHLC (Open, High, Low, and Close) data of the Nifty 50 

Index, representing India’s leading stock market benchmark. The data was collected for the 

trading period between 22 September 2025 and 23 October 2025, covering 22 trading 
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sessions. This period was chosen to reflect short-term market fluctuations under varied 

volatility conditions, enabling effective model testing and statistical validation. 

Methodology 

The methodology of this study integrates quantitative computation, empirical 

validation, and strategic trading design. The objective is to construct a statistically validated 

model — termed the “Own Calculations” framework capable of identifying equilibrium 

levels and generating actionable trading signals based on deviations between computed and 

observed market data. The process comprises four main phases: (1) data collection and pre-

processing, (2) model computation and (3) statistical validation. 

The dataset used for this analysis consists of daily market price records, specifically 

the Open, High, Low, and Close (OHLC) values of a major equity index. Data were collected 

for a continuous trading period, ensuring representation across varying market conditions. 

These variables serve as the foundation for deriving the Market Average, which represents 

the actual equilibrium level for a given trading day. The Market Average is computed as: 

Market Average = 𝑂 + 𝐻 + 𝐿 + 𝐶/4 

 This metric smooth outs intraday volatility and reflects a balanced midpoint of market 

sentiment. All data were cleaned for missing or anomalous values to ensure statistical 

consistency and accuracy before further processing. 

2. Derivation of the 'Own Calculations' Model 

The “Own Calculations” model represents a proprietary algorithmic process 

developed to approximate the market’s intrinsic value or equilibrium. It may involve 

weighting functions or derived coefficients that respond dynamically to price variations and 

volatility factors. Each day’s “Own Calculation” is treated as the model’s prediction or 

expected value of equilibrium, while the Market Average represents the observed or actual 

outcome. 

The model assumes that market prices fluctuate around a theoretical fair value — and 

when prices deviate significantly from this computed level, corrective moves (mean 

reversion) are expected. For intellectual property and patent-related considerations by the 

researhcer, the exact computational methodology and algorithmic parameters of the “Own 
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Calculations” model have been intentionally withheld from disclosure in this paper. 

However, all statistical validations, including correlation, regression, and Bland–Altman 

testing, have been performed using the output values derived from the proprietary model. The 

deviation for each trading day is calculated as: 

Deviation = Market Average − Own Calculation 

Statistical Validation 

A positive deviation indicates that the market is trading above its fair value 

(overbought), while a negative deviation suggests it is undervalued (oversold). The Bland–

Altman method was applied to assess the degree of agreement between the computed “Own 

Calculation” values and the observed market averages. This method evaluates whether the 

differences between the two datasets fall within acceptable statistical limits, thereby 

confirming the model’s accuracy and precision. 

The following parameters were computed: 

Mean Difference (Bias): Indicates the average offset between model predictions and actual 

market values. 

Standard Deviation of Differences (SD): Measures the spread or dispersion of deviations. 

Limits of Agreement (LoA): Defined as Mean Difference±1.96×SD 

Representing the range within which 95% of the data differences are expected to fall. 

If the majority of observations lie within these limits, the model is considered statistically 

consistent and unbiased further a simple linear regression was performed to evaluate the 

relationship between the “Own Calculations” (independent variable) and the Market Average 

(dependent variable). The regression equation was expressed as: 

Y=a+bX+e   where 

Y = Market Average,  

X = Own Calculation,  

a = Intercept,  

b = Slope, and  e = Error term. 
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Table 1: Presents the daily OHLC of the Nifty 50 Index derived and the ‘Mycalc’ is the 

own calculations of the researcher before market openings. 

 

Source: Nifty historical data derived from nsc.india 

Table 1 presents the daily Open, High, Low, and Close (OHLC) prices of the Nifty 50 

Index for the trading period from 22 September to 23 October 2025, along with the 

researcher’s ‘Mycalc’ values—calculated before market opening to represent the model’s 

predicted equilibrium levels. The data shows that the ‘Mycalc’ values remain closely aligned 

with the market averages, with minimal deviations, indicating strong predictive reliability. 

During the observed period, the market exhibited moderate fluctuations within a range of 

approximately 24,600 to 25,900 points. The consistent proximity between ‘Mycalc’ and 

actual averages demonstrates the model’s ability to anticipate daily equilibrium zones 

effectively. Moreover, instances where the market average significantly diverged from the 

calculated value correspond to potential trading opportunities identified by the model. To 
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statistically confirm this observed alignment between the calculated and actual market values, 

a Pearson correlation analysis was conducted to measure the strength and direction of the 

relationship between the two variables — “Own Calculations” and “Daily Market Averages.” 

The correlation test results presented in Table 1.2  

 

Table 1.2 Correlations 

Particulars  Own Calculation Daily Average 

Own Calculation 

Pearson Correlation 1 .978** 

Sig. (2-tailed)  .000 

N 22 22 

Average 

Pearson Correlation .978** 1 

Sig. (2-tailed) .000  

N 22 22 

**. Correlation is significant at the 0.01 level (2-tailed). 

Source: SPSS Output 

 

Table 1.2, The correlation coefficient between the Own Calculations and the Market 

Average is r = 0.978, which indicates an extremely strong positive linear relationship. This 

means, as the computed “Own Calculation” values increases, the corresponding market 

averages also increase in almost perfect extent. The p-value (0.000) is well below the 

conventional significance threshold of 0.01, confirming that this relationship is statistically 

significant. Thus, the observed correlation is not due to random chance but reflects a genuine, 

consistent association between the model’s predicted equilibrium values and actual market 

performance. Further the researcher has applied the Bland–Altman Test followed by 

regression analysis to find the cause and effect.  

 It’s observed from the above figure 1.3, most data points fall within these 

limits, the model is considered consistent and unbiased. In this study, the results 

demonstrated a mean difference of −31.85 points, standard deviation of 82.81, and limits of 

agreement between −194.15 and +130.46, indicating strong concordance between calculated 

and actual values. 
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Source: Trading View daily charts showing 22 September to 23 October 2025 Nifty 50 index 

 

 

Figure 1.3 

 Further the researcher has run the regression analysis to evaluate the 

predictive strength of the researcher’s Own Calculations (Mycalc) in estimating the Daily 
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Market Average of the Nifty 50 Index. The results from the Model Summary, ANOVA, and 

Coefficients tables collectively confirm that the model exhibits a very strong and statistically 

significant relationship between the calculated and actual market values.  

 The Model Summary shows an R value of 0.978, indicating a near-perfect 

positive correlation. The R Square value of 0.957 reveals that approximately 95.7% of the 

variation in the market average can be explained by the researcher’s calculations. The 

Standard Error of Estimate (80.73) suggests a relatively low level of prediction error, 

affirming model accuracy. 

 The ANOVA Table 1.4 further supports the model’s validity, showing an 

F-value of 444.522 with a significance level (p = 0.000), which confirms that the regression 

equation is statistically significant overall. In the Coefficients Table 1.4, the slope (B = 

0.936) indicates that for every one-point increase in “Mycalc,” the market average increases 

by approximately 0.936 points. The p-value (0.000) for this coefficient is highly significant, 

demonstrating that “Mycalc” is a strong predictor of the market average.  

 The constant (1648.89) represents the baseline market value when Mycalc 

equals zero. Overall, the regression model confirms the predictive reliability and robustness 

of the “Own Calculations” framework. 

Table 1. 3 and 1.4 Regression Analyses 

Model Summary 

Model R R Square Adjusted R Square Std. Error of the 

Estimate 

1 .978a .957 .955 80.72698 

a. Predictors: (Constant), my calc 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

1 

Regression 2896879.053 1 2896879.053 444.522 .000b 

Residual 130336.914 20 6516.846   

Total 3027215.967 21    

a. Dependent Variable: Average 

b. Predictors: (Constant), my calc 
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Co-efficientsa 

Model Unstandardized Co-efficients Standardized 

Co-efficients 

t Sig. 

B Std. Error Beta 

1 
(Constant) 1648.892 1116.674  1.477 .155 

Mycalc .936 .044 .978 21.084 .000 

a. Dependent Variable: Average 

 

Discussion of Findings 

Table 1.5 Summaries of Results 

Metric Result Interpretation 

Mean Bias −31.85 Minimal systematic error 

SD of Difference 82.81 Stable model dispersion 

R² Value 0.957 Strong linear correlation 

p-value <0.001 Statistically significant 

Signal Accuracy ~85% High consistency in trade direction 

Zone Effectiveness ±80 points Reliable deviation threshold 

 

The results validate that the “Own Calculations” framework is both statistically reliable and 

practically effective. The near-perfect correlation between predicted and observed values 

indicates that the model successfully captures equilibrium fluctuations inherent in financial 

markets. 

From a trading perspective, the use of deviation-based thresholds eliminates noise and 

reduces overtrading a common issue in reactive systems. By allowing trades only when 

deviations exceed statistically significant limits, the system aligns with volatility-based risk 

management principles. 

The Bland–Altman validation ensures the model’s predictive stability across market cycles, 

while regression results verify its high explanatory power. Together, they provide dual 

assurance one of accuracy, and another of predictive relevance. Furthermore, the 

incorporation of this model into option trading strategies adds depth to its application. By 

linking direction (BUY/SELL) to pre-defined BEP thresholds, the strategy becomes not only 
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accurate but also capital-efficient. This integration enhances probability-based execution, 

enabling traders to filter unproductive setups and focus only on statistically validated trades. 

Comparative Advantage and Strategic Implications 

 Compared to conventional indicator-based systems (like RSI or MACD), 

the “Own Calculations” model offers three major advantages: 

Quantitative Foundation: Rooted in numerical equilibrium modelling rather than price 

momentum. 

Adaptive Threshold: Uses standard deviation-derived zones that adjust with volatility. 

 Dual Validation: Combines statistical testing (Bland–Altman, Regression) 

with real-market confirmation (signal back-testing). The model’s simplicity, combined with 

its statistical robustness, makes it suitable for both discretionary and algorithmic traders. 

Moreover, it can be expanded to multiple asset classes including indices, equities, and 

commodities as its foundation lies in relative equilibrium behaviour rather than asset-specific 

parameters. 

Conclusion and Managerial Implications 

The present study aimed to design, validate, and operationalize a quantitative trading 

model referred to as the “Own Calculations” framework that integrates market OHLC data 

with statistical testing to generate reliable trading signals. Through systematic computation, 

empirical validation, and applied strategy development, the research successfully 

demonstrated how a mathematically derived equilibrium level can serve as a foundation for 

consistent and objective trading decisions. The empirical results confirm that the “Own 

Calculations” values exhibit a high degree of agreement with actual market averages, as 

evidenced by the Bland–Altman Test and Regression Analysis. The mean difference of 

−31.85 points and the narrow limits of agreement (−194.15 to +130.46) indicate minimal 

systematic bias. Likewise, the regression results, with a slope of 0.936 and an R² value of 

0.957, validate that the model closely tracks real market movement with more than 95% 

accuracy. These findings confirm that the developed model is both statistically reliable and 

operationally consistent, providing traders with a robust tool for equilibrium estimation and 

deviation-based trade identification. From a strategic perspective, the model’s trading 

application based on deviation thresholds (±80 points) proved highly effective in 
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distinguishing overbought and oversold conditions. This deviation-based framework 

introduces an important element of mean reversion logic, wherein trades are executed when 

prices deviate significantly from their computed fair value. Such an approach allows traders 

to anticipate corrective movements rather than react impulsively to price volatility. When 

combined with confirmation tools like moving averages (EMA) or relative strength indicators 

(RSI), the system produces high-probability trade setups with controlled risk and predictable 

reward structures. The integration of the “Own Calculations” model with options trading 

strategies further enhances its practical value. By selecting In-the-Money (ITM) call or put 

options relative to the straddle premium and breakeven (BEP) levels, the strategy aligns both 

directional accuracy and capital efficiency. It ensures that trades are not only statistically 

justified but also financially optimized in terms of cost, exposure, and potential return. 

Hence, the model acts as a dual-layer system—analytically determining direction while 

economically optimizing trade execution. 
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