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ABSTRACT
Aims: The aim of this study is to develop and evaluate a robust mathematical framework for stock market regime classification using the Median Absolute Deviation (MAD), and to compare its performance with conventional standard deviation-based and quantile-based classification methods under non-Gaussian financial conditions.
Study design: Quantitative analytical study based on statistical modelling and empirical evaluation.
Place and Duration of Study: The study utilizes secondary financial data from major global equity indices, namely NIFTY 50 (India), S&P 500 (USA), and Nikkei 225 (Japan), over the period from January 2020 to January 2026.
Methodology: Daily log returns were computed from adjusted closing prices. A MAD-based standardized score was used to classify market regimes into five categories. Two benchmark methods, namely standard deviation-based and quantile-based classification, were implemented for comparison. Robustness was evaluated using Regime Balance Index (RBI), Extreme Sensitivity Score (ESS), and Label Stability Ratio (LSR) under controlled outlier contamination. Statistical validation was performed using bootstrap resampling to compute 95% confidence intervals, along with paired t-tests and Wilcoxon signed-rank tests to assess significance.
Results: The MAD-based method consistently achieved superior robustness across all datasets. For NIFTY 50, the LSR was 0.9856 compared to 0.9142 (SD-based) and 0.9738 (quantile-based). Similar improvements were observed for S&P 500 (0.9862 vs 0.8967 and 0.9750) and Nikkei 225 (0.9860 vs 0.8876 and 0.9743). The ESS was significantly lower for the MAD method (≈0.014) compared to SD-based methods (up to 0.1124). Bootstrap confidence intervals were narrow, and all statistical tests yielded p-values < 0.001, confirming the significance of the results. The findings have important implications for investors, portfolio managers, and financial analysts, as the proposed framework enables more reliable identification of market risk regimes under extreme volatility conditions.
Conclusion: The MAD-based classification framework provides a robust and statistically reliable alternative for stock market regime detection, particularly in environments characterized by extreme volatility and non-normal return distributions.
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1. INTRODUCTION

Financial markets are inherently complex systems characterized by nonlinear dynamics, uncertainty, and abrupt structural changes. A fundamental challenge in financial modelling is the classification of market regimes, which involves identifying periods of distinct behavior such as bullish, bearish, or neutral phases. Accurate regime classification plays a critical role in portfolio allocation, risk management, and trading strategy design (Bianchi et al., 2016; Bianchi et al., 2020).
However, financial return series exhibit several stylized facts that complicate traditional modelling approaches. These include heavy-tailed distributions, negative skewness, volatility clustering, and the frequent occurrence of extreme observations. Such characteristics violate the assumptions of normality and homoscedasticity that underpin classical statistical techniques (Zhang, 2025; Adubisi et al., 2022).
Conventional classification methods typically rely on mean–variance frameworks, where standard deviation is used as a measure of dispersion. While widely adopted, these methods are highly sensitive to outliers due to the quadratic nature of variance. As a result, extreme returns disproportionately influence the estimation process, leading to distorted classification boundaries and reduced stability. Similarly, quantile-based classification methods, although capable of producing balanced regime distributions, lack robustness as they do not account for the magnitude of deviations and are insensitive to distributional structure (Zhang et al., 2026; Giorgio, 2025; Sikorski, 2025).
These limitations motivate the need for a robust mathematical framework that can accurately capture the intrinsic properties of financial time series while remaining resilient to extreme observations. In this context, the median absolute deviation (MAD) provides a compelling alternative, as it is based on order statistics and exhibits a high breakdown point, making it inherently resistant to contamination (Tan and Wu, 2025; Chourdakis, 2010).
This study proposes a MAD-based regime classification model that replaces standard deviation with a robust dispersion measure. The contributions of this paper are fourfold. First, a mathematical formulation of MAD-based regime classification is developed. Second, the robustness properties of the model are rigorously established through theoretical analysis. Third, the model is empirically validated using multiple international equity indices over the period 2020–2026. Finally, statistical inference is incorporated through bootstrap confidence intervals and hypothesis testing to assess the significance and reliability of the results.
The findings demonstrate that the proposed approach provides a stable, robust, and statistically reliable alternative to conventional classification methods, particularly in environments characterized by non-gaussian behavior and extreme market fluctuations. 

1.1 Research Objectives
The primary objective of this study is to develop a robust statistical framework for classifying stock market behavior under non-Gaussian conditions using Median Absolute Deviation (MAD). Specifically, the study aims to:
(i) construct a MAD-based classification model,
(ii) compare its performance with standard deviation and quantile-based methods,
(iii) evaluate robustness under outlier contamination, and
(iv) validate results using statistical inference techniques.

1.2 Research Hypotheses

: There is no significant difference between MAD-based classification and conventional methods in terms of robustness.
: MAD-based classification provides significantly higher robustness and stability compared to standard deviation-based and quantile-based methods.


2. Literature Review
The classification of financial market regimes has been extensively studied in the literature, with applications spanning portfolio optimization, asset pricing, and risk management. Traditional approaches often rely on statistical models based on mean and variance, such as Gaussian-based clustering, hidden Markov models, and threshold-based classification techniques. While these methods provide useful insights, their effectiveness is limited by the assumption of normally distributed returns (Feng and Gangopadhyay, 2025; Hürlimann, 2001; Shen and Shen, 2008; Drozd and Sloka, 2025).
A growing body of research highlights that financial return series deviate significantly from normality, exhibiting features such as heavy tails, excess kurtosis, and skewness. These characteristics have led to the development of alternative modelling approaches, including regime-switching models, non-parametric methods, and machine learning-based classification techniques (Roos-Hoefgeest Toribio et al., 2025). However, many of these methods still rely on variance as a core measure of dispersion, thereby inheriting its sensitivity to extreme observations.
Robust statistics offer a promising alternative in this context. Measures such as the median and Median Absolute Deviation (MAD) have been widely studied for their resistance to outliers and high breakdown points. In time series analysis, robust estimators have been applied to improve parameter estimation and reduce the influence of noise and extreme values. Despite these advantages, their application in financial regime classification remains relatively limited (Guan et al., 2023; Wang et al., 2013).
Recent studies have begun to explore the use of robust measures in financial modelling, particularly for volatility estimation and anomaly detection. However, two key gaps remain in the existing literature. First, there is a lack of rigorous theoretical analysis demonstrating the superiority of robust methods over conventional approaches in classification settings (Wang et al., 2022; Prathibha et al., 2025). Second, most studies do not incorporate statistical inference techniques such as confidence intervals or hypothesis testing to validate their results (Randal, 2002; Wang et al., 2013; Chen and Xia, 2025).
This study addresses these gaps by integrating robust statistical modelling with formal theoretical analysis and empirical validation. The use of MAD as a central component of the classification framework, combined with bootstrap-based inference, provides a comprehensive approach that bridges the gap between theoretical robustness and practical applicability in financial regime classification.
Based on the reviewed literature, a conceptual framework is proposed in which classification performance is influenced by the choice of dispersion measure. Variance-based methods are expected to exhibit higher sensitivity to extreme observations, while robust measures such as MAD are hypothesized to provide improved stability. This conceptual linkage forms the basis for the hypotheses tested in this study.

3. RESEARCH METHODOLOGY
3.1 Data and Return Construction
The data used in this study were obtained from the Yahoo Finance database using the Python-based yfinance library. Adjusted closing prices were used to ensure consistency across corporate actions such as dividends and stock splits. Missing observations, if any, were handled using forward-fill methods, and non-trading days were excluded to maintain alignment across datasets.
Let  denote the closing price of a financial index at time . The continuously compounded (log) return is defined as 

where . The resulting return series is denoted by

3.2 Median Absolute Deviation-Based Standardization
Given the return series  the sample median is defined as

The Median Absolute Deviation (MAD) is defined as

A robust standardized return score is constructed as

where  is a small regularization constant to ensure numerical stability.
3.3 Regime Classification Model
A five-state regime classification function is defined as a mapping

such that

where  are threshold parameters controlling regime granularity.
The regimes correspond to:  (Strong Bear),  (Bear),  (Neutral),  (Bull),  (Strong Bull).
3.4 Benchmark Classification Methods
To evaluate the effectiveness of the proposed model, two benchmark approaches are considered.
3.4.1 Standard Deviation-Based Classification
The classical standardized score is given by

where

Classification is performed using thresholds identical to equation (7).
3.4.2 Quantile-Based Classification
Let  denote the empirical th quantile of the return distribution. The classification rule is

3.5 Robustness Evaluation Framework
To assess the stability of classification under extreme observations, an artificial contamination process is introduced.
Let the contaminated return series be defined as

where:
 is the sample standard deviation,  is a contamination multiplier,  and  are index sets representing positive and negative extreme injections.
3.6 Performance Metrics
3.6.1 Regime Balance Index (RBI)

where  denotes the number of observations assigned to regime 
3.6.2 Extreme Sensitivity Score (ESS)

where  is the indicator function.
3.6.3 Label Stability Ratio (LSR)

3.7 Bootstrap-Based Statistical Inference
To quantify uncertainty and assess statistical significance, a bootstrap procedure is employed.
Let  denote the -th bootstrap sample obtained via resampling with replacement:

For each bootstrap sample, performance metrics are computed, yielding empirical distributions.
Confidence Intervals
The  confidence interval is defined as

where  denotes the empirical -th quantile of the bootstrap distribution.
3.8 Hypothesis Testing
To evaluate whether the MAD-based model is statistically superior, paired hypothesis testing is conducted.
Null Hypothesis

Alternative Hypothesis

A paired t-test is performed:

where: ,  is the sample mean difference,  is the standard deviation of differences.
The choice of five classification states is motivated by the need to capture both moderate and extreme market conditions while maintaining interpretability. The threshold parameters are selected based on standard robust statistical practices, ensuring symmetry around the median. The robustness metrics (RBI, ESS, and LSR) are chosen to evaluate both distributional balance and sensitivity to perturbations, providing a comprehensive assessment of classification stability.
 4. THEORETICAL ANALYSIS
This section establishes the mathematical foundations of the proposed Median Absolute Deviation (MAD)-based classification framework. The analysis rigorously demonstrates the robustness, stability, and invariance properties of the proposed model in comparison with conventional mean–variance based approaches.
4.1 Proposition: Robustness of the Median
Proposition 1
The sample median  is robust to extreme observations, provided that fewer than 50% of the data points are contaminated.
Proof
Let the ordered sample be 
 For odd , the median is

Suppose a subset of observations is contaminated such that extreme values are introduced. As long as the number of contaminated observations is less than  the median remains one of the central order statistics, unaffected by extreme values in the tails.
Thus, the median does not diverge under finite contamination. 
4.2 Theorem: Boundedness of MAD Under Contamination
Theorem 1
The Median Absolute Deviation remains bounded under contamination affecting fewer than 50% of observations.
Proof
Define the deviation sequence:

Then,

If a subset of observations is contaminated with extreme values, their corresponding deviations may become arbitrarily large. However, as long as fewer than half of the observations are contaminated, the median of the deviation sequence is still determined by the uncontaminated majority.
Hence,  
4.3 Theorem: Divergence of Standard Deviation Under Outliers
Theorem 2
The sample standard deviation diverges in the presence of even a single extreme observation.
Proof
The sample variance is defined as

Where

Let one observation , where . Then

The contribution of this observation to the variance is

Thus,


4.4 Breakdown Point Analysis
The breakdown point of an estimator is defined as the smallest proportion of contamination that can cause it to produce arbitrarily large errors.
For an estimator , the breakdown point is 

where   is the minimum number of contaminated observations required to distort .
Results:
· Mean:  

· Standard deviation: 

· Median: 

· MAD: 

Thus,

indicating superior robustness.
4.5 Scale Invariance
Theorem 3
The MAD-based standardized score is invariant under positive scaling.
Let

Then,

Proof

Thus,

4.6 Translation Invariance
Theorem 4
The MAD-based score is invariant under translation.
Let 

Then,

Proof

Hence,

4.7 Stability of Classification
Theorem 5 (Stability Under Perturbation)
Let

If  is sufficiently far from classification boundaries, then

Proof
Define classification boundaries:

If

then perturbation does not cause boundary crossing.
Thus, classification remains unchanged and MAD classification is locally stable
The theoretical analysis demonstrates that the MAD-based classification framework possesses superior robustness properties compared to variance-based methods. Specifically, it maintains bounded dispersion under contamination, exhibits a high breakdown point, and remains invariant under scaling and translation transformations. Furthermore, the classification rule is stable under small perturbations, making it particularly suitable for financial time series characterized by extreme fluctuations and non-Gaussian behavior.
5. DATA DESCRIPTION
The empirical analysis in this study is conducted using daily closing price data from three major equity indices representing different global markets, namely the NIFTY 50 (India), S&P 500 (USA), and Nikkei 225 (Japan). The sample period spans from 1 January 2020 to 1 January 2026, covering approximately six years of financial market activity, including periods of extreme volatility such as the COVID-19 pandemic and subsequent recovery phases.
The dataset comprises 1485 observations for NIFTY 50, 1507 observations for S&P 500, and 1464 observations for Nikkei 225, ensuring sufficient sample size for both statistical estimation and robustness testing.
5.1 Descriptive Statistics
The statistical properties of the return series are summarized in Table 1.
Table 1. Dataset description and return statistics
	Dataset
	Observations
	Mean Return
	Std. Dev.
	Skewness
	Kurtosis
	Median
	MAD

	NIFTY 50
	1485
	0.00
	0.01
	-1.71
	25.89
	0.00
	0.01

	S&P 500
	1507
	0.00
	0.01
	-0.64
	17.63
	0.00
	0.01

	Nikkei 225
	1464
	0.00
	0.01
	-0.38
	13.36
	0.00
	0.01



A key observation is that all three return series exhibit non-normal characteristics, as evidenced by:
· Negative skewness across all datasets 
· Extremely high kurtosis values, particularly for NIFTY 50 (25.89) and S&P 500 (17.63) 
These results indicate the presence of heavy-tailed distributions and extreme market movements, which violate the assumptions of normality underlying traditional mean–variance models.
Furthermore, the median returns are close to zero, while the MAD values are significantly smaller than standard deviations, highlighting the presence of outlier-driven dispersion in the data. For instance, the NIFTY 50 has a standard deviation of 0.0115 compared to a MAD of 0.0053, suggesting that extreme observations disproportionately inflate variance-based measures. These characteristics strongly justify the adoption of a robust statistical framework, such as the MAD-based approach proposed in this study.
6. RESULTS AND DISCUSSION
6.1 Distributional Characteristics of Returns
The distribution of daily log returns for the three indices is illustrated in Figure 1.

[image: ]
Fig.1. Distribution of Daily Log Returns
The histograms reveal a pronounced peaked distribution around zero with fat tails extending in both directions, confirming the presence of extreme returns. Notably, the left tail appears more pronounced for the NIFTY 50, consistent with its higher negative skewness.
These empirical observations reinforce the inadequacy of Gaussian assumptions and highlight the need for robust measures of dispersion, as extreme values can significantly distort traditional statistics such as the mean and standard deviation.
6.2 Regime Distribution Analysis
The regime classifications obtained using the three methods are presented in Table 2.
Table 2. Regime distribution under different classification methods
	Dataset
	Method
	Strong Bear
	Bear
	Neutral
	Bull
	Strong Bull

	NIFTY 50
	SD-based
	32
	98
	1228
	104
	23

	NIFTY 50
	Quantile-based
	297
	297
	297
	297
	297

	NIFTY 50
	MAD-based
	168
	195
	743
	236
	143

	S&P 500
	SD-based
	42
	105
	1214
	126
	20

	S&P 500
	Quantile-based
	302
	301
	301
	301
	302

	S&P 500
	MAD-based
	190
	186
	754
	217
	160

	Nikkei 225
	SD-based
	34
	140
	1119
	147
	24

	Nikkei 225
	Quantile-based
	293
	293
	292
	293
	293

	Nikkei 225
	MAD-based
	166
	208
	732
	207
	151



A striking difference emerges across the methods:
· The quantile-based approach produces perfectly balanced regimes, with approximately equal observations in each class. While this ensures uniform distribution, it is inherently mechanical and does not reflect the underlying data structure. 
· The standard deviation-based method results in highly imbalanced classifications, with the majority of observations concentrated in the neutral regime. For example, in the NIFTY 50 dataset, over 82% of observations (1228 out of 1485) fall into the neutral category. This indicates that extreme values inflate the standard deviation, compressing most observations toward the center. 
· In contrast, the MAD-based method produces a more meaningful and interpretable distribution, with a balanced yet data-driven allocation across regimes. The neutral class is reduced significantly (e.g., 743 observations for NIFTY 50), while extreme regimes are more realistically represented. 
This demonstrates that the MAD-based approach captures the true variability of the data without being dominated by extreme observations.
6.3 Robustness Analysis
The robustness of the classification methods is evaluated using the Regime Balance Index (RBI), Extreme Sensitivity Score (ESS), and Label Stability Ratio (LSR), as reported in Table 3.
Table 3. Robustness comparison of classification methods
	Dataset
	Method
	Regime Balance Index
	Extreme Sensitivity Score ↓
	Label Stability Ratio ↑
	Robustness Rank

	NIFTY 50
	SD-based
	0.1886
	0.0801
	0.9199
	3

	NIFTY 50
	Quantile-based
	1.0000
	0.0265
	0.9735
	2

	NIFTY 50
	MAD-based
	0.5960
	0.0142
	0.9858
	1

	S&P 500
	SD-based
	0.2077
	0.1082
	0.8918
	3

	S&P 500
	Quantile-based
	0.9993
	0.0248
	0.9752
	2

	S&P 500
	MAD-based
	0.6058
	0.0136
	0.9864
	1

	Nikkei 225
	SD-based
	0.2520
	0.1195
	0.8805
	3

	Nikkei 225
	Quantile-based
		0.9993



		0.0259



		0.9741



	2

	Nikkei 225
	MAD-based
		0.6031



		0.0139



		0.9861



	1



The results clearly indicate that:
· The MAD-based method achieves the lowest ESS across all datasets, with values around 0.013, compared to significantly higher values for SD-based methods (up to 0.1195). This confirms that MAD is substantially less sensitive to outlier contamination. 
· Correspondingly, the MAD-based method attains the highest LSR, exceeding 0.986 for all datasets. This indicates that more than 98.6% of classifications remain unchanged under perturbations, demonstrating exceptional stability. 
· Although the quantile-based method achieves a near-perfect RBI due to its construction, its robustness remains inferior to the MAD-based approach, as reflected in higher ESS values. 
Overall, the MAD-based model consistently ranks first in robustness across all indices, validating its theoretical advantages in practical settings.
6.4 Statistical Validation
To further substantiate the robustness of the proposed model, bootstrap-based confidence intervals and hypothesis testing are performed.
Confidence Intervals
The results in Table 4 show that the MAD-based method exhibits:
Table 4. Bootstrap confidence intervals for label stability ratio
	Dataset
	Method
	Mean
	CI Lower (2.5%)
	CI Upper (97.5%)

	NIFTY 50
	SD-based
	0.9142
	0.8912
	0.9306

	NIFTY 50
	Quantile-based
	0.9738
	0.9662
	0.9805

	NIFTY 50
	MAD-based
	0.9856
	0.9794
	0.9911

	S&P 500
	SD-based
	0.8967
	0.8835
	0.9114

	S&P 500
	Quantile-based
	0.9750
	0.9681
	0.9814

	S&P 500
	MAD-based
	0.9862
	0.9803
	0.9915

	Nikkei 225
	SD-based
	0.8876
	0.8695
	0.9051

	Nikkei 225
	Quantile-based
	0.9743
	0.9670
	0.9812

	Nikkei 225
	MAD-based
	0.9860
	0.9798
	0.9918



· Highest mean LSR values across all datasets 
· Narrow confidence intervals, indicating low variability in performance 
For instance, the LSR for NIFTY 50 lies within the interval: [0.9794,0.9911], 
which is both higher and tighter than the corresponding intervals for competing methods.
Similarly, the MAD-based ESS values are consistently the lowest, with tight confidence bounds, further confirming the stability of the model.
Hypothesis Testing
The statistical significance of the results is presented in Table 5.

Table 5. Bootstrap confidence intervals for extreme sensitivity score
	Dataset
	Method
	Mean
	CI Lower
	CI Upper

	NIFTY 50
	SD-based
	0.0858
	0.0694
	0.1088

	NIFTY 50
	Quantile-based
	0.0262
	0.0195
	0.0338

	NIFTY 50
	MAD-based
	0.0144
	0.0089
	0.0206

	S&P 500
	SD-based
	0.1033
	0.0886
	0.1165

	S&P 500
	Quantile-based
	0.0245
	0.0183
	0.0312

	S&P 500
	MAD-based
	0.0138
	0.0085
	0.0198

	Nikkei 225
	SD-based
	0.1124
	0.0949
	0.1305

	Nikkei 225
	Quantile-based
	0.0251
	0.0189
	0.0318

	Nikkei 225
	MAD-based
	0.0140
	0.0087
	0.0202



For all datasets and metrics, the paired t-test and Wilcoxon signed-rank test yield:

indicating that the differences between the MAD-based method and the benchmark methods are highly statistically significant.
In particular:
· The MAD-based method significantly outperforms both SD-based and quantile-based methods in terms of LSR (higher is better) 
· It also significantly reduces ESS (lower is better) 
These results confirm that the observed improvements are not due to random variation but reflect a systematic advantage of the MAD-based framework.
To formally evaluate whether the observed improvements of the MAD-based classification are statistically significant, paired hypothesis testing is conducted. Table 6 presents the results of both the paired t-test and the Wilcoxon signed-rank test comparing the MAD-based method with the benchmark approaches across all datasets.
TABLE 6: Statistical Significance Tests (MAD vs Others)
	Dataset
	Metric
	Comparison
	MAD Mean
	Competitor Mean
	Paired t-test p-value
	Wilcoxon p-value

	NIFTY 50
	LSR
	MAD vs SD
	0.9856
	0.9142
	<0.001
	<0.001

	NIFTY 50
	LSR
	MAD vs Quantile
	0.9856
	0.9738
	<0.001
	<0.001

	NIFTY 50
	ESS
	MAD vs SD
	0.0144
	0.0858
	<0.001
	<0.001

	NIFTY 50
	ESS
	MAD vs Quantile
	0.0144
	0.0262
	<0.001
	<0.001

	S&P 500
	LSR
	MAD vs SD
	0.9862
	0.8967
	<0.001
	<0.001

	S&P 500
	LSR
	MAD vs Quantile
	0.9862
	0.9750
	<0.001
	<0.001

	S&P 500
	ESS
	MAD vs SD
	0.0138
	0.1033
	<0.001
	<0.001

	S&P 500
	ESS
	MAD vs Quantile
	0.0138
	0.0245
	<0.001
	<0.001

	Nikkei 225
	LSR
	MAD vs SD
	0.9860
	0.8876
	<0.001
	<0.001

	Nikkei 225
	LSR
	MAD vs Quantile
	0.9860
	0.9743
	<0.001
	<0.001

	Nikkei 225
	ESS
	MAD vs SD
	0.0140
	0.1124
	<0.001
	<0.001

	Nikkei 225
	ESS
	MAD vs Quantile
	0.0140
	0.0251
	<0.001
	<0.001



All p-values obtained from the analysis were less than 0.01 which supports the conclusion that there was statistical significance to the change in the Label Stability Ratio and Extreme Sensitivity Score resulting from the use of the MAD-based method. Consequently, there is also evidence of empirical support for the theoretical robustness properties in Section 4.
6.5 Interpretation of Regime Boundaries
The MAD-based regime boundaries for the NIFTY 50 are illustrated in Figure 2.
[image: ]
Fig. 2. MAD Based Regime Boundaries for NIFTY50
The boundaries are symmetrically defined around the median and adapt dynamically to the dispersion of the data. Unlike standard deviation-based thresholds, which are inflated by extreme values, MAD-based boundaries remain stable and responsive to the central structure of the return distribution.
The plot shows that extreme returns are effectively captured without distorting the classification of normal market conditions, leading to a more economically meaningful segmentation of market regimes.
The empirical findings strongly support the theoretical claims established in Section 4.
Specifically:
· The variance-based method fails due to its sensitivity to extreme values, resulting in unstable and imbalanced classifications. 
· The quantile-based method, while balanced, lacks robustness, as it does not account for the magnitude of deviations. 
· The MAD-based method achieves an optimal balance between robustness and interpretability, providing stable classifications even under perturbations. 
Across all datasets and evaluation metrics, the MAD-based model consistently demonstrates superior performance, both in terms of robustness and statistical significance.
The enhanced stability associated with MAD classification means that the identification of market regimes used in determining investment decisions will be affected far less than traditional variance-based approaches when there are extreme market shocks to the investment environment. This is particularly important in times of crisis, where volatility spikes can cause traditional variance based approaches to misclassify the market condition.
7. Conclusion and Future Work
This study presents a robust mathematical framework for stock market regime classification based on the Median Absolute Deviation (MAD). The proposed approach addresses the limitations of traditional mean–variance based methods, which are highly sensitive to extreme observations and often fail under non-Gaussian conditions. By replacing standard deviation with MAD as a measure of dispersion, the model leverages the robustness of order statistics to provide stable and reliable classification boundaries. Theoretical analysis demonstrates that the MAD-based framework possesses desirable statistical properties, including boundedness under contamination, a high breakdown point, and invariance under scaling and translation. These properties make the model particularly suitable for financial time series, which are frequently characterized by heavy tails, skewness, and volatility clustering. Empirical results based on three major equity indices—NIFTY 50, S&P 500, and Nikkei 225—over the period 2020–2026 confirm the effectiveness of the proposed approach. The MAD-based method consistently achieves the lowest Extreme Sensitivity Score and the highest Label Stability Ratio across all datasets, indicating superior robustness to outlier contamination. Bootstrap-based confidence intervals further demonstrate the stability of the results, while hypothesis testing confirms that the improvements are statistically significant at conventional levels. In contrast, standard deviation-based methods exhibit high sensitivity to extreme values, and quantile-based methods, although balanced, lack robustness under perturbations. The proposed framework can be directly applied in portfolio risk management, asset allocation strategies, and algorithmic trading systems, where accurate and stable identification of market conditions is essential. It may also assist regulators in monitoring systemic risk during periods of market stress.
Overall, the findings establish that the MAD-based classification framework provides a mathematically sound and empirically validated alternative for regime detection in financial markets. Despite its advantages, the proposed approach has certain limitations. The analysis is restricted to univariate return series and does not account for cross-market dependencies or spillover effects. Additionally, the use of fixed thresholds may not fully capture dynamic market conditions, particularly during regime transitions. The robustness evaluation is based on simulated contamination, which, while controlled, may not fully replicate real-world anomalies. These limitations should be considered when interpreting the results.
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Figure 2: MAD-Based Regime Boundaries for NIFTY 50
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