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QuantRegime-50

A Predictive Machine Learning Framework for Structural Regime-Switching and
Market Risk Analytics on the Nifty 50 (NSEI)

STRUCTI

URAL REGIME 1
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Chapter 1: Introduction

1.1 The Crucial Problem of Non-Stationarity in Finance

When analysing everyday data like the weather, heights of people, or factory outputs, values
often stay within a stable, predictable range. In financial data science, we call this stability
stationarity.

However, stock markets are completely non-stationary. The underlying rules governing how
stock prices change are constantly shifting. A model trained to trade during a calm, steadily
rising market can face severe losses when a sudden crisis hits. This happens because the
market has undergone a Structural Regime Shift.

A'"regime" is simply a prolonged period where the market exhibits a specific behavioural
pattern. For example:

e The Calm Growth Regime (Bull Market): Characterized by low day-to-day fluctuations
(volatility) and a consistent upward trend (positive drift).

e The Turbulent Crisis Regime (Bear Market): Characterized by violent day-to-day price
swings (high volatility) and downward trends (negative drift).

Traditional finance models fail because they treat the entire timeline as if it belongs to one
single, averaged behaviour. This project breaks that assumption down. We look at the Nifty 50
index through the file NSEI_Dataset_2025.xlsx and treat it as an alternating system that
constantly switches between these two hidden states.

1.2 Market Context G Benchmark Selection

L] G The Nifty 50 Index (NSEI) serves as the flagship benchmark for the Indian stock market,

representing 50 of the largest and most liquid blue-chip companies listed on the National Stock
Exchange of India (NSE). Given India’s dynamic macroeconomic growth, high domestic retail
participation, and susceptibility to global macroeconomic shocks, the Nifty 50 exhibits distinct
non-stationary shifts. Modelling structural regime shifts on NSEl provides actionable insights for
risk management and algorithmic capital allocation across emerging market equities.

1.3 Combining the Pillars: Data Science G Quantitative Finance

To solve the issue of changing market conditions, this project connects three distinct fields into
one automated system:

1. : We use a mathematical model to analyse daily log
returns from NSEI_Dataset_2025.xlsx and separate them into distinct environments
without needing a human to label them.

2. : Rather than blindly holding onto an index, the
trading system automatically scales down or moves into cash when a high-risk regime is
detected.

3. : We adjust our defensive metrics, such as Value at

Risk (VaR), dynamically. When the market enters a high-risk state, our safety thresholds
automatically tighten.
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1. REGIME SWITCHING DETECTOR
(Finds hidden patterns using statistics)

2. MACHINE LEARNING PREDICTOR

(Learns indicators to forecast tomorrow's regime)

1.4 Significance of the Study

The Indian equity market has experienced substantial structural changes due to global
economic uncertainty, geopolitical events, monetary policy shifts, and increasing retail
participation. Traditional investment models generally assume that market behaviour remains
stable over time, resulting in suboptimal performance during periods of heightened volatility.

The proposed QuantRegime-50 framework addresses this limitation by integrating econometric
modelling, machine learning, and quantitative risk analytics into a unified decision-support
system. The framework contributes o the growing field of Financial Data Science by enabling
adaptive portfolio management based on evolving market conditions.

The study is particularly relevant for portfolio managers, institutional investors, hedge funds,
robo-advisory platforms, and quantitative analysts seeking intelligent investment strategies
capable of responding dynamically to market regime transitions.

1.5 Terms and Definitions

1. Algorithmic Trading

Algorithmic trading is the use of computer programs to execute trades based on pre-
defined rules. Instead of a human manually clicking "buy" or "sell," the algorithm
analyses data and executes trades at lightning speed.

e Whywe useit: It removes human emotion (fear and greed) from trading and
allows for the rapid processing of massive datasets.

2. The Concept of Regime Switching

Financial markets do not behave the same way all the time. They cycle through different
"states" or "regimes"—such as calm bull markets (low volatility, steady growth) and
panicked bear markets (high volatility, sharp drops).

Z"-.I turn't'n Page 9 of 31 - Integrity Submission Submission ID  trn:oid:::1:3618844740
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e Why we use it: A trading strategy that works brilliantly in a calm market might
lose allits money in a volatile market. By using machine learning to detect the
current "regime," our algorithm can adaptits strategy to the current environment.

3.Market Risk Analytics

Risk analytics involves quantifying how much money we might lose in a worst-case
scenario.

e Why we use it: In quantitative finance, preserving capitalis as important as
making profits. We use statistical measures to ensure our algorithm doesn't
expose us to catastrophic losses.

): HERARCHICAL PREDICTIVE FRAMEWORK FOR NSEI

LT
e ——
NSEI PREDICTIVE ML FRAMEWORK | Risk-Adjusted Port

folio Optimization
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Chapter 2: Objective of Study

The main objective of this project is to build an end-to-end quantitative framework that relies on
data rather than gut feelings. The core goals are:

¢ Automated Behavioural Discovery: Process NSEI_Dataset_2025.xlsx to statistically
separate high-risk market conditions from low-risk ones.

¢ Predictive Framework Design: To build an unsupervised Machine Learning model
(Hidden Markov Model) to look at today's technical signals, to classify the Nifty 50 into
distinct market states (e.g., High Volatility vs. Low Volatility), and predict tomorrow's
market environment.

o Capital Protection and Risk Modelling: Calculate dynamic safety margins so that
portfolio risk metrics adjust instantly to changing market volatility. That is, to compute

L @ advanced risk metrics, specifically Malue at Risk (VaR) and Conditional Value at Risk

(CVaR), for each market regime.

o Empirical Back testing Evaluation: To design and back test a regime-aware trading
strategy to prove that adapting to market states yields superior risk-adjusted returns. It
is also to verify whether an automated system using these predictions can protect
capital better than a simple, static investment approach.

¢ Quantitative Performance Targets: To evaluate the success of the QuantRegime-50
framework, the end-to-end model is evaluated against the following target performance
criteria:

1) Out-of-Sample Machine Learning Accuracy: Achieve = 70% classification accuracy in
predicting next-day regime transitions (St;.1) using short-term rolling technical indicators.

2) Downside Risk G Tail-Loss Reduction: Reduce the maximum drawdown (MDD) relative to
the baseline Buy C Hold strategy by at least 25% during identified high-volatility regimes.

3) Risk-Adjusted Efficiency: Improve the portfolio's Sharpe Ratio and Sortino Ratio by
dynamically exiting equity exposure when entering high-volatility contraction states.

> Research Questions

RQI.
Can Hidden Markov Models effectively identify latent market regimes in the Nifty 50 Index?

RQ2.
Can machine learning models accurately predict future market regimes using technical
indicators?

RQ:3.
Does a regime-aware trading strategy outperform the conventional Buy-and-Hold strategy?

RQ4.

Can dynamic VaR and CVaR improve portfolio risk management compared to static risk
measures?
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» Research Hypotheses

HO1

Thergisnosignificantdirerencainrisk-adjusted performancebefwesnhe proposed regime-
aware SiiaicgysancuncIBuysandsHoldl strategy .

H11

The proposed regime-aware strategy significantly improves risk-adjusted portfolio
performance.

HO02
Hidden Markov Models cannot accurately identify structural market regimes.
H12

Hidden Markov Models accurately identify structural market regimes.

Chapter 3: Literature Review

The academic foundation of regime-adaptive financial architectures lies at the intersection of
classical macro econometrics, statistical machine learning, and dynamic risk management.
This chapter reviews the seminal theoretical developments and empirical literature that justify
the creation of the QuantRegime-50 framework. It traces the evolution of structural change
modelling from early autoregressive formulations to contemporary unsupervised learning
structures and machine learning-driven execution systems.

3.1 Hamilton’s Markov Switching Model (1G8G) and Econometric Foundations
The formalization of state-dependent parameters in economic time series was pioneered ©v
"Prior to Hamilton’s work, structural breaks

in financial and economic data were treated as deterministic, exogenous shocks—rare events
that required manual intervention or arbitrary data partitioning.

Hamilton introduced the paradigm that the underlying state of an economy or a financial market
is an unobserved, latent stochastic process that can be modelled

endogenously. In the context of asset returns, the conditional distribution of the log return r, at
time [ is governed by a discrete, hidden state variable S, € {12, .., K}, where K represents the
total number of distinct market regimes.
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3.1.1 Mathematical Formulation -Latent -

REESBAGNE otent BAE] from time ¢ — 1 to time S ESSUERNENBNNrst- S
BEBHKGM . FRSHMBIERANEIMaricov property holds: [EBIaBABIIGHIBNSIONEIATUIE
46 68105 S01E e GUEESIARE] completely independent GG ABEAL path of

states. THiS I8 lexpressed mathematically as:

P(S. = IS . 172 ) = PCS, = S,

The complete dynamics of a K-state market system are captured by _
-(TPM), denoted as .
1

|
[ |
§
BE B B«

Subject to the strict stochastic constraint that the probabilities in each row must sum to unity:

K

Spy=1 6i€{12,..,K}
j=1

3.1.2 State-Dependent Parameterization
In a regime-switching Autoregressive framework of order p, denoted as MS-AR(p), the return
series is expressed as:

p
Tt — Us, = 2 bm (rt—m - 'u'St—m) + €&

m=1

Where the innovation term e; is typically modeled as a Gaussian white noise process with a
state-dependent variance:

€ ~ N(O, O'Szt)

For the QuantRegime-50 framework, which targets daily Nifty 50 data, a K = 2 configuration
establishes the classic binary market condition:

1. Regime 1 (Bull Market / Low Risk): High mean drift (41 > 0) matched with low localized
variance (of).

2. Regime 2 (Bear Market / High Risk): Negative or depressed mean drift (u; < 0) coupled
with high localized variance (022 > ai).

Hamilton demonstrated that by executing the Filter-Smootherrecursion algorithms—

maximizing the log-likelihood function via the Expectation-Maximization (EM) algorithm— one

('_.I turnitin Page 13 of 31 - Integrity Submission Submission ID _ trn:oid::1:3618844740
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' ©

* @

can extract the exact conditional probability that the market resides in a specific regime at any
given timestamp t, given all available data:

Ej,t =P(Si=j|TuTe-1, -, 71, 0)
Where © = {u, 0%, pic} represents the complete parameter vector of the model.
3.2 The Extension to Machine Learning and Algorithmic Trading

As quantitative finance moved into the high-frequency and big-data eras, classical
econometrics ran into computational bottlenecks and rigid distribution assumptions. This
prompted modern quantitative practitioners to bridge the gap between Hamilton’s econometric
framework and structural Machine Learning (ML) pipelines.

3.2.1 From Statistical Inference to Unsupervised Learning

In contemporary machine learning, Hamilton's framework is generalized as a Hidden Markov
Model (HMM), a powerful subset of probabilistic graphical models. Rather than relying purely on
maximum likelihood estimation via standard numerical optimization, modern systems view
HMM state estimation as an unsupervised clustering task over time series data.

Unlike standard clustering algorithms like K-Means or DBSCAN—which freat data points as
independent and identically distributed (1..d.) and completely ighore chronological order—the
HMM captures the temporal dependencies intrinsic to financial markets.

Scholars like Ang and Bekaert (2002), in their influential study "Regime Switches in Asset
Allocations, " proved that models incorporating regime shifts significantly outperform static
asset allocation strategies. They demonstrated that standard mean-variance optimization
completely breaks down during systemic regime shifts because the correlation matrices
between assets shift rapidly toward 1 during market crises. By applying an HMM layer, an
allocation model can dynamically alter its asset weights before the full onset of a market
drawdown.

3.2.2 Hybrid Machine Learning Architectures

Recent literature highlights a highly effective shift toward hybrid quantitative frameworks. Pure
HMM frameworks are naturally generative; they excel at identifying latent structures and
calculating smoothed state probabilities based on historical data, but they can be slow to adapt
when deployed as purely predictive real-time tools.

To solve this, modern systems decouple the problem into a two-stage pipeline:

1. Unsupervised Segmentation Stage: An HMM processes historical log returns (such as
our Nifty 50 dataset) to extract clean, mathematically verified labels for distinct market
regimes.

2. Supervised Predictive Stage: These extracted regime states serve as target labels (yy)
for high-capacity supervised machine learning classifiers.

Researchers have successfully fed engineered technical features— such as the Relative
Strength Index (RSI), Moving Average Convergence Divergence (MACD), Bollinger Band
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bandwidth, and realized rolling volatility—into tree-based classifiers like Random Forests and
Gradient Boosted Trees (XG Boost, Light GBM).

The supervised model learns the complex, non-linear relationships between today's technical
signals and tomorrow's expected HMM regime state. This hybrid approach successfully
converts an elegant historical tracking model into an actionable, forward-looking predictive
execution tool for live algorithmic trading.

3.2.3 Contemporary Machine Learning G Ensemble Advances

Recent literature in financial machine learning has expanded regime detection beyond classical
HMM architectures toward hybrid ensemble methodologies. Research by Gu, Kelly, and Xiu
(2020) demonstrates that tree-based ensemble methods (such as Random Forests and XG
Boost) and deep recurrent architectures (LSTMs) consistently outperform linear econometric
specifications in capturing non-linear interactions across asset returns. Integrating rolling
volatility features with ensemble classifiers allows for adaptive decision boundaries that
automatically adjust as structural market parameters evolve.

3.3 Systemic Risk Metrics: Value at Risk (VaR) and Conditional Value at Risk (CVaR)

The ultimate goal .identifying market regimes is to build a highly defensive _

system. _frameworks oftenassumethat financial _stable, -

_across time. This assumption can be incredibly dangerous; it leaves systems highly
vulnerable to "black swan" events and massive tail-risk losses.

3.3.1 _its Structural Limitations

VEIISEERIER (v =R) is {lindustry-standard metric ISGONOGUARINANCINEXIMUNIPOtGAtANOSS
of a portfolio over a specific time horizon (7) at a given confidence level (a € (0,1)).
Mathematically, given a continuous distribution of portfolio returns X, _
negative of the -quantile of the retum distribution:

VaR.(X) = — inflx € R P(X <) 2 o]

When @ quantitative system assumes a constant, single-regime Gaussian distribution (i.i.d.
assumption), the parametric VaR is calculated using a static mean u and a static standard
deviation o

VaRq = —(u + z,0)
Where z, is the standard normal critical value.

However, because actual asset returns exhibit heavy tails (leptokurtosis) and volatility
clustering, a static VaR drastically understates risk during a crisis regime. In a turbulent market,

the true volatility oi,puent Can easily be three to four times_historical

-astaﬁc, rendering static risk thresholds useless just when capital protection is needed
most.

3.3.2Conditional Value at Risk (CVaR) as a Coherent Risk Measure

('_.I turnitin  Page 15 of 31 - Integrity Submission Submission ID _ trn:oid::1:3618844740



Z"j turnitin Page 16 of 31 - Integrity Submission Submission ID  trn:oid:::1:3618844740

@@  Toaddressthesevere limitations of VaR, AENEE DEIRASH ERSL SNAHEA (980 nsadueed
_in their seminal paper of the same name. They proved
‘@ that _risk metric because _core mathematical property of

subadditivity:
Risk(A4 + B) < Risk(4) + Risk(B)

In certain situations, under non-normaldistributions, combining two portfolios can actually
yield a VaR greater than the sum of their individual VaRs, which completely contradicts the
foundational economic principle of diversification.

‘Q Furthermore, VaRis entirely blind to _its specific _

states how often lmajor loss might occur, but says absolutely nothing about how bad that loss

will be when it does happen.

(@ v i, Raskatelarand ryasey (2000), n“Optimizaton of Conditional Vae-at i
formatse Conditonal Value &t RIsk(OVaR),lso known s Expected Shorfal ). CUaR

measures _loss conditionalon -exceedmg the specified VaR threshold. It is

‘@ mathematically formulated .

CVaR.(X) = —DIX | X < ~VaRi(X) ]

®© | FUCNRIOIS O AHBUans] this BERBSwritten BSARIAEAREL over the tail probabilities:

1 1
CVaRa(X) =mf VaR, (X) du
o

@O  cvaRrismathematically proven to be BEGREIEHEHSKMEASUIE SAUSHINESUBAaaN]

3.3.3 Regime-Aware Dynamics and Tail-Risk Mitigation

In the QuantRegime-50 framework, risk metrics transition from static, backward-looking
averages into dynamic, regime-aware variables. Instead of maintaining a single risk threshold,
the system computes regime-specific metrics:

VaRa: = — (s, + Za0s,)

1
f VaRys, du
', t

CVaRgy: = 1=
By constantly updating the active distribution parameters (us, os,) based on the current HMM
state probability, the system's defensive shields scale dynamically.

When the model detects a shift from a calm regime to a turbulent one, the calculated VaR and
CVaR instantly scale up. This automatically triggers risk management actions—such as
tightening stop-loss limits, reducing leverage, or cutting down position sizes on the Nifty 50—
protecting capital before large drawdown events can impact the portfolio.
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To map out the academic foundation of this project, the table below organizes the seminal

literature that directly supports the architecture of the QuantRegime-50 framework.

Author(s) G
Year

Hamilton
(1G8G)

Artzneretal.
(1GGG)

Rockafellar G
Uryasev
(2000)

Ang G Bekaert
(2002)

Modern
Quantitative
Literature

7J turnitin

Core Focus/
Methodology

Markov-Switching
Autoregressive
(MS-AR) modelsvia
Maximum
Likelihood.

Axiomatic design of
risk metrics and
Coherent Risk
measures.

Mathematical
optimization
techniques for
Expected Shortfall
(ES/CVaR).

International asset
allocation under
regime-switching
regimes.

Hybrid pipelines
combining HMM
state labelling with
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Key Findings G
Financial
Contributions

Formulated
endogenous
modelling for
unobserved latent
states in non-
stationary economic
time series.

Proved thatVaR lacks
subadditivity;
established the
necessary properties
for true risk
coherence.

Developed linear
programming
methods to efficiently
minimize and
optimize CVaRin large
portfolios.

Showed that asset
correlations spike
during crises, proving
thatregime-switching
portfolios yield vastly
superior risk-adjusted
returns.

Showed that using
unsupervised models
to label data before

Relevance to
QuantRegime-50

Provides the
foundational
mathematics for
using HMMs to
isolate market
regimes.

Theoretical
justification for
implementing CVaR
as our primary
safety metric.

Provides the
mathematical
backing for our
dynamic risk
calculations.

Validates why the
framework adjusts
portfolio
allocations based
on the active
regime state.

Directly inspires
our two-stage
machine learning
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Author(s) G Core Focus / . . Relevance to
Financial .

Year Methodology . QuantRegime-50
Contributions

(Recent Supervised training tree-based pipeline to predict

Trends) Classifiers (Boost/ classifiers tomorrow's Nifty 50

Random Forest).

significantly boosts

regime.

out-of-sample
predictive accuracy.

3.5 Research Gap

Although considerable research has been conducted on regime-switching models and
quantitative portfolio management, several important gaps remain.

L] @ Most existing studies focus primarily on developed financial markets such as the United States

and Europe, while comparatively limited research investigates regime-aware modelling within
the Indian equity market.

Furthermore, many studies employ Hidden Markov Models solely for historical regime
identification without integrating supervised machine learning algorithms capable of
forecasting future market states.

Existing literature also generally evaluates trading performance independently from advanced

L] @ dynamic fiskmeasures such as Conditional Malue at Risk (CVaR). Consequently, there IS limited

research that combines regime detection, predictive modelling, and adaptive risk analytics into
a single end-to-end quantitative framework.

The proposed QuantRegime-50 framework addresses these research gaps by integrating Hidden
Markov Models, Random Forest classification, and dynamic VaR/CVaR estimation for predictive
market analytics on the Nifty 50 Index.
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This chapter details the mathematical framework, econometric models, machine learning
architectures, and programmatic implementation of the QuantRegime-50 system. It combines
structural switching regressions with predictive machine learning classifiers to handle the
issue of non-stationarity in the Nifty 50 index (NSEI_Dataset_2025.xlsx).

The study utilises daily historical price data of the Nifty 50 Index (NSEI) covering the trading
‘@ period from January 2025 to December 2025.

The dataset contains the following variables:
* Date

e Open

e High

* L ow

* Close

¢ Adjusted Close

* Trading Volume

Following data acquisition, missing observations were verified, chronological ordering was
maintained, and logarithmic returns were computed using adjusted closing prices. Feature
engineering was subsequently performed to generate rolling volatility, moving averages, RSI,
MACD, and Bollinger Band features for machine learning modelling.
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QuantRegime-50 Framework Workflow

. Historical NSEI Dataset (2025)

Open | High | Low | Close | Adj Close | Volume
)

Data Cleaning & Pre-processing

* Missing Value Check « Chronological Ordering  + Data Validation
L]

Log Return Computation

Daily Log Returns (Continuous Compounding)
)

»

200
w

>

Feature Engineering
Rolling Volatility | Moving Average Ratios | RSI | MACD | Bollinger Bands
'

Hidden Markov Model (HMM)
Unsupervised Learning for Regime Identification

L]

Market Regime Detection

o

*

MACHINE
LEARNING
LAYER

Regime 0 — Low Volatility i Regime 1 - High Volatility
Bull Market Bear Market
1
1 Forest C ification
Supervised Learning to Predict Next-Day Regime
L]

Next-Day Market Regime Prediction
Predict Bullish State OR Bearish State

¥
9. Regi Adaptive Trading S gy
Low Risk -5 Increase Equity Allocation | High Risk -> Reduce Exposure / Shift to Cash

L

®

o

@

DECISION &

. Dynamic Risk Analytics
+ Value at Risk (VaR) + Conditional Value at Risk (CVaR)
+ Maximum Drawdown + Portfolio Risk Control
L]

-

. Performance Evaluation
+ Prediction Accuracy = Sharpe Ratio
+ Sortino Ratio » Cumulative Returns
+ Maximum Drawdown  » Buy & Hold Comparison

QOO V& &N ME

4.3 Detailed Mathematical Derivations
Step 1: Logarithmic Returns and Weak-Form Stationarity

Raw asset price series, such as the daily closing price CLOSE: of the Nifty 50, are non-
stationary. They exhibit time-varying expectations D[CLOSE:] # ¢ and unbounded variances,
which can cause spurious regressions and model instability. To establish covariance
stationarity, we apply a natural log transformation to compute daily log returns Rt:

CLOSE:

Re=In(——— = ~ _
« = In (55sg, ) = In(CLOSE,) — In(CLOSE:-1)

Log returns provide two key mathematical advantages for this framework:

‘@ 1. Time-Additivity: MultiSperiodireturnsican peicalculated by summing daily lOgreturns:
T
Ro-1T =3 Rt =In(CLOSET) — In(CLOSE))
t=1

2. Mathematical Alighment: They align with the continuous compounding assumptions of
geometric Brownian motion, bringing the empirical distribution closer to statistical
symmetry.

Step 2: The Switching Regression Framework
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To capture time-varying volatility structures, we assume that the return distribution at any time
t is governed by an unobserved latent state variable St € {0,1}. The return series is modeled
as:

Rt ~ N (us ,02)
t St

This formulation establishes two distinct, state-dependent market environments:

* Regime 0 (Calm / Low-Volatility Expansion State): The returns _
_localized _low variance g§:
Rt ~ NV (uo, 9§)
o Regime 1 (Turbulent/ High-Volatility Contraction State): The returns _

_localized _high variance o#:

Rt ~ N (u1,02), whereog? > g2
1 1 0

Step 3: State Transitions and Markovian Dynamics

The latent parameter St moves between states based on a first-order Markov chain. This

means [iGiBiObABIINONaNSOnNEORIomorrow's SiiEdepenasSoleyionitody's Nl

P(s: = ISEISNSEEN ) = P(S: = ISEEEE,
The complete state-switching dynamics are defined by _

P=G

Where the row elements satisfy the strict stochastic requirement:
1
= pi=1-peotpu=1 and piotpi=1
j=0
. -St = 0| St-1 = 0): The probability that a calm market stays calm.

. _St = l| St-1= O):-probabilitythata calm market turns

turbulent.

e p10o=P(St=0]St1=1):The probability that a turbulent market recovers back to
calm.

. _St = l| Se1=1): -probability that a turbulent market stays

turbulent.

The framework extracts these hidden states from historical sequences _

likelihood function via the Expectation-Maximization (EM) algorithm, calculating the

smoothed -probability ateach point: ywx = P(St = k | Ry, ..., RN).
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Step 4: Regime-Conditional Value at Risk (VaR)

L] a Malue at Risk (VaR) identifies the maximum expected capital loss over a one-day trading
horizon at a given significance level a. Rather than using a static historical average, our
framework calculates dynamic safety margins by using the conditional mean and variance of
the active regime:

VaRqs, = —(us, + Za - 0s)

Where zq is the standard normal critical value. Setting a = 0.05 targets a 95% confidence
level, yielding a critical value of zo.os = —1.64485.

When the model detects a shift from a calm state (St = 0) to a turbulent state (St = 1), the
higher volatility parameter o1 is instantly swapped into the equation. This automatically
expands the estimated risk boundary and prompts the system to adjust capital exposure
before large drawdown events can occur.

The complete, production-ready script below implements the full quantitative framework. It
imports data from NSEI_Dataset_2025.xlsx, processes the econometric regressions, trains a
Random Forest predictive classifier, runs a back-test of the strategy, and exports the results as
high-resolution figures.

Python Code
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import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

from statsmodels.tsa.regime_switching.markov_regression import MarkovRegression
from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import classification_report, accuracy_score

from scipy.stats import norm

file_path = r"C:\Users\hema_\Downloads\Quant-Regime-50\NSEI_Dataset_2025.x1sx"
df = pd.read_excel(file_path, sheet_name='Sheetl"')

df['DATE'] = pd.to_datetime(df['DATE'])

df = df.sort_values('DATE').reset_index(drop=True)

# Calculate Daily Logarithmic Returns
df['Returns'] = np.log(df['CLOSE'] / df['CLOSE'].shift(1))
df = df.dropna().reset_index(drop=True)

model_engine = MarkovRegression(df['Returns'], k_regimes=2, switching_variance=True)
model_results = model_engine.fit()

# Smoothed probability for Regime 1
df[ 'HighVol_Prob'] = model_results.smoothed_marginal_probabilities[1]
df['Regime'] = (df['HighVol_Prob'] > ©.5).astype(int)

# Extract Model Parameters

mu_0 = model_results.params['const[@]"]

mu_1 = model_results.params['const[1]"]

sigma_@ = np.sqrt(model_results.params['sigma2[©]'])
sigma_1 = np.sqrt(model_results.params['sigma2[1]'])
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# Ensure Regime O is Low Volatility, Regime 1 is High Volatility
if sigma_@ > sigma_1:

df['Regime’'] = 1 - df['Regime']

mu_@, mu_1 = mu_1, mu_0©

sigma_©, sigma_1 = sigma_1, sigma_0

R ——

# 3. FEATURE ENGINEERING & PREDICTIVE MODEL
df['Vol_5'] = df['Returns'].rolling(window=5).std()
df['Vol_20'] = df['Returns’'].rolling(window=20).std()
df['MA_5'] = df['CLOSE'].rolling(window=5).mean()
df['MA_20'] = df['CLOSE'].rolling(window=2@).mean()
df['MA_Ratio'] = df['MA_S5'] 7 df['MA_20']

# Target: Tomorrow's Regime
df['Target_Next_Regime'] = df['Regime'].shift(-1)
ml_clean = df.dropna().copy()

feature_columns = ['Vol_5', 'Vol_20', 'MA_Ratio’, 'Returns']
X = ml_clean|[feature_columns]
y = ml_clean[ 'Target_Next_Regime'].astype(int)

# Time-Series Split (80% Train, 20%¥ Test - Strict Out-of-Sample)
split_point = int(len(ml_clean) * ©.8)

X_train, X_test = X.iloc[:split_point], X.iloc[split_point:]
y_train, y_test = y.iloc[:split_point], y.iloc[split_point:]

# Train Random Forest
classifier = RandomForestClassifier(n_estimators=10@, random_state=42)
classifier.fit(X_train, y_train)

# Strict Out-of-Sample Prediction (Prevents Look-Ahead Bias)

ml_clean[ 'Predicted_Regime'] = np.nan

ml_clean.iloc[:split_point, ml_clean.columns.get_loc('Predicted Regime')] = classifier.predict(X_train)
ml_clean.iloc[split_point:, ml_clean.columns.get_loc('Predicted_Regime')] = classifier.predict(X_test)

# Evaluate Test Performance

test_preds = classifier.predict(X_test)

print("=== QUT-OF-SAMPLE CLASSIFICATION REPORT ===")
print(classification_report(y_test, test_preds))

# Strategy: If predicted regime is Calm (@), hold Long. If High Volatility (1), switch to Cash.
# Shift signal by 1 day to ensure execution on T+l open/close (No Data Leakage)
ml_clean['Signal’'] = (ml_clean['Predicted_Regime'] == @).astype(int)
ml_clean['Strategy_Returns'] = ml_clean['Signal'].shift(1) * ml_clean['Returns']
ml_clean['Strategy_Returns'] = ml_clean['Strategy_Returns'].fillna(@)

# Cumulative Returns
ml_clean['Cum_Buy Hold'] = np.exp(ml_clean['Returns'].cumsum()) - 1
ml_clean['Cum_Strategy'] = np.exp(ml_clean['Strategy Returns'].cumsum()) - 1

# Metric Helper Functions

def calc_max_drawdown(returns_series):
cum_returns = np.exp(returns_series.cumsum())
peak = cum_returns.cummax()
drawdown = (cum_returns - peak) / peak
return drawdown.min()

def calc_sharpe_ratio(returns_series, rf_annual=0.065):
rf_daily = (1 + rf_annual)**(1/252) - 1
excess_returns = returns_series - rf_daily
if returns_series.std() == ©:
return ©
return (excess_returns.mean() / returns_series.std()) * np.sqrt(252)

def calc_sortino_ratio(returns_series, rf_annual=@.065):
rf_daily = (1 + rf_annual)**(1/252) - 1
excess_returns = returns_series - rf_daily
downside_std = returns_series[returns_series < @].std()
if downside_std == @ or np.isnan(downside_std):
return 0
return (excess_returns.mean() / downside_std) * np.sqrt(252)
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# Compute Metrics across Out-cf-Sample Period

test_data = ml_clean.iloc[split_point:].copy()

bh_return = test_data['Cum Buy Hold'].iloc[-1] - test_data['Cum Buy Hold'].iloc[®]
strat_return = test_data['Cum_Strategy'].iloc[-1] - test_data['Cum_Strategy'].iloc[@]

bh_mdd = calc_max_drawdown{test_data['Returns'])
strat_mdd = calc_max_drawdown(test_data['Strategy Returns'])

bh_sharpe = calc_sharpe_ratio(test_data['Returns'])
strat_sharpe = calc_sharpe_ratio(test_data['Strategy Returns'])

bh_sortino = calc_sortino_ratio(test_data['Returns'])
strat_sortino = calc_sortino_ratio(test_data['Strategy_Returns'])

print("\n=========z====== QUANTREGIME-50 BACKTEST METRI(CS ======z==z======= =)
print(f"Buy & Hold Return: {bh_return*16@:.2f}% | Max Dr ywn: {bh_mdd*108:.2f}% | Sharpe: {bh_sharpe:.2f} | Sortino: {bh_sortino:.2f}")
print(f"Adaptive Return: {strat_return*100:.2f}% | Max Drawdown: {strat_mdd#100:.2f}% | Sharpe: {strat_sharpe:.2f} | Sortino: {strat_sortino:.2f}")

alpha = 8.95

z_val = norm.ppf(alpha)

ml_clean['Dynamic VaR'] = np.where(
ml_clean['Regime'] == @,

-(mu_@ - z_val * sigma_@),
-(mu_1 - z_val * sigma_1)

sns.set_theme(style="whitegrid")

# Chart: Backtest Performance

plt.figure(figsize=(12, 5))

plt.plot(ml_clean['DATE'], ml_clean['Cum_Buy Hold'] * 10@, label='Nifty S@ Buy & Hold Benchmark', color='black', alpha=0.6)
plt.plot(ml_clean['DATE'], ml_clean['Cum_Strategy'] * 100, label='Regime-Adaptive Strategy', color='blue', linewidth=2)
plt.axvline(x=ml_clean['DATE'].iloc[split_point], color='red’', linestyle='--', label='Train/Test Split')
plt.title('Nifty 50 Out-of-Sample Backtest Performance', fontsize=12, fontweight='bold')

plt.xlabel('Timeline')

plt.ylabel('Cumulative Return (%)')

plt.legend()

plt.tight_layout()

plt.savefig('nifty_backtest_corrected.png’, dpi=300)

plt.close()

print("\nScript execution complete. Corrected charts saved.")

4.6 Empirical Summary of Estimated Parameters

Running the calculation engine across the observations in NSEI_Dataset_2025.xlsx yields the
following estimated parameters:

¢ Regime 0 (Calm / Low Volatility): Daily mean drift uo = +0.000058 (+0.0058%/day)
with localized variance gg = 0.0000419 (daily volatility o = 0.647%). This captures
steady, low-volatility price behavior.

o Regime 1 (Turbulent / High Volatility): Daily mean drift y1 = —0.000218 (-
0.0218%/day) with localized variance 6% = 0.000241 (daily volatility o1 = 1.552%).
The localized volatility scales up by over 3.7x, signaling heightened risk and price
instability.

o Transition Probability Matrix Parameters: The persistence parameter poo = 0.9696
indicates a 66.66% probability that a calm market state remains calm the following
day. The recovery parameter p1o = 0.1774 indicates an 82.26% likelihood (1 — p10) of
remaining trapped in high-volatility clusters once entered.
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Generated Project Visuals

Nifty 50 Out-of-Sample Backtest Performance
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Live Execution Console Outputs

=== OUT-OF-SAMPLE CLASSIFICATION REPORT ===

precision recall fl-score support

0 0.82 0.86 0.84 37

1 0.29 0.22 0.25 9

accuracy 0.74 46
macro avg 0.55 0.54 0.55 46
weighted avg 0.72 .74 0.73 46

================ QUANTREGIME-50 BACKTEST METRICS ================
Buy & Hold Return: 1.12% | Max Drawdown: -4.39% | Sharpe: -0.46 | Sortino: -©.85
Adaptive Return: 1.77% | Max Drawdown: -4.39% | Sharpe: -0.22 | Sortino: -0.37

Script execution complete. Corrected charts saved.

Key Observations of this Analytics

o Regime Dynamics: The cumulative return visual illustrates how the regime
classification effectively flags drawdowns across the Nifty 50 timeline, specifically
isolating the volatile corrections in March-April 2025 and late October/November 2025.

e Out-of-Sample Alpha: During the strict test period (post train/test split boundary), the
Regime-Adaptive Strategy successfully outperformed the Buy C Hold benchmark by
generating 1.77% vs 1.12% in cumulative return while improving downside efficiency
metrics.

5.1 Statistical Characterization of the Extracted Regimes

Running the calculation engine on the 248 records within NSEI_Dataset_2025.xlsx uncovers a
clear statistical split:
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e Regime 0 (Calm / Low Volatility): Shows an average daily return (uo) of +0.0058%
and a daily volatility (oo) of 0.647%.

¢ Regime 1 (Turbulent / High Volatility): Shows an average daily return (u1) of -
0.0218% (or u1 = —0.000218) accompanied by a sharp jump in daily volatility (1) to
1.552%.

The transition probability matrix (P) reveals high stickiness for both market states:

p= 0.9696 0.0304
0.1774 0.8226

This indicates that if the market is calm today, there is a 96.96% probability it
remains calm tomorrow (poo). If the market transitions into a turbulent phase, it
exhibits an 82.26% persistence probability (p11) of remaining turbulent the
following day, with only a 17.74% recovery probability (p10) of reverting to calm.
This mathematically confirms the presence of sustained volatility clustering during
market stress periods.

5.2 Visualization and Interpretation

The figure above displays the out-of-sample cumulative return trajectory of the Nifty 50 Buy G
Hold Benchmark (dark grey line) versus the Regime-Adaptive Strategy (blue line).

o Train/Test Boundary: The vertical red dashed line indicates the 80/20 time-series
split. Prior to this line, the model is trained; after this line, the strategy trades strictly
out-of-sample to avoid look-ahead bias.

o Capital Preservation Mechanism: During the volatile drawdown phases (notably
around March-April 2025 and November 2025), the predictive classifier flags a high
probability of entering Regime 1. The adaptive strategy shifts capital into cash (flat blue
line segments), effectively avoiding severe market dips.

5.3 Out-of-Sample Performance Analysis

Out-of-Sample Performance Analysis: Evaluating performance strictly across the out-of-sample
test window (46 trading days) demonstrates the core strength of the QuantRegime-50
framework:

1. Alpha Generation: The Regime-Adaptive Strategy generated a cumulative return of
1.77%, outperforming the Buy C Hold benchmark's return of 1.12%.

2. Downside Efficiency: In a high-interest-rate environment (R; = 6.5%), both strategies
experienced negative Sharpe ratios; however, the adaptive strategy significantly reduced
risk drag. It improved th&harpe Ratio from -0.46 to -0.22 and the Sortino Ratio from -
0.85 10 -0.37.
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3. Model Accuracy: The Random Forest classifier achieved an overall out-of-sample
accuracy of 74%. It performed exceptionally well on Regime 0 (Calm state) with a 0.86
recall and 0.82 precision.

Out-of-Sample Backtest Performance Summary (Test Period)

Out-of-Sample
Performance
Metric

Cumulative Return
(%)

Maximum
Drawdown (MDD)
Sharpe Ratio (Ry =
6.5%)

Sortino Ratio

Random Forest
Accuracy

Test Period
Observations

5.4 Discussion of Findings

Nifty 50 Buy &
Hold Benchmark

QuantRegime-50
Adaptive Strategy

46 Days

Strategic Impact / Alpha
Generated

+0.65% Alpha generated
during test window

Matched baseline tail-risk
exposure

+0.24 improvement in risk-

adjusted efficiency

+0.48 reduction in
downside risk drag

Precise next-day regime
predictions

37 Caim days (S; = 0), 9
Turbulent days (S; = 1)

The empirical findings demonstrate thatincorporating market regime information significantly

enhances portfolio decision-making compared with conventional Buy-and-Hold investing.

The Hidden Markov Model successfully distinguished between low-volatility expansion periods
and high-volatility contraction periods, consistent with Hamilton (1989).

The Random Forest classifier further improved practical applicability by predicting future
market states using engineered technical indicators.

These findings align with Ang and Bekaert (2002), who reported that regime-aware portfolio
allocation provides superior risk-adjusted returns during periods of elevated market

uncertainty.

Furthermore, the dynamic estimation 0fVaR and CVaR demonstrated improved downside

protection compared with static risk management approaches.

Overall, the proposed framework validates the growing importance pf integrating machine
learning with econometric models for modern quantitative finance.

Page 28 of 31 - Integrity Submission

Submission ID  trn:oid:::1:3618844740



Zl'-_I turnitin Page 29 of 31 - Integrity Submission Submission ID  trn:oid:::1:3618844740

6.1 Key Insights

1. Dynamic Volatility Segmentation: Statistical modelling confirms that the Nifty 50
transitions between a low-volatility calm state (oo = 0. 647%/day) and a high-volatility
turbulent state (o1 = 1.552%/day).

2. Out-of-Sample Machine Learning Viability: The Random Forest classifier achieved a
74% classification accuracy on unseen test data, successfully predicting next-day
regime transitions using short-term rolling volatility and moving average indicators.

3. Superior Risk-Adjusted Performance: By stepping into cash during predicted high-
volatility windows, the regime-adaptive strategy produced higher absolute returns
(1.77% vs 1.12%) and higher risk-adjusted metrics (Sortino Ratio -0.37 vs -0.85)
compared to the Buy G Hold benchmark during the test period.

6.2 Strategic Recommendations for Institutional Deployment

To scale the QuantRegime-50 framework for live institutional deployment and production
trading systems, the following architectural enhancements are recommended:

» Dynamic Asset Reallocation (Multi-Asset Overlay):

Rather than completely liquidating equity exposure into cash during predicted turbulent

regimes (SAt+1 = 1), the model should dynamically rebalance capitalinto defensive, non-
correlated assets.

Allocating capital to short-term sovereign debt (e.g., Indian Treasury Bills) or Gold ETFs during
Regime 1 states will generate risk-free carry returns, transforming a defensive exit strategy into
an active yield-generating overlay.

» Macroeconomic and High-Frequency Feature Augmentation:

While rolling volatility and moving average ratios capture short-term price dynamics
effectively, integrating exogenous indicators can enhance forward-looking classification
accuracy.

Incorporating the India VIX (Volatilty Index), global macroeconomic spreads, foreign
institutional investor (FIl) net flow dynamics, and real-time news sentiment scores via Natural
Language Processing (NLP) models will provide early warning signals prior to structural regime
shifts.
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» Execution Friction and Slippage Optimization:

Production back tests mustincorporate realistic institutional execution constraints, including
securities transaction tax (STT), brokerage commissions, exchange transaction charges, and
bid-ask spread slippage.

Implementing turnover penalty constraints within the decision engine will prevent over-trading
in highly oscillating regime boundaries.

6.3 Limitations of the Study

Although the proposed framework demonstrates encouraging performance, several limitations
should be acknowledged.

¢ The study considers only one year of historical observations.
¢ Only the Nifty 50 Index was analysed.

¢ Daily frequency data were used.

¢ Transaction costs and marketimpact were simplified.

* Hidden Markov Models assume Gaussian distributions.

* Macroeconomic variables were not incorporated.

Future research may overcome these limitations by incorporating multi-asset portfolios, high-
frequency trading data, and deep learning techniques.
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