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Abstract 
This study examines whether macro-based regime-switching models can improve portfolio 

allocation relative to static benchmarks and machine learning methods. A Hidden Markov 

Model is used to identify three latent economic regimes, respectively recession, neutral, and 

expansion. These are based on lagged macroeconomic variables, including inflation, industrial 

production, interest rates, term spread, and economic policy uncertainty. To ensure practical 

applicability, the framework incorporates filtered probabilities, regime confirmation rules, 

fixed regime-dependent portfolio weights, transaction costs, and out-of-sample testing. 

The analysis consists of four parts, respectively descriptive statistics, regime identification, 

portfolio performance evaluation, and robustness testing. Conducting descriptive analysis 

confirms that the selected variables are suitable for modelling and that equity returns exhibit 

non-normal characteristics. Regime identification assesses whether the Hidden Markov Model 

captures economically meaningful market environments, while performance evaluation 

compares the regime-based strategy with the S&P 500, an equal-weighted benchmark, sector 

portfolios, and a Random Forest model. Last, the robustness tests evaluate the sensitivity of 

results to alternative model specifications. 

In conclusion, the study suggest that regime-based portfolio allocation can improve risk 

management relative to the market, primarily through reduced drawdowns and dynamic risk 

exposure. However, the Hidden Markov Model does not clearly outperform the equal-weighted 

benchmark or the Random Forest competing approach in terms of cumulative return and risk-

adjusted performance. 
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1.0 Introduction 
Making the right allocation decision for portfolios has always been a difficult choice among 

investors. Not only should the portfolio be diversified across different risk parameters, but it 

should also be balanced to accommodate business cycles. In this relation, static models fall 

short, as they do not take time-varying risk premia into account. This is where regime-

switching models become highly relevant (Campbell & Cochrane, 1999). 

Rather than assuming static risk-return relationships, regime-switching models recognize that 

the economy moves through different business cycles. Investors can take advantage of this by 

identifying patterns such as recessions where they may demand higher risk premia and shift 

toward defensive assets, while expansionary periods may reward greater exposure to cyclical 

and sensitive sectors. If such regimes can be identified in real time, investors may be able to 

improve portfolio performance by adjusting exposure across different sectors in different times 

(Guidolin & Timmermann, 2007). 

This study investigates whether macroeconomic regime-switching models can provide 

economically meaningful improvements in portfolio allocation with a focus on a Hidden 

Markov Model, which is used to identify latent market regimes based on a selection of 

macroeconomic variables. 

Furthermore, a practical approach is applied to the study, meaning the model is not only 

evaluated from a statistical perspective, but also from the viewpoint of an investor who must 

evaluate information and the trade-off between the upside of reallocating and downside of the 

transaction costs. To reflect this, decisions concerning variable lag, regime confirmation, and 

transaction costs are made to simulate a real-world scenario. 

These choices are important as a regime-switching model may appear attractive in theory but 

lose practical relevance if it relies on future information, reacts too frequently to noise, or 

generates excessive trading costs. Therefore, the central question becomes if identifying these 

regimes in real-time produces economically meaningful improvements that justify the 

additional complexity and implementation costs. 
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1.1 Problem Statement 
The purpose of the paper is therefore to examine whether an interpretable, macro-based regime-

switching framework can improve risk-adjusted portfolio performance and deliver 

economically meaningful value relative to simpler allocation strategies and an alternative 

machine learning method. By combining regime identification, real-time implementation rules, 

fixed portfolio allocations, transaction costs, and robustness tests, the study evaluates whether 

the added complexity of a Hidden Markov Model is justified in a realistic investment setting. 

This leads to the following problem formulation and research questions:  

 

Problem Formulation 

Does a Hidden Markov Model applied to macroeconomic variables produce economically 

meaningful improvements in portfolio allocation relative to static benchmarks and a machine 

learning classification approach? 

 

Research Questions 

1. Can macroeconomic variables identify market regimes in real-time that correspond to 

major market and macroeconomic events? 

2. Does regime-based portfolio allocation improve risk-adjusted performance relative to 

static allocation and passive investment strategies? 
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1.2 Delimitation 
This section outlines the limitations to narrow the scope of the research and address the 

methodological choices made. It is important to address these decisions in order to give the 

recipient a thorough understanding of how the study is conducted and how results should be 

interpreted. 

Geographic and Market Scope  

The study focuses on the U.S. equity market, using the S&P500 as the dependent variable and 

U.S. large-cap sector ETFs for portfolio construction. This delimitation is motivated by the 

availability of U.S. macroeconomic data, the size and liquidity of the U.S. equity market, and 

to maintain a clear connection between the selected macroeconomic variables and the market 

being analyzed. 

As a result, the study excludes international equity markets, emerging markets, and global 

diversification strategies. While this could provide additional diversification benefits, they 

would require country-specific macroeconomic variables and a broader modelling framework. 

The study also excludes bonds, commodities, real estate, and alternative assets, as the objective 

is to examine regime-based equity allocation rather than multi-asset allocation. 

Variable Selection  

The selected variables are limited to macroeconomic indicators, which supports the study’s 

objective of identifying regimes based on underlying long-term macroeconomic conditions 

rather than short-term market movements. Other macroeconomic variables, such as credit 

spreads, housing indicators, consumer confidence, and oil prices, are also excluded to maintain 

a focused variable set and reduce the risk of multicollinearity, overfitting, and data-snooping. 

Market-based indicators such as momentum, volatility and valuation ratios are excluded even 

though they are published more frequently. Although such variables may contain valuable 

information, including them would shift the focus from macroeconomic regime identification 

to a market-focused study. 

Model Alternatives  

The study compares the Hidden Markov Model with Random Forest as a machine learning 

competitor but does not test a broad range of alternative models such as XGBoost, neural 

networks and likewise. Random Forest is selected as it is widely used, relatively robust to 

overfitting, and provides interpretable factor importance measures. Including many additional 
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models would expand the scope of the study and shift the focus from whether macroeconomic 

regime-switching economically improves portfolio allocation. 

Portfolio Construction and Implementation  

The study applies fixed regime-dependent portfolio weights instead of dynamic optimization 

as they are sensitive to estimation error in expected returns and regime probabilities. Dynamic 

optimization can lead to unstable and unrealistic out-of-sample allocations which would 

worsen the reliability of the study. Conversely, using fixed weights improves robustness, 

interpretability, and implementation practicality. However, they may also limit potential 

efficiency gains from more flexible allocation rules. 

Furthermore, the portfolio is constrained to be long-only position, with no leverage or short-

selling. Removing these constraints could potentially improve performance, but it would 

introduce borrowing costs, margin requirements, and additional implementation complexity. 

Additionally, the model does not allow transaction costs to vary across market conditions and 

therefore does not capture cost volatility during periods of stress. Taxes are also excluded, in 

terms of capital gains and dividend taxation to standardize the setting. The reported results 

should therefore be interpreted as pre-tax performance after transaction costs. 

Finally, the study does not account for investor-specific constraints such as risk aversion, 

liabilities or regulatory requirements. Results therefore represent the performance of a general 

regime-based equity allocation strategy rather than a customized solution for a specific investor 

type. 

 

  



 5 

2.0 Literature Review 
The relationship between macroeconomic conditions and equity returns has been a central 

focus of financial research for decades. Understanding how economic variables influence 

expected returns is crucial for constructing optimal portfolios and managing risk exposure. 

Hence, the literature review examines the theoretical foundations and empirical evidence 

revolving around three main research themes. First, the predictability of asset returns using 

macroeconomic factors, second, the presence of time-varying risk premia driven by changing 

economic conditions, and third, the application of regime-switching models to capture these 

dynamics for improved portfolio allocation and performance. 

The purpose of this review is to establish whether regime-switching models, which account for 

shifts in macroeconomic conditions, can deliver economically meaningful improvements in 

portfolio performance compared to static models and recent machine learning approaches. 

 

2.1 Macroeconomic Conditions & Expected Returns 
2.1.1 The Arbitrage Pricing Theory Framework  

The theoretical foundation for linking macroeconomic variables to asset returns was 

established by Chen et al. (1986) in their paper "Economic Forces and the Stock Market." 

Building on Ross's (1976) Arbitrage Pricing Theory, Chen et al. (1986) argue that if asset 

returns are generated by a factor model, then macroeconomic variables that systematically 

affect cash flows or discount rates should explain cross-sectional variation in returns. 

In relation to the above, Chen et al. state that “the following macroeconomic variables should 

systematically affect stock market returns: the spread between long and short interest rates, 

expected and unexpected inflation, industrial production, and the spread between high- and 

low-grade bonds " (Chen et al., 1986). 

Their empirical analysis discovers that several macroeconomic variables exhibit statistically 

significant relationships with stock returns. Especially, they document that industrial 

production, changes in expected inflation, and shifts in the risk premium are priced factors in 

equity markets. Furthermore, they find that these macroeconomic variables capture the 

explanatory power of traditional market indices, suggesting that macroeconomic factors 

represent the fundamental systematic risk. 
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Chen et al. become an important inclusion in our research as it demonstrates that asset pricing 

models do not solely rely on market portfolios or firm-specific characteristics. Furthermore, it 

recognizes that macroeconomic variables serve as state variables that capture systematic risk. 

This finding initialized the research for examining how changes in macroeconomic conditions 

affect expected returns and optimal portfolio allocation. 

2.1.2 Business Conditions & Return Predictability  

Fama & French (1989) took the research further by examining how business conditions affect 

expected returns on stocks and bonds. In "Business Conditions and Expected Returns on Stocks 

and Bonds," they argue that if expected returns vary rationally with business conditions, then 

variables that forecast business conditions should also forecast returns. 

They specifically summarize that "expected returns are lower when economic conditions are 

strong and higher when conditions are weak" (Fama & French, 1989). 

By using data from 1927 to 1987, they show that dividend yields and term spreads have 

significant predictive power for both stock and bond returns. Furthermore, they find that the 

predictive power is stronger for the long-term, suggesting that these variables capture persistent 

changes in expected returns rather than short-term noise. Lastly, they find evidence that 

expected returns move countercyclically, which means an increase during economic 

contractions and a decrease during expansions. 

These results support the claim that risk premia vary with business conditions and forecast 

“high returns when business conditions are persistently weak and low returns when conditions 

are strong" (Fama & French, 1989). 

In other words, this countercyclical move in expected returns has important role for portfolio 

management, meaning if investors can identify shifts in business conditions, they can adjust 

their portfolios dynamically to exploit time-varying movements. 

2.1.3 International Evidence on Macroeconomic Forecasting Variables  

Rapach, Wohar, and Rangvid (2005) extend the Fama-French analysis to international equity 

markets in their paper "Macro Variables and International Stock Return Predictability." They 

investigate whether the relationship between macroeconomic variables and stock returns 

documented in U.S. data holds in other developed markets and whether this relationship 

generates economically useful out-of-sample forecasts. 
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Their analysis shows two important insights: First, interest rate variables, particularly relative 

interest rates and the term spread, demonstrate more robust predictive ability across multiple 

countries. Second, their general-to-specific model selection procedure shows that models 

including macro variables, especially interest rate variables, often improve out-of-sample 

forecasts. 

The paper concludes that "overall, our results and those of Ang and Bekaert (2001) point to 

the reliability of interest rates as predictors of returns in industrialized countries, especially 

compared to financial ratios and other macro variables" (Rapach et al., 2005). 

However, they also acknowledge substantial heterogeneity across countries and time periods, 

raising questions about the stability of these predictive relationships. This instability motivates 

the exploration of regime-switching models that can adapt to changing economic conditions. 

 

2.2 The Return Predictability Debate 

2.2.1 The Skeptical Perspective  

The optimism surrounding return predictability based on macroeconomic variables was 

challenged by Welch & Goyal (2008) in their paper "A Comprehensive Look at the Empirical 

Performance of Equity Premium Prediction." They conduct an out-of-sample analysis of 

variables commonly used to forecast stock returns and document surprisingly weak predictive 

performance. 

Their analysis covers the period from 1872 to 2005 and examines 15 predictor variables, 

including treasury bill rate, term spread, default spread, and inflation. For each variable, they 

compare out-of-sample forecasts to a simple historical average benchmark where they find 

"most models are unstable or even spurious. Most models are no longer significant even in-

sample (IS), and the few models that still are usually fail simple regression diagnostics…most 

models have poor out-of-sample (OOS) performance" (Welch & Goyal, 2008). 

To elaborate on this, they find that most predictor variables fail to outperform the historical 

average in out-of-sample tests, even though many show statistically significant in-sample 

relationships. Furthermore, they document that the forecasting performance of these variables 

tends to worsen over time, particularly after 1975. 

In conclusion, Welch & Goyal state that "although it is possible to search for, to occasionally 

stumble upon, and then to defend some seemingly statistically significant models, we interpret 
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our results to suggest that a healthy skepticism is appropriate when it comes to predicting the 

equity premium" (Welch & Goyal, 2008). 

This insignificance is explained by several factors, including parameter instability, data 

snooping, and the low signal-to-noise ratio seen in equity returns. It casts doubt on the practical 

usefulness of predictive models based on macroeconomic variables and raises questions about 

whether more complex modeling approaches can overcome these challenges. 

Following their paper, the skepticism expressed by Welch and Goyal was strengthened by their 

2024 study, “A Comprehensive 2022 Look at the Empirical Performance of Equity Premium 

Prediction” (Goyal, Welch & Zafirov, 2024). They examined 29 new predictor variables from 

26 papers published after 2008 and find that the predictability has not improved. They 

document that more than one-third of these new variables no longer exhibit statistical 

significance even in-sample, and of those that do, half of them have poor out-of-sample 

performance. Only 3 out of 46 variables could outperform a simple buy-and-hold strategy, 

statistically. Once again, they conclude that the evidence is not good, and they are comfortable 

with their original perspective in their paper from 2008 regarding the difficulty of reliably 

predicting equity premiums. 

2.2.2 The Optimistic Perspective  

Campbell & Thompson (2008) respond to the skeptical findings of Welch & Goyal by 

demonstrating that incorporating simple economic restrictions can improve out-of-sample 

performance in forecasting. In "Predicting Excess Stock Returns Out of Sample: Can Anything 

Beat the Historical Average?" they argue that unrestricted regression models may not fulfill 

basic economic principles, leading to poor forecasts. 

They impose restrictions to ensure that predictive regressions produce economically 

meaningful forecasts consistent with asset pricing theory. The restrictions prevent unrealistic 

model predictions and improve out-of-sample forecasting performance by incorporating 

theoretical information about financial markets. By applying these restrictions to forecasting 

models, they find significant improvements. In this regard, they find that “many predictive 

regressions beat the historical average return, once weak restrictions are imposed on the signs 

of coefficients and return forecasts” (Campbell & Thompson, 2008). 

Additionally, they show that stronger restrictions can further improve out-of-sample 

performance. These results suggest that the weak out-of-sample performance documented by 

Welch & Goyal may reflect a model misspecification rather than no predictability. 
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Finally, the paper is important because it demonstrates that the way predictive models are 

specified and estimated matters for their practical usefulness. This insight motivates the 

consideration of more complex modeling approaches, including regime-switching models, that 

can incorporate economic structure while adapting to changing market and macroeconomic 

conditions. 

 

2.3 Time Varying Risk Premia 

2.3.1 The Theoretical Framework of Habit Formation  

The empirical evidence for time-varying expected returns requires a theoretical framework to 

explain why and how risk premia change over time. Campbell & Cochrane (1999) provide such 

a framework in their paper "By Force of Habit: A Consumption-Based Explanation of 

Aggregate Stock Market Behavior." In this paper, they develop a consumption-based asset 

pricing model with habit formation that generates time-varying risk aversion and risk premia. 

By introducing a framework in which utility depends on consumption relative to a habit level 

that evolves over time, the model is created. This habit level is modeled as a nonlinear function 

of past aggregate consumption, allowing risk aversion to change depending on how current 

consumption compares to the habit benchmark. In their model, when consumption falls around 

the habit level, typically during economic downturns, investors become more risk averse and 

demand higher risk premia. Likewise, when consumption rises above habit, typically during 

economic expansions, risk aversion declines and risk premia fall. This countercyclical variation 

in risk premia aligns with the empirical evidence documented by Fama & French (1989) among 

others. 

They demonstrate that their model can explain several anomalies of asset markets as it explains 

"the short- and long-run equity premium puzzles despite a low and constant risk-free rate.” 

(Campbell & Cochrane, 1999). 

In summary, the habit formation model provides theoretical justification for the use of state 

variables to forecast returns. These variables proxy for the consumption-to-habit ratio and for 

the level of risk aversion in the economy. In this regard, the theoretical foundation supports the 

development of models that allow risk premia to change over time with economic conditions. 
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2.3.2 The Empirical Evidence of Recession Predictability  

In addition to the previous paper, Henkel et al. (2011) provide empirical evidence for time-

varying risk premia linked to business cycle phases in their paper "Time-Varying Short-

Horizon Predictability." Specifically, they investigate whether return predictability varies 

systematically with the business cycle and whether this variation can be explained by changes 

in risk premia. 

The paper explicitly summarizes” the dividend yield and commonly used term structure 

variables are effective predictors almost exclusively during recessions." (Henkel et al., 2011). 

They evaluate on this using data from 1953 to 2007 and find evidence of state-dependent 

predictability. Additionally, the research shows that traditional predictor variables such as 

dividend yield, term spread, and default spread have solid forecasting power during NBER-

dated recessions but little to no predictive power during expansions. 

To support this, their tests show that the out-of-sample forecasting power is most significant in 

recessions. Specifically, the results show that “in the US over the 1953–2007 period, the 

average 𝑅"!is about 15% during recessions yet less than 1% in expansions." (Henkel et al., 

2011). 

From an investor’s perspective, it suggests that one should not use static predictive models 

under different market conditions. Instead, they should recognize that the strength and 

reliability of return forecasts depend on the current state of the economy and allocate assets in 

regard to this. Henkel et al. conclude that “the business cycle is an important driver of these 

micromotives, and this leads us to re-examine predictability using a regime-switching vector 

autoregression (RSVAR) framework capable of matching the time-varying dynamics of 

predictors to the dynamics of expected returns" (Henkel et al., 2011). 

This leads to the investigation of regime-switching models as a tool for portfolio decisions. If 

predictability varies with business cycle phases, then models that recognize different regimes 

should produce better forecasts, portfolio allocation decisions and performance. 

 

2.4 Regime-Switching Framework 
2.4.1 The Hamilton Filter  

The framework for regime-switching models in time series analysis was established by 

Hamilton (1989) in "A New Approach to the Economic Analysis of Nonstationary Time Series 
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and the Business Cycle." Hamilton developed a Markov-switching model that allows time 

series to show different behavior in different regimes, with transitions between regimes 

governed by an unobserved Markov chain. 

He explains that the model treats economic time series as being generated by different 

probability distributions depending on the regime the economy is in. The transitions between 

regimes are determined by the probabilities of moving from one regime to another. In this 

regard, the probability of being in each regime at each point in time is derived from the 

observed data using a filtering algorithm which is known as the Hamilton filter. By using this 

approach, it allows to identify periods of expansion and contraction in economic activity 

without relying on predetermined procedures. 

Hamilton applies his method to U.S. GNP growth and finds "the best statistical estimates of 

which quarters were historically characterized by negative growth states for the U.S. economy 

are remarkably similar to NBER dating of business cycles, and could be used as an alternative 

objective algorithm for dating business cycles" (Hamilton, 1989). 

Today, the Hamilton filter has become a regular tool in macroeconomics and finance for 

identifying regime changes. It has relevance due to its ability to model the intuition that 

economic and financial variables behave differently during different states of the business 

cycle. Therefore, investors could explore the possibilities to incorporate this framework in asset 

allocation. 

2.4.2 Asset Allocation with Regime Switching  

Ang & Bekaert (2002) were among the first to apply regime-switching models to asset 

allocation decisions in their paper "International Asset Allocation with Regime Shifts." They 

investigate whether modeling regime shifts in return distributions can improve portfolio 

performance relative to static models. 

More precise, they motivate their approach by assuming "the effect of these asymmetric 

correlations on optimal portfolio choice, we need a dynamic asset allocation model that 

accommodates time-varying correlations and volatilities" (Ang & Bekaert, 2002). 

Ang & Bekaert develop a two-state regime model for international equity returns, where 

regimes differ in their mean returns, volatilities, and correlations. The model is estimated using 

maximum likelihood, and regime probabilities are computed using the Hamilton filter. 
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Portfolio weights are then determined by solving a dynamic optimization problem that accounts 

for the possibility of regime switches. 

In their research they emphasize that "international diversification is still valuable with regime 

changes and currency hedging imparts further benefit. The costs of ignoring the regimes are 

small for all-equity portfolios but increase when a conditionally risk-free asset can be held" 

(Ang & Bekaert, 2002). 

These findings suggest that regime-switching models are especially relevant when investors 

can shift between risky assets and safer assets. In particular, they find that “the high volatility 

regime mostly induces a switch toward the lower volatility assets, which are cash (if available), 

U.S. equity, and also German equity if available” (Ang & Bekaert, 2002). 

2.4.3 Regime-Dependent Asset Allocation  

Guidolin & Timmermann (2007) extend the regime-switching approach to asset allocation in 

"Asset Allocation under Multivariate Regime Switching". They study how portfolio allocations 

are affected when stock and bond returns follow a multivariate regime-switching process. Their 

model allows expected returns, volatilities, and correlations to vary across regimes. 

In relation to this, they find that “four separate regimes – characterized as crash, slow growth, 

bull and recovery states – are required to capture the joint distribution of stock and bond 

returns” (Guidolin & Timmermann, 2007). These regimes differ substantially in their risk-

return characteristics, which affects optimal portfolio allocation. 

Despite this finding, they demonstrate that regime-switching strategies still generate good 

economic gains relative to static strategies. The gains are derived from dynamic adjustments 

in equity, bond, and T-bill allocations in response to changing regime probabilities. 

At the end, they conclude that “out-of-sample forecasting experiments confirm the economic 

importance of accounting for the presence of regimes in asset returns” (Guidolin & 

Timmermann, 2007). 

Overall, the paper supports the use of regime-switching models in portfolio allocation, as they 

allow investors to account for changing return dynamics across states. 

 



 13 

2.5 Portfolio Implications of Regime-Switching Models 
2.5.1 Asset Allocation Under Model Uncertainty  

While the studies reviewed above document substantial benefits from regime-switching 

strategies, Tu (2010) introduces an important note in "Is Regime Switching in Stock Returns 

Important in Portfolio Decisions?" He examines whether the gains from regime-switching 

models remain economically important after accounting for parameter uncertainty and model 

uncertainty. Specifically, the paper “provides a Bayesian framework for making portfolio 

decisions that takes this regime switching into account, together with asset pricing model 

uncertainty and parameter uncertainty" (Tu, 2010). 

To address this concern, he develops a Bayesian framework that accounts for parameter 

uncertainty when constructing optimal portfolios. He compares the performance of portfolios 

based on regime-switching models with those based on simpler models that either ignore 

regimes or use robust estimation methods. 

The findings state that “the economic value of accounting for regimes is substantially 

independent of whether or not model and parameter uncertainties are incorporated…the 

certainty-equivalent losses associated with ignoring regime switching are generally above 2% 

per year and can be as high as 10%” (Tu, 2010) 

Further, the results highlight an important trade-off in portfolio optimization where more 

complex models may fit the data better but also require estimating more parameters, leading to 

greater estimation error. This trade-off is particularly crucial for regime-switching models with 

multiple regimes and time-varying parameters. To this, Tu suggests that "the more realistic 

regime switching model is fundamentally different from the commonly used single-state model, 

and hence should be employed instead in portfolio decisions irrespective of concerns about 

model or parameter uncertainty” (Tu, 2010). 

Overall, Tu’s study strengthens the case for regime-switching models in portfolio allocation 

while emphasizing the importance of accounting for model and parameter uncertainty. 

2.5.2 Practical Application and Evidence  

Dal Pra, Guidolin, Pedio, and Vasile (2016) provide more recent evidence on the practical 

benefits of regime-switching models in the article "Do Regimes in Excess Stock Return 

Predictability Create Economic Value? An Out-of-Sample Portfolio Analysis". They focus on 

whether common valuation ratios can predict excess equity returns and generate economically 

meaningful portfolio performance out-of-sample. 
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The study is motivated by the possibility that predictive relationships may be unstable over 

time. They compare single-state linear models with Markov-switching models that allow the 

strength of return predictability to vary across regimes. In relation to this, they state “an 

interesting disconnect between a statistical perspective, whereby the ratios yield a modest 

forecasting power, and a portfolio approach, by which a moderate predictability is 

occasionally sufficient to yield significant portfolio outperformance, especially before 

transaction costs and when regimes are taken into account” (Dal Pra et al., 2016). 

Regime-switching models can create economic value, but the benefits depend on different 

factors such as the time horizon, risk aversion, transaction costs and more. In particular, the 

earnings-price ratio performs better than the dividend-price ratio in multiple scenarios, while 

transaction costs can reduce the performance advantage. To this, they conclude "MS forecast 

models turn out to be a useful tool to a long-term, highly risk-averse investor" (Dal Pra et al., 

2016). 

Overall, the paper suggests that regime-switching models can improve portfolio allocation, but 

mainly when predictability is persistent enough, transaction costs are manageable, and the 

investor has a long investment horizon. 

 

2.6 Machine Learning Benchmarks 

2.6.1 Machine Learning Intuition  

The recent developments within machine learning and artificial intelligence have introduced 

new approaches to return prediction and portfolio optimization and decisions. Gu, Kelly, and 

Xiu (2020) provide a comprehensive comparison of machine learning methods for stock return 

prediction in their article "Empirical Asset Pricing via Machine Learning." 

They highlight that machine learning methods are able to identify complex nonlinear 

relationships and interactions between predictor variables automatically, without requiring to 

specify the functional form in advance. This flexibility enables machine learning models to 

detect patterns in the data that may not be captured by traditional linear models. In this regard, 

they compare the performance of several machine learning methods, including regression trees, 

random forests, gradient boosted trees, and deep neural networks, with traditional linear 

regression models. The comparison uses a large set of firm characteristics and macroeconomic 

variables to predict individual stock returns in U.S. equity markets. 
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They find "machine learning offers an improved description of expected return behavior 

relative to traditional forecasting methods" (Gu et al., 2020). 

However, Gu, Kelly, and Xiu acknowledge important limitations of machine learning 

approaches. The models typically require very large datasets and significant computational 

resources. In addition, the “black box” nature of many machine learning methods makes it 

difficult to interpret the economic mechanisms underlying their predictions. Furthermore, 

despite the use of regularization techniques, these models may still be prone to overfitting. 

To conclude, the paper states that “the measurements do not tell us about economic 

mechanisms or equilibria" (Gu et al., 2020). 

Overall, the paper supports machine learning as a good benchmark for return prediction, while 

also showing why more interpretable models, such as regime-switching models, may remain 

useful when the goal is to understand how predictions vary across economic conditions. 

 

2.7 Partial Conclusion 
The literature review has examined the theoretical and empirical foundations for using 

macroeconomic variables and regime-switching models in portfolio allocation. Evidence on 

return predictability remains mixed, as some studies document weak out-of-sample 

performance, while others show that predictability may be stronger during certain economic 

states, especially recessions. It supports the relevance of regime-switching models, as they 

allow expected returns, volatilities, and correlations to vary across market conditions. 

Furthermore, the reviewed literature indicates that regime-switching models can improve 

allocation decisions relative to static models when regimes are sufficiently distinct and 

persistent, and when estimation uncertainty is properly addressed. However, the benefits are 

not unconditional, as they may depend on the investment horizon, investor risk aversion, 

transaction costs, and model specification. 

Finally, recent machine learning evidence shows that more flexible models can achieve strong 

predictive performance, but often at the cost of lower interpretability. This highlights the 

relevance of comparing regime-switching models not only with static benchmarks, but also 

with more complex machine learning approaches. Overall, there is limited evidence on whether 

identified regimes lead to economically meaningful improvements in portfolio performance 

relative to both static models and machine learning approaches. 
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3.0 Methodology 
In order to fully understand the scope of the project and the decisions made throughout the 

process, the methodology section explains how the data is processed and outlines the 

interpretations regarding the results. Its purpose is to ensure a solid foundation for 

interpretation and provide validity for the results. This is obtained by thoroughly explaining 

each decision made regarding the data selection, model choice, and portfolio construction. For 

visual support, the pipeline of the methodology is shown in the figure below: 

 

 

Figure 1: Empirical Pipeline 
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3.1 Data Collection & Processing 
In order to answer our problem formulation, various data must not only be obtained but 

carefully chosen. This applies both to the factors chosen for the model, the index which will be 

used as the dependent variable, and the timeframe for which all data must fit.  

Data Framework  

To secure the study’s reliability, we have restricted our data collecting to acknowledged and 

reliable sources. Therefore, the primary data are extracted from three main sources, being 

FactSet, Yahoo Finance, and FRED (Federal Reserve Bank of ST. LOUIS). In this regard, 

FactSet is used to obtain S&P500 total return and Yahoo Finance to obtain the three ETFs used 

in our portfolio, which respectively represents the cyclical, sensitive, and defensive sector. 

These indices will be further elaborated in section ‘3.3 Portfolio Construction’. It is 

acknowledged that there is a slight misalignment when the model is trained on S&P500 and 

the portfolios are constructed on three ETFs. However, this can be justified as the S&P500 

better reflects the economic state in the U.S. market while the ETFs allow for sector-specific 

dynamics.  

Note, that the ETFs are subcategories and used as proxies for the overall sectors in order to 

include dividends, which reflects the different dividend tendencies in the respective sectors. 

Lastly, FRED is used to obtain our independent macroeconomic variables: Consumer Price 

Index (CPI), Industrial Production (IP), Term Spread (TS), Federal Funds Effective Rate 

(FFER), and Economic Policy Uncertainty (EPU). 

Variables Selection  

S&P500 is chosen as the dependent variable as it represents the majority of the U.S. market by 

including the 500 largest companies in the U.S. which aligns with the study’s focus on the U.S. 

stock market (FactSet, 2026). To specify this further, the stocks are weighted by market 

capitalization, meaning larger companies account for more in the index. The index-prices are 

converted into log-returns as follows: 

𝑟" = ln(1 + 𝑅") = ln +
𝑃"
𝑃"#$

- 

Where 𝑃" is the asset price at time t, 𝑃"#$ is the asset price at time 𝑡 − 1, 𝑅" denotes the return, 

and 𝑟" denotes the logarithmic return. Converting the returns this way improves symmetry 

around the mean, which aligns the data for the use of Gaussian distributions in the Hidden 

Markov Model. 
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Figure 2: S&P500 Price & Returns 

The paper excludes several alternative indices as dependent variable for different reasons. First, 

Nasdaq-100 is omitted due to its exclusion of financial companies, resulting in a less 

representative market composition. Additionally, Russell 3000 is excluded because it includes 

large-, mid-, and small-cap stocks, whereas the ETFs only consist of large-cap companies. 

Finally, the MSCI World Index is not considered, as it includes non-U.S. companies, which 

are outside the geographical scope of this study (FactSet, 2026). 

The selection of independent variables is supported by the theoretical framework of Chen et al. 

(1986) and independent research. In this regard, the variables are chosen by their availability 

of timely data, relevance to asset pricing, and empirical evidence of explanatory power. Each 

variable captures a distinct dimension of macroeconomic conditions that influences expected 

returns. Below is a thorough explanation of how each variable is interpreted and how they 

contribute to the regime model. 

The Consumer Price Index (CPI) measures the average change in prices paid by consumers 

for a basket of goods and services, serving as the primary gauge of inflation. It influences stock 

returns by reducing the real value of future cash flows while also influencing the FED's 

monetary policy decisions, which affects the real interest rates and discount rates. High 

inflation regimes are typically associated with lower real returns and higher volatility, while 

moderate inflation environments support stable growth and deflation may indicate economic 
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weakness. Therefore, CPI allows the model to identify regimes characterized by different 

inflation dynamics and their implications for returns. 

The Industrial Production Index (IP) is used as a proxy for U.S. GDP, since it directly 

measures the physical output of manufacturing, mining, and utilities sectors. Specifically, this 

measure is chosen over GDP to match the monthly frequency of the other data and avoid using 

estimates for GDP. Declines in IP are one of the most reliable indicators of recession, as 

manufacturing activity tends to contract significantly during economic downturns. The NBER 

officially uses IP as one of the key indicators for dating business cycle peaks and troughs. In 

regime identification, IP distinguishes recession regimes marked by negative or weak IP 

growth from expansion regimes characterized by strong IP growth. Thus, the index captures 

the fundamental economic conditions that drive production. 

The Term Spread - T10Y3M (TS) is calculated as the difference between the 10-Year 

Treasury Constant Maturity Rate and the 3-Month Treasury Bill Rate. More specific, the spread 

measures the slope of the yield curve and reflects market expectations regarding future 

economic activity, inflation, and monetary policy. Following Fama and French (1989) and Ang 

& Bekaert (2002), the term spread is a well-established predictor of stock returns and business 

cycle conditions. A wide term spread typically signals expectations of stronger future economic 

growth and expansion, whereas a narrow or inverted term spread is often associated with 

slowing growth or recession risks, thus providing an indication of the future economic state. 

The Federal Funds Effective Rate (FFER) is the volume-weighted median of actual 

overnight lending rates between depository institutions, as opposed to the Federal Reserve's 

target rate. Rising effective rates may indicate that FED is tightening policy to prevent 

overheating, which could slow economic growth.  Furthermore, it influences all other interest 

rates in the economy through the transmission mechanism of monetary policy. Changes in 

FFER affect borrowing costs for firms and households, which influence investment and 

consumption decisions. Additionally, higher effective rates increase the discount rate applied 

to future cash flows, reducing equity valuations and signaling tighter financial conditions. 

Therefore, FFER helps identify regimes based on monetary policy stance and financial 

conditions. To elaborate on this, the actual effective rate is preferred over the target rate as it 

captures market-determined credit conditions better, especially during periods when the target 

range is wide or when market rates deviate from policy intentions. 
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The Economic Policy Uncertainty Index for U.S. (EPU) quantifies uncertainty about 

economic policy by analyzing the frequency of news articles discussing policy uncertainty. 

Baker, Bloom, and Davis (2016) demonstrate that policy uncertainty spikes during elections, 

government shutdowns, financial crises, and major policy debates. High policy uncertainty 

causes firms to delay investment and hiring decisions, resulting in possible lower production 

and economic slowdowns. Hence, the EPU variable enables the regime model to identify 

regimes characterized by heightened uncertainty. 

Transformation & Testing  

To establish a streamlined data frame, all data is collected at the same frequency, which in this 

study is monthly. This frequency represents a balance between capturing relevant changes in 

economic conditions, while also avoiding excessive noise in the data (Hamilton, 1989). A 

lower frequency would erode our sample size for estimation and possibly miss important 

regime transitions. As opposed to this, a higher frequency introduces the use of macroeconomic 

estimates rather than actual measures, which would decrease the study's reliability. To capture 

the variety of business cycles and ensure model accuracy, the sample size spans over 37 years, 

specifically from February 1988 to December 2024. The sample is then split into train and test 

periods to ensure out-of-sample validation. A roughly 45/55-split have been chosen, resulting 

in a train period of 17 years and test period of 20 years. By defining the split this way, we 

maintain focus on capturing different states across many years while reducing the risk of the 

performance being driven by short-term tendencies. Furthermore, to simulate a real-world 

scenario where investors gather new information over time, expanding window is introduced 

by continuously expanding the training sample from each month surpassing (Goyal & Welch, 

2008). Before determining the portfolio allocation for month 𝑡, the model is estimated using 

only information available up to month 𝑡 − 1. The most recent filtered regime signal from the 

estimation window is applied to the portfolio allocation in month 𝑡. By using an expanding-

window framework, the analysis avoids look-ahead bias and ensures that the performance 

evaluation more closely reflects a realistic out-of-sample implementation. 

The selection of the variables for the study is confirmed by conducting a correlation analysis 

to show the relationships among the variables. We acknowledge that high correlations (>0.7) 

would indicate potential multicollinearity problems that could worsen parameter estimates. To 

further support the correlation, the Variance Inflation Factors (VIF) test is conducted, which is 

calculated for each variable. The consensus is that values above 10 suggest multicollinearity 

that should be addressed (Wooldridge, 2020). 
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Each of the macroeconomic variables is transformed and tested for stationarity using the 

Augmented Dickey-Fuller (ADF) test (Dickey & Fuller, 1979). The ADF test evaluates 

whether a time series has a unit root, which would indicate non-stationarity. It is important that 

variables are stationary as non-stationarity can lead to misleading correlations and unreliable 

parameter estimates. From a quantitative perspective, it means that we assume the mean is 

constant, the variance is finite and constant, and the autocorrelation only depends on lags while 

time being irrelevant. This becomes relevant as macroeconomic variables often trend over time, 

meaning that two variables may appear correlated because they move together over time, but 

actually have no meaningful economic relationship. 

All macroeconomic variables are lagged by one or two months to ensure portfolio allocation 

decisions in month 𝑡 are based on information available at the end of month 𝑡 − 1. Specifically, 

FFER, TS, and EPU are lagged by one month, and CPI and IP are lagged by two months (Goyal 

& Welch, 2008). This lag structure accounts for the information availability of macroeconomic 

statistics. Thus, the conservative approach to timing ensures that the back-test does not benefit 

from look-ahead bias. While it may slightly reduce the model's estimation accuracy, it provides 

a lower, yet more honest assessment of achievable real-world performance. 

 

3.2 Model Specification 
Reasoning for choosing Markov models  

The Hidden Markov Model has been chosen as the primary model for regime identification 

based on its proven ability to capture time-varying dynamics and its theoretical grounding. 

Hamilton (1989) introduced the Markov-switching framework to econometrics, adapting the 

Hidden Markov Model to model time series data, that exhibit different behavior across 

unobserved states, with transitions between states determined by a Markov Chain. It should be 

stated that the defining characteristic of a Markov Chain is the Markov Property which is 

expressed as: 

𝑃( 𝑠" ∣∣ 𝑠"#$, 𝑠"#! 	… , 𝑠% ) = 𝑃(𝑠" ∣ s&#$) 

In simple terms, this means that the probability of the future state is dependent only on the 

current state, not all the past states. More specifically, the Hidden Markov Model consists of 

two main components: A probabilistic observable emission model and a latent state process. 
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In this study, the observable emission variable is the monthly S&P500 log returns. Conditional 

on the hidden regime state, returns are assumed to follow a regime-dependent normal 

distribution: 

𝑟"|𝑠" = 𝑘~	𝑁(𝜇' , 𝜎'!) 

Where, 𝑟" denotes the monthly S&P500 log return, 𝑠" denotes the hidden regime state at time 

𝑡, and 𝑘 ∈ {𝑅,𝑁, 𝐸} denotes a particular regime value, representing the recession, neutral and 

expansion states. Structuring the model this way, allows it to capture both changes in returns 

and changes in volatility across different market conditions. 

The latent regime state 𝑠" follows a first-order Markov Chain where the transition probabilities 

depend on lagged macroeconomic variables, enabling the model to capture changes in market 

conditions based on the economic environment: 

P(𝑠" = 𝑗	|	𝑠"#$ = 𝑖, 𝑋"#$) 

𝑤𝑖𝑡ℎ	𝑋"#$ = (𝐶𝑃𝐼"#!, 𝐼𝑃"#!, 𝐸𝑃𝑈"#$, 𝐹𝐹𝐸𝑅"#$, 𝑇𝑆"#$)	 

Where 𝑗 denotes a regime at time 𝑡, 𝑖 is the latest regime signal at time 𝑡 − 1, and 𝑋"#$ denotes 

the lagged macro variables. 

The model specifies three regimes to capture different environments, namely recession, neutral, 

and expansion. As Hidden Markov Model states are latent and unordered, the estimated states 

are labelled according to their return characteristics within the estimation window. To specify, 

the state with the lowest average return is labelled recession, the intermediate state neutral, and 

the highest-return state expansion. It is important to note, that the recession state does not 

follow official NBER dates but are rather indicate market stress. Furthermore, the regimes are 

estimated statistically and are not predefined. After estimation, regimes are economically 

interpreted based on their statistical properties, where regimes are ordered according to their 

mean returns: 

𝜇()*)++,-. < 𝜇/)0"123 < 𝜇4562.+,-. 

While more regimes could potentially capture more nuanced economic conditions, they would 

increase the parameter burden and risk overfitting. Oppositely, a two-state model may be too 

simple to distinguish important differences in macroeconomic environments. This leads to the 

three-state model that represents a reasonable balance between model complexity and 

interpretability. 
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The Hidden Markov model is motivated by economic theory and empirical evidence, such as 

Ang & Bekaert (2002) in which they distinguished between two regime states. Furthermore, 

this study follows Liu & Wang (2017), who use a three-state model for equity markets with 

bear, sidewalk, and bull regimes, demonstrating that financial markets often have intermediate 

states that differ from clear extremes. In other words, by adding a neutral or transition state, it 

allows the model to capture periods of modesty and mixed signals. 

Parameter Estimation Framework  

The Hidden Markov Model parameters are generally estimated using maximum likelihood 

from the Expectation-Maximization (EM) algorithm. Since the regime states are latent and not 

directly observed, standard maximum likelihood is not feasible, making the EM algorithm the 

rational choice for handling this missing data problem. In practice, the algorithm alternates 

between two steps: Expectation Step (E-step) and Maximization Step (M-step). 

In the E-step, given current parameter estimates, the Baum-Welch algorithm computes the 

conditional probability of being in a state at each period. The probabilities represent the most 

likely regime the economy is in at each point in time. 

In the M-step, the model parameters are updated to maximize the expected likelihood. For the 

emission model parameters, the specific mean and variance for each regime are updated using 

the state probabilities. For the transition probabilities, the formulas are based on the expected 

number of transitions between states, given the lagged macroeconomic variables. 

After convergence is reached, the final parameter estimations maximize the likelihood of the 

observed data given the model structure. Since EM estimation may be sensitive to starting 

values, a fixed random seed is applied to ensure reproducibility of the estimation. (Baum et al., 

1970). 

Real-Time Filtering  

In a practical implementation, investors do not have access to future data when making 

portfolio decisions. Regime identification therefore relies on filtered probabilities, which use 

information only available up to the current time, rather than smoothed probabilities that 

incorporate future observations. This can be written as: 

𝑃(𝑠"|ℱ") 

Where s& denotes the state at time 𝑡 and ℱ denotes the information set up until time 𝑡. 
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Filtered regime probabilities are computed using the forward recursion of the Hamilton filter, 

where 𝑠"#$ denotes the latest regime signal at time 𝑡 − 1, ℱ"#$ denotes the information set at 

time 𝑡 − 1. 

𝑃(𝑠"#$ ∣ ℱ"#$) 

The probabilities are calculated recursively using the formula below where the recursion 

updates the regime probabilities as new data arrives, combining the prior regime probabilities, 

the transition probabilities P(𝑠" = 𝑗	|	𝑠"#$ = 𝑖, 𝑋"#$) and the likelihood of the observed returns 

𝑓(𝑟" ∣ 𝑠" = 𝑗). 

𝑃(𝑠" = 𝑗 ∣ ℱ") =
𝑓( 𝑟" ∣∣ s& = 𝑗 ) · ∑ P(𝑠" = 𝑗	|	𝑠"#$ = 𝑖, 𝑋"#$), · 𝑃(𝑠"#$ ∣ ℱ"#$)
∑ 𝑓7 (𝑟"	|	s& = 𝑗) · ∑ P(𝑠" = 𝑗	|	𝑠"#$ = 𝑖, 𝑋"#$), · 𝑃(𝑠"#$ ∣ ℱ"#$)

 

Macroeconomic variables enter the regime transition equation with the respective lag for each 

variable to account for publication delays in macroeconomic data and prevent forward-looking 

information from affecting regime classification. 

Regime Confirmation and Persistence Criteria   

While the model may perform better with lenient or no criteria, it is not suitable for practical 

implementation due to highly frequent switches. To avoid false signals that would trigger 

unnecessary portfolio rebalancing and transaction costs, the study implements confirmation 

rules that require regimes to meet a certain persistence criterion before triggering allocation 

changes. A regime is accepted when a threshold is met and a regime change is only confirmed 

when accepted regimes have been persistent over a certain amount of time which is specified 

below (Ang & Bekaert, 2002). 

To elaborate, the threshold defines that the probability of the current regime must exceed 55% 

in order to be accepted. Thus, before labelling the period with one of the given states, the model 

ensures has high confidence in the regime classification, while still allowing for some 

uncertainty. However, the uncertainty is justified because it is recognized that the market is not 

fully efficient, and investors may behave irrationally in practice due to behavioral biases. 

Lower thresholds would result in more frequent switching based on marginal probability 

differences, while higher thresholds might delay recognition of legitimate regime changes. The 

threshold used in this paper is expressed as below: 

𝑠̂"
2**)6" = R𝑠̂"∅ ,

𝑖𝑓	𝑝",925 ≥ 0.55
𝑖𝑓	𝑝",925 < 0.55 
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Where 𝑠"
2**)6" denotes an accepted regime state, 𝑝",925 denotes the maximum probability 

among the possible regimes and ∅ denotes that no regime is accepted. 

In terms of persistence, the regime must persist for at least two consecutive months while also 

meeting the probability threshold before a regime change is confirmed. Hence, persistence 

reduces noise by filtering out short-term noise that do not represent true regime switches. The 

confirmation criterion is expressed as: 

𝑠̂"
*-.:,19); = Y

𝑠̂"
𝑆Z"#$
*-.:,19); ,

𝑖𝑓	𝑠̂" = 𝑠̂"#$ = ⋯ = 𝑠̂"#'<$
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

, 𝑘 = 2 

Where 𝑆Z"
*-.:,19); denotes a confirmed regime, 𝑠̂" denotes the current regime, 𝑠̂"#$ denotes the 

previous regime, 𝑘 denotes the number of regimes, and 𝑠̂"#'<$ denotes the regime observed 

in 𝑘 − 1 period prior to time 𝑡, representing the earliest observation within the 𝑘-period 

persistence window. 

This practical approach balances the responsiveness of regime detection against the need to 

avoid false signals. It implies that portfolio adjustments will lag regime switches by two months 

to await actual trend reversals. Although there is a risk of missing out on return, this lag should 

not significantly impact the model's ability to adjust allocations before regimes reverse as 

recessions and expansions normally persist for multiple quarters (NBER, 2026). 

Rebalancing Rationale  

Fixed frequency rebalancing is chosen instead of threshold-based rebalancing triggered by pre-

specified drift limits in order to ensure a transparent and practically implementable strategy. 

While drift-based rebalancing may reduce unnecessary trades, it requires continuous portfolio 

monitoring and adds more complexity to the model. In contrast, a fixed frequency reflects the 

typical portfolio management practice, allowing the portfolio to adjust regularly. 

The respective portfolio weights given the regime are rebalanced monthly, since this frequency 

shows realistic implementation regarding portfolio management, and balances transaction costs 

against changing market conditions. A more frequent rebalancing, such as daily or weekly, 

would cause excessive transaction costs and respond to market noise rather. On the contrary, a 

less frequent rebalancing, such as quarterly or semi-annually, could delay relevant portfolio 

adjustments and disregard important information. 
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The regime-dependent allocations can mathematically be defined as below, where 𝐶 denotes 

the cyclical sector, 𝑆 denotes the sensitive sector, and 𝐷 denotes the defensive sector. 

𝑠( = `	
𝐶
𝑆
𝐷
			
0.15
0.30
0.55

b , 𝑠/ = `
𝐶
𝑆
𝐷
			
0.25
0.50
0.25

b , 𝑠4 = `
𝐶
𝑆
𝐷
			
0.55
0.30
0.15

b 

Rebalancing is crucial to maintain the risk-adjusted position. In the event of a long-lasting 

regime state, asset class weights would be able to drift far from the desired weights, affecting 

the portfolio’s intended risk level if not rebalanced. The drifted weight of asset class 𝑎 at 

time 𝑡 is given the following formula: 

𝑤2,"
;1,:" =

𝑤2,"#$ · (1 + 𝑟2,")
1 + 𝑟6,"

 

Where 𝑤2,"
;1,:" denotes the drifted weights, 𝑤2,"#$ denotes the previous weights of each asset 

class, 𝑟2," denotes the return of each asset class, and 𝑟6," denotes the return of the portfolio. 

Although, the target weights do not require any calculation as it is simply defined by the pre-

determined weights of the respective regime states, it can still be converted to a mathematical 

expression as: 

𝑤,,"
"21=)" = 𝑤(𝑆,,") 

Where 𝑤2,"
"21=)"denotes the target weights and 𝑤(𝑆,,") denotes the respective weights of the 

given state. 

Rebalancing from drifted weights to regime-implied target weights generates portfolio 

turnover, which determines the magnitude of the transaction costs. In this regard, turnover is 

defined as the total absolute change in portfolio weights across the three asset categories: 

𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟 =gh𝑤2,"
"21=)" −𝑤2,"

;1,:"h
/

,>$

 

Where 𝑤2,"
"21=)" denotes the target weights and 𝑤2,"

;1,:" denotes the return adjusted weights. 

At the end of the performance period, all positions are liquidated, triggering a last charge of 

transaction costs which is done by setting target weight equal to zero, resulting in a full exit. 

Furthermore, transaction costs are assumed to be 0.25% per trade, reflecting realistic yet 

conservative private investor costs. To simplify the framework of the model, costs related to 
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the bid-ask spread are assumed to be incorporated into this percentage. This assumption ensures 

that the evaluation of the regime-based strategy incorporates the economic impact of trading 

activity and does not overstate performance by ignoring implementation costs (Dal Pra et al., 

2016). 

To sum up, turnover captures both adjustments resulting from regime changes and corrections 

of weight distortions caused by relative return differences across the sectors. Periods 

characterized by stable regimes and similar portfolio performance will generally result in low 

turnover, while sudden regime shifts or strong dispersion in returns may lead to larger portfolio 

adjustments and thereby higher transaction costs. By modeling these dynamics, the framework 

provides a realistic representation of how rebalancing frequency and the associated transaction 

costs may cause implementation frictions that affect the performance. 

 

3.3 Portfolio Construction 

As mentioned in section 3.1, the portfolios are constructed on defensive, cyclical and sensitive 

ETFs. These three EFTs are carefully chosen to accommodate both the timely data and the 

characteristics listed below. Furthermore, all indices consist only of U.S. large cap which 

makes it aligned with the S&P500 index. The ETFs are explicitly chosen over a handpicked 

selection of stocks to improve diversification, increase representation of the market, and 

eliminate survivorship bias. Below is a comprehensive specification of how each ETF 

contributes to the portfolio construction. 

The Cyclical Sector is approximated using the Consumer Cyclical ETF (XLY) and reflects 

industries whose performance is highly dependent on economic growth and consumer 

confidence. Compared to the other sectors, the cyclical sector is known as the most volatile 

sector with a beta greater than 1, indicating that it is highly sensitive to movements in the 

overall market and strongly correlated with the business cycle. This is due to the fact that the 

earnings within the firms of the sub-sectors are driven by economic growth, interest rates and 

consumer demand. While it may be considered a risky sector, it provides the foundation for 

high returns in times of expansion (Morningstar, 2026). 

The Sensitive Sector is approximated using the Technology ETF (XLK). This subsector 

captures industries that are influenced by macroeconomic conditions but are generally less 

directly dependent on consumer demand relative to cyclical industries. Compared to the 

cyclical and defensive sector, the sensitive sector has a beta close to 1, indicating moderate 
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sensitivity to overall market movements and business cycles. Therefore, the sector is often 

perceived as a good balance between high returns and low risk by combining the characteristics 

of the cyclical and defensive Sectors (Morningstar, 2026). 

The Defensive Sector is approximated using the Consumer Staples ETF (XLP), which reflects 

industries that provide essential goods and services with relatively stable demand across 

different phases of the business cycle. Compared to the cyclical sector, the defensive sector is 

generally considered less volatile, typically with a beta below 1, indicating lower sensitivity to 

overall market movements and business cycle changes. Thus, the defensive sector is often 

perceived as lower risk and provides lower but stable returns by acting as a portfolio stabilizer 

during periods of economic uncertainty or recession (Morningstar, 2026). 

Allocation Rationale  

A key choice of this study is the use of fixed regime-dependent sector weights rather than 

optimized weights. This is an important decision, as it considers parameter uncertainty and 

estimation risk, which are crucial in regime-switching frameworks estimated on moderate 

sample sizes (Tu, 2010). To elaborate on this, regime-switching models estimate multiple sets 

of parameters, including regime-specific means, variances, correlations, and transition 

probabilities, which increases model complexity and make optimized weights sensitive to 

estimation error. In other words, the fixed regime-dependent weights ensures that the strategy 

remains interpretable and implementable while still allowing the portfolio to adjust 

systematically across macroeconomic environments. The portfolio weights across the three 

categories are adjusted based on the confirmed regime state. To specify, the allocation rules 

are chosen to reflect rational tilts based on the macroeconomic environment and the expected 

performance of each portfolio as shown below: 

Portfolio  Allocation Recession Neutral Expansion 

Cyclical 15.00% 25.00% 55.00% 

Sensitive 30.00% 50.00% 30.00% 

Defensive 55.00% 25.00% 15.00% 
Total 100.00% 100.00% 100.00% 

Table 1: Portfolio Allocations 

During confirmed recession regimes, the portfolio shifts defensively to accommodate 

expectation that economic slowdown will worsen cyclical earnings and investors possibly 

relocates capital to more safe and stable sectors. An overweight position in defensive stocks 
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could limit drawdowns during a recession, as these companies typically show more stable 

earnings that are less sensitive to different business cycles. The remaining allocated capital to 

sensitive and cyclical stocks is maintained to capture potential recovery rallies and to still have 

some growth exposure. 

In neutral regimes, the portfolio gets a balanced allocation that does not make any directional 

bet, since the model does not find a convincing direction. This approach reflects the uncertainty 

about the direction of the economy, and the state of the business cycle. When there are contrary 

macroeconomic signals, or a transition is taking place, an equal weighting across cyclical and 

defensive stocks provides diversification without excessive risk-taking in either portfolio. The 

sensitive sector is kept at 50%, to keep a neutral exposure until a new trend is identified. 

When expansion regimes are confirmed, the portfolio is aggressively allocated towards cyclical 

and sensitive stocks. This allocation reflects the expectations that economic growth will support 

earnings in the cyclical sector, which would increase risk exposure due to the higher beta. A 

small allocation in defensive stocks is still maintained to provide diversification and 

accommodate unexpected shocks. 

 

3.4 Performance Evaluation 

In order to assess whether regime-switching models produce economically meaningful 

improvements in portfolio performance, several performance metrics and benchmarks have 

been used to capture both absolute and relative returns. This is done by including traditional 

measures like annualized return, volatility and more practical evaluations like the impact of 

transaction costs and performance of alternative strategies. It should be stated that all results 

are measured using discrete returns and take transaction costs into account. 

Total Cumulative Return captures the pure performance during the holding period of 20 

years. In comparison to total simple return, cumulative returns take compounding into 

consideration, reflecting the “snow-ball effect”. It is calculated as below where 𝑅6,  denotes 

the total cumulative return, 𝑟9 denotes the monthly returns, and 𝑇 denotes the total number of 

periods: 

𝑅6 =i(1 + 𝑟9) − 1
?

">$
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This measure is included as a simple measure of how much return is generated throughout the 

holding period but does not consider the risk associated with the portfolio (Bacon, 2013). 

Annualized Return is the average annual return. More specifically, it is the geometric average 

return per year, as it is calculated as follows, where 𝑟6 denotes the annual return, and 𝑟̅9 denotes 

monthly returns: 

𝑟6 = (1 + 𝑟̅9)$! − 1 

It is used to identify the different models’ and benchmarks’ average yearly performance, 

allowing to compare results, and determine which one is superior. In comparison to total 

cumulative return, this measure provides a more generalized measurement by disregarding the 

relevance of the time span (Bacon, 2013). 

Annualized Volatility measures how much the portfolio’s returns fluctuate over a year on 

average. It is the standard deviation of annualized returns, expressed as a percentage, and is 

calculated as follows, where 𝜎9 denotes the monthly standard deviation. 

𝜎6 =	𝜎9 · 	√12 

In this study, the measure is used to quantify portfolio risk across the different models and 

benchmarks used in the study. Furthermore, it helps identify which portfolio is most volatile 

(Bacon, 2013). 

Annual Sharpe Ratio is a measure of risk-adjusted return, providing a simple interpretation 

of how well a portfolio performs relative to the risk taken. It is calculated as below where 𝑟6 

denotes the annual return, 𝑟: denotes the risk-free rate and 𝜎6 denotes the annual volatility. For 

the risk-free rate, the U.S. 3-month Treasury Bill rate has been used as a proxy: 

𝑆ℎ𝑎𝑟𝑝𝑒	𝑅𝑎𝑡𝑖𝑜 =
𝑟6 − 𝑟:
𝜎6

 

This measure is included to provide a single measurement for comparison with the alternative 

strategies and benchmarks. It is a key metric to evaluate the risk-adjusted performance by 

assessing the risk-reward relationship instead of solely focusing on which portfolio produces 

most return or which portfolio has the lowest risk (Sharpe, 1994). 

Max drawdown measures the largest peak-to-trough decline in the portfolio value over the 

20-year period. It quantifies the downside risk of the portfolios, when taking the different 
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methods into consideration, and shows the worst possible loss an investor would experience if 

they bought at the peak and sold at the bottom. It is calculated as follows where 𝑃+ is portfolio 

value at time 𝑠, and 𝑃" is portfolio value at time 𝑡. 

𝑀𝐷𝐷 = max
"∈(%,?)

p
max+∈(%,")𝑃+ − 𝑃"
max+∈(%,")𝑃+

q 

Including this allows to determine which model protects capital during market uncertainty, 

providing a worst-case scenario (Bacon, 2013). 

Total Transaction Costs show how much money is spend on rebalancing the portfolio. This 

is calculated by adding the initial transaction costs and the sum of transaction costs during the 

time period which is mathematically expressed as below where 𝑉% denotes Initial Capital, 𝑐 

denotes the transaction costs, 𝑉"#$ denotes the end-value of the previous period, 𝑟" denotes the 

return at time 𝑡, 𝑤,,"
"21=)" denotes the desired weights, and 𝑤,,"

;1,:" denotes the actual weights. 

𝑇𝐶?-"23 = 𝑉% · 𝑐 +gt𝑉"#$ · (1 + 𝑟") · tgh𝑤,,"
"21=)" −𝑤,,"

;1,:"h
/

,>$

u · 𝑐u
?

">$

 

This measure becomes relevant as we compare different strategies which generate different 

magnitudes of transactions costs. However, the measure is only used to calculate the transaction 

costs percentage which is elaborated below.  

Transaction Cost-Percentage of Total Cumulative Return further strengthen the ability to 

compare by making transaction costs a relative measure to return. In the formular below 

𝑇𝐶?-"23 denotes the Total Transaction Costs and 𝑅6 denotes the Total Cumulative Return: 

𝑇𝐶% =
𝑇𝐶?-"23
𝑅6

· 100 

A metric like this is important to include, as it evaluates whether the additional return generated 

by more frequent rebalancing outweighs the transaction costs incurred from those rebalances. 

Calmar Ratio is also a risk-adjusted metric, which measures the relationship between 

annualized return and maximum drawdown. It basically shows how much return an investment 

generates per unit of downside risk, where higher values indicate better risk-adjusted 

performance. It is calculated as follows, where 𝑟6 is annualized return, and |𝑀𝐷𝐷| is the 

absolute value of maximum drawdown. 
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𝐶𝑎𝑙𝑚𝑎𝑟	𝑅𝑎𝑡𝑖𝑜 =
𝑟6

|𝑀𝐷𝐷| 

The ratio helps identify which framework achieve strong returns while minimizing worst-case 

losses, ensuring that performance is not built on excessive risk-taking (Bacon, 2013). 

Benchmarks & Comparison  

An equal-weight portfolio is included as the primary benchmark, maintaining a constant 

allocation of 33.33% across each of the three subsectors with monthly rebalancing. This 

benchmark represents the most rational comparison for the regime-switching strategies, as it 

operates within the same asset universe, while removing any allocation decisions based on 

regime-states. Furthermore, it provides a neutral baseline that helps determine whether 

dynamic regime identification improves performance and justifies its complexity and 

transaction costs relative to a simple equal-weight allocation across the same subsectors. 

In order to not rely on only one approach of identifying regimes, a supervised machine learning 

model has been chosen to evaluate the Hidden Markov Model’s performance. Specifically, the 

Random Forest model has been selected as it is considered a classical machine learning 

approach, that can capture nonlinearities and interactions between variables. 

While both models are considered machine learning, they represent fundamentally different 

approaches. The Hidden Markov Model used in this study is an unsupervised method that 

identifies latent regimes from macroeconomic variables and observed return movements, 

without predetermined return labels. It aligns with literature on time-varying risk premia and 

regime-dependent return predictability, which suggests that the relationship between 

macroeconomic variables and expected returns changes across business-cycle states (Henkel et 

al., 2011). Oppositely, the Random Forest is a supervised ensemble method that directly learns 

the relationship between macroeconomic variables and returns through pattern recognition 

without imposing the theoretical structure found in the Hidden Markov Model (Gu, Kelly and 

Xiu, 2020). 

Random Forest works well for this comparison, because it can manage nonlinearities and 

variable interactions effectively through ensemble learning while performing well with datasets 

of a moderate size. It constructs an ensemble of decision trees, where each tree is trained on 

the bootstrap sample of the data and make classification decisions. The procedure is based on 

a random subset of predictor variables at each node split, with the final regime classification 

determined by the majority vote across all trees. Further, it provides interpretability through 
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feature importance measures enabling comparison of which macroeconomic variables are most 

important for allocation decisions. Additionally, its bootstrap aggregation and random feature 

selection reduces overfitting compared to single decision trees, making it a realistic benchmark. 

In this study, the Random Forest target variable is defined using return terciles within each 

expanding-window training sample. Observations are classified into three categories, where 

recession is characterized by the bottom tercile of returns, neutral is characterized by the middle 

tercile, and expansion by the top tercile. In relation to this, Random Forest learns to predict 

these categories based on macroeconomic predictors. Thus, the comparison evaluates whether 

theoretical regime identification improves portfolio performance relative to unconstrained 

machine learning approaches. 

Additionally, the S&P500 index has been chosen as another comparison, where it represents a 

buy-and-hold strategy. The index works well with the range of the three sector portfolios, 

which focuses only on large-cap U.S. stocks. Furthermore, the index consists of the largest 500 

publicly traded U.S. companies, providing a broad representation of the large-cap environment. 

It also provides a reliable indicator of the U.S. economic health, making it a rational choice for 

comparing investment strategies regarding macroeconomic regime shifts. Lastly, the S&P500 

is recognized as the most widely used benchmark for U.S. equity performance and is regularly 

used in research of return predictability and portfolio optimization, such as in Welch & Goyal, 

2008 and Campbell & Thompson, 2008. 

The three different sector portfolios have also been included in the performance overview. This 

is to show the relative performance to the Hidden Markov Model, the equal-weighted 

benchmark, S&P500 and Random Forest. Furthermore, the performance is visualized to show 

that our main model is a direct product of the three sector ETFs. 

To sum up, the equal-weight portfolio and Random Forest represent two sides, simplicity and 

complexity. In this regard the equal-weight portfolio shows simplicity through a constant-

weight strategy with minimal transaction costs and no model estimation. Oppositely, Random 

Forest represents complexity and flexibility through data-driven learning that captures complex 

patterns without any assumptions. The Hidden Markov Model is the middle ground, where it 

is more complex than passive investing but more economically interpretable than unrestricted 

supervised learning.  
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3.5 Robustness Tests 
In order to validate the result of the study, we conduct a robustness test to measure the 

sensitivity of the models in regard to different model specifications. The sensitivity of the 

results is evaluated by the performance measures given in the previous section while comparing 

the results to the baseline model. 

Portfolio performance is evaluated by changing the three different factors separately in which 

the purpose is to determine the model’s sensitivity to the parameter. The trade-off in more 

lenient criteria levels is both the transaction costs but also the risk of trading on false signals, 

which would cause losses or missing out on returns. Therefore, it is important to measure how 

sensitive the model is allowed to be, so it balances risk, trading costs and return. 

Probability Threshold  

The baseline model uses a probability threshold of 55% combined with a persistence 

requirement of two consecutive months for regime confirmation. To assess the sensitivity of 

results to these specifications, a higher threshold level of 65% is tested as it demands high 

confidence before triggering a regime change, thereby reducing false signals at the potential 

cost of delayed recognition of genuine regime transitions. However, a lower threshold level is 

not tested as it would result in too much uncertainty. 

Persistence Criteria  

Additionally, a shorter persistence requirement of one months is tested, as it enables faster 

regime confirmation, increasing the model’s ability to react to new economic information. 

However, this also increases the vulnerability to noise and short-term shocks which may cause 

inaccurate regime switches. In contrast, extending the persistence requirement to three months 

imposes stricter confirmation requirements, which makes it further resistant to false regime 

signals. This may diminish the model’s ability to react to actual trends shifts which may affect 

the long-term performance. 

Transactions Cost Percentage  

Last, the baseline specification assumes a proportional transaction cost of 0.25% on traded 

value. To evaluate the robustness of results to this assumption, the model is tested with a 0.50% 

in transaction costs. In this regard, a higher transaction cost rate of 0.50% represents 

unfavorable conditions for small investors who operates in illiquid markets, where bid-ask 

spreads are broader. 
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By examining performance with different transaction cost assumptions, the study identifies the 

sensitivity to transaction costs, which becomes relevant when discussing rebalance frequency. 

If the strategy continues to deliver acceptable risk-adjusted performance under the 0.50% cost 

scenario, the model provides evidence of practical viability across different types of investors 

and market conditions. 

 

3.6 Partial Conclusion 

To sum up, the methodology has established the framework used to examine whether macro-

based regime-switching models can improve portfolio allocation. The study applies a practical 

approach by combining macroeconomic regime identification, fixed regime-dependent 

portfolio weights, transaction costs, and relevant benchmarks. This makes it possible to 

evaluate the model not only statistically, but also from an investor’s perspective. 

In terms of the data, it consists of monthly U.S. financial and macroeconomic variables from 

1988 to 2024. The S&P500 is used as the dependent variable, while CPI, IP, TS, FFER, and 

EPU are included as independent macroeconomic variables. These variables are transformed, 

tested for stationarity, and lagged to ensure that the model only relies on information available 

at the time of allocation. Hence, it reduces the risk of look-ahead bias and strengthens the 

practical validity of the implementation. 

The Hidden Markov Model is chosen because it allows returns to be generated by different 

underlying regimes. By using a three-state structure of recession, neutral, and expansion, the 

model provides a balance between economic interpretation and model complexity. To make 

the model more realistic, regime classifications are based on filtered probabilities and 

confirmed through threshold and persistence rules before portfolio weights are adjusted. 

In regard to the portfolios, they are constructed using three different ETFs, representing 

cyclical, sensitive, and defensive sectors. Using these EFT’s, fixed regime-dependent weights 

are applied to reduce estimation uncertainty and improve transparency. Performance is 

evaluated using return, volatility, Sharpe ratio, maximum drawdown, Calmar ratio, and 

transaction costs percentage, while an equal-weight portfolio, the S&P500, and Random Forest 

serve as competing approaches. Finally, robustness tests are included to assess the sensitivity 

of specific implementation choices. By varying thresholds, persistence, and transaction costs, 

the methodology provides a solid foundation for evaluating whether the regime-switching 

approach remains economically meaningful under realistic assumptions. 
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4.0 Empirical Results 
The analysis is divided into the four following main sections: ‘Descriptive Statistics’, ‘Regime 

Identification’, ‘Performance Evaluation’, and ‘Robustness Validation’. 

A descriptive section is included to provide an overview of the data and its characteristics to 

improve transparency and show the nature of the data. From a quantitative perspective, tests 

are conducted on a 95%-confidence interval. The regime identification section will examine 

how the labelled regimes fit main economic events due the performance period which is crucial 

to determine how close the regime states are to reality. Next, the performance section analyses 

the results of the base model in comparison to alternative strategies. The purpose of this section 

is to examine the properties of the strategy and whether these properties make the additional 

complexity worth it. Last, a robustness section is conducted to test how certain parameters 

affect the performance under different criteria.   

Note, that empirical results may vary depending on the version of RStudio and packages. 

Therefore, see Appendix E for the explicit versions used in this study. 

 

4.1 Descriptive Statistics 

Stationarity 

In order to determine whether the chosen variables are usable, an ADF test is conducted to test 

for stationarity. It is important that variables are stationary over time as it ensures reliable 

statistical results and prevents misleading relationships. ADF assumes the following null- and 

alternative hypotheses: 

𝐻-:	𝑇𝑖𝑚𝑒	𝑠𝑒𝑟𝑖𝑒𝑠	𝑖𝑠	𝑛𝑜𝑛	𝑠𝑡𝑎𝑡𝑖𝑜𝑛𝑎𝑟𝑦 

𝐻$: 𝑇𝑖𝑚𝑒	𝑠𝑒𝑟𝑖𝑒𝑠	𝑖𝑠	𝑠𝑡𝑎𝑡𝑖𝑜𝑛𝑎𝑟𝑦 

The results below show significant p-values for all transformed, unlagged variables which 

indicate that all time-series are stationary, allowing for inclusion of the chosen variables. 

ADF Results CPI IP EPU FFER TS 

P-Value 0.01 0.01 0.01 0.01 0.03 

Interpretation Stationary Stationary Stationary Stationary Stationary 

Table 2: ADF Test 
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Multicollinearity 

It must be assessed whether the chosen variables show problematic multicollinearity that could 

worsen parameter estimates in the Hidden Markov Model. Generally, VIF values above 10 

indicate severe multicollinearity which requires changes. 

𝐻-:𝑀𝑢𝑙𝑡𝑖𝑐𝑜𝑙𝑙𝑖𝑛𝑎𝑟𝑖𝑡𝑦	𝑖𝑠	𝑝𝑟𝑒𝑠𝑒𝑛𝑡 

𝐻$:𝑀𝑢𝑙𝑡𝑖𝑐𝑜𝑙𝑙𝑖𝑛𝑎𝑟𝑖𝑡𝑦	𝑖𝑠	𝑛𝑜𝑡	𝑝𝑟𝑒𝑠𝑒𝑛𝑡 

Variable VIF Tolerance Interpretation 

CPI 1.09 0.92 No multicollinearity 

IP 1.19 0.84 No multicollinearity 

EPU 1.11 0.90 No multicollinearity 

FFER 1.11 0.90 No multicollinearity 

TS 1.02 0.98 No multicollinearity 
Table 3: Multicollinearity 

As can be seen in Table 3, all VIF values fall below 10, indicating non-significant 

multicollinearity between the variables. Furthermore, every variable shows tolerance values 

above 0.80, indicating that each variable is relatively independent and contributes information 

not captured by the others. The lack of multicollinearity ensures stable parameter estimates in 

the Hidden Markov Model, reducing estimation error and gives reliable regime classifications.  
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Correlation 

To assess the diversity of the chosen variables, a correlation matrix is conducted as shown 

below. This is conducted on the transformed, lagged variables to reflect the real-time 

relationship. 

Variable 

Correlation 
Return CPI IP EPU FFER TS 

Return 1 -0.03 0.06 -0.23 0.03 -0.07 

CPI -0.03 1 0.20 0.01 0.12 -0.08 

IP 0.06 0.20 1 -0.02 0.18 0.04 

EPU -0.23 0.01 -0.02 1 -0.14 -0.04 

FFER 0.03 0.12 0.18 -0.14 1 -0.07 

TS -0.07 -0.08 0.04 -0.04 -0.07 1 

Table 4: Correlation Matrix 

All correlations between the variables exist in a range of -0.23 to 0.20, which indicates high 

independence. Given by the low level of correlation, it ensures that each macroeconomic 

variable contributes information to the regime identification process. EPU shows the strongest 

negative correlation with returns at -0.23, suggesting higher uncertainty tends to coincide with 

negative market performance. This relationship highlights EPU's role as a risk sentiment 

indicator that captures investor aversion during periods of political instability. 

The positive correlation of 0.20 between CPI and IP suggests procyclical inflation dynamics, 

where price pressures tend to be present in periods of strong economic activity. Despite these 

individual relationships, most macro variables show weak correlations with returns, supporting 

the need for multivariate regime-switching models that can capture nonlinear state-dependent 

relationships rather than relying on simple linear relationships. 

Return Distribution  

To further examine the statistical properties of the dependent variable, the distribution of 

S&P500 log returns is analyzed. Understanding the shape of the return distribution is important, 

as many models rely on the assumption of normality.  
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Figure 3: Return Distribution & QQ Plot 

Figure 3 illustrates the histogram of monthly log returns along with a kernel density curve to 

provide visual clarity where the distribution shows deviations from normality. Specifically, the 

skewness is estimated at -0.718, indicating a left-skewed distribution where negative return 

shocks occur more frequently than extreme positive returns. 

In addition, the kurtosis is measured at 4.414, equivalent to an excess kurtosis of 1.414. This 

indicates a leptokurtic distribution characterized by fat tails and a higher peak. This implies 

that extreme return scenarios occur more frequently than predicted by a normal distribution. 

This is in line with previous empirical findings in financial markets and shows the presence of 

tail risk (Cont, 2001). 

The combination of negative skewness and excess kurtosis shows that equity returns are not 

well described by a single Gaussian distribution. Instead, the observed distribution suggests 

that returns come from different underlying processes. This is aligned with the framework of 

regime-switching models, where returns are assumed to follow distinct distributions depending 

on the macroeconomic environment. 

From an economic perspective, the left tail of the distributions is likely associated with stress 

periods characterized by higher uncertainty and negative returns, while the right tail reflects 

expansion environments with stronger market performance, and the central mass of the 
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distribution captures more stable, neutral periods. As returns and volatility changes across 

business cycles, the interpretation supports that equity markets show state-dependent 

dynamics. 

Hidden Markov Model State Characteristics  

An overview of the state characteristics is provided to show what the Hidden Markov Model 

has learned, and how it defines each regime state. To further specify, the table does not show 

the actual monthly return for each regime state but statistical properties. In other words, the 

table below reflects the model’s regime characteristics based on information available up to 

time 𝑡 − 1, rather than realized returns at time 𝑡. 

Regime State  Monthly Mean Monthly Std. Dev. Interpretation 

Recession -4.37% 2.93% Negative average return and high volatility 

Neutral 1.35% 1.57% Low average return and steady volatility 

Expansion 2.86% 2.06% High average return and high volatility 

Table 5: State Characteristics 

Recession regimes are characterized by negative average returns, averaging -4.37% monthly, 

while also containing higher volatility reflected in a monthly standard deviation of 2.93%. The 

negative mean return and high variance reflect both the losses during economic contractions 

and the heightened uncertainty that appear in these periods. In these scenarios, a defensive tilt 

is preferred to limit portfolio drawdowns and minimize losses. 

Neutral regimes show a modest positive return of 1.35%, while also having the lowest volatility 

with a standard deviation of 1.57%. This state often reflects transitional environments with 

mixed macroeconomic signals, where neither expansion nor contraction is clear. Additionally, 

the combination of low returns and low volatility suggests a risk-profile that justifies a balanced 

portfolio with no strong tilts in allocation. 

Expansion regimes deliver the strongest average returns at 2.86% monthly with a moderate to 

high volatility of 2.06% in standard deviation, indicating economic growth conditions where 

allocation to cyclical is typically preferred.  

Given the above, the clear difference in mean returns across the three regimes validates the 

regime-switching framework and points to economically meaningful state-dependent dynamics 

that static models cannot capture. 
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Transition & Persistence Matrix  

In addition to examining the regime state characteristics, the transition and persistence 

probabilities is a major component to the Hidden Markov Model. In the table below, the 

transition probabilities are shown where the diagonal represents the persistence probabilities. 

Probabilities Matrix To Recession To Neutral To Expansion 

From Recession 11.88% 8.58% 81.50% 

From Neutral 1.90% 12.35% 86.75% 

From Expansion 62.69% 26.99% 8.39% 

Table 6: Probability Matrix 

Recession regime is characterized by a relatively low degree of persistence, with only an 

11.88% probability of remaining in recession in the following period. However, the probability 

of transitioning directly into expansion is high with an 81.50% probability, while the 

probability of moving into a neutral state is relatively low with an 8.58% probability. This 

implies that periods with highly negative returns are typically short-lived and are possibly 

followed by a rebound. 

Neutral regimes have an almost identical persistence probability of 12.35% compared to the 

recession regime. The most likely outcome is a transition into expansion, with a probability of 

86.75%, whereas the probability of moving into recession is relatively low with a probability 

of 1.90%. This indicates that the neutral state primarily functions as a transitional phase, where 

the economy tends to shift toward stronger growth conditions. In other words, the neutral 

regime state represents a period of support where expectations are approved before moving 

towards the expansion regime. 

Expansion regime has the lowest persistence among the three states, with an 8.39% probability, 

indicating short spikes of growth. Furthermore, the probability of transitioning into a recession 

is relatively high with a probability of 62.69% and the probability of transitioning into a neutral 

regime is moderate with a probability of 26.99%. This implies that expansions are also very 

short-lived like the recession regime and often followed by negative returns. However, 

compared the recession regime, the expansion regime has a higher probability of transitioning 

to the neutral regime which may reflect a scenario where positive information has fully been 

priced into the market. 



 42 

Overall, the transition table indicates low persistence across all regimes, implying frequent 

regime shifts. However, this is not an issue due to the persistence criteria because it converts 

noisy latent state probabilities into a more stable framework.  

While recession and neutral states tend to transition into expansion, the expansions themselves 

appear short-lived and prone to reverting to recession. These findings show the model’s 

interpretation of regime dynamics and how it responds to economic signals. In the figure below, 

the calculated probability over the full sample is shown. 

 

 

Figure 4: Regime Probabilities 

 

Random Forest Factor Importance  

Unlike the Hidden Markov Model, the Random Forest assigns importance scores to input 

factors based on how much they contribute to predicting regime states. In this regard, the 

Random Forest model provides factor importance metrics through Mean Decrease in Accuracy 

(MDA) and Mean Decrease in Gini (MDG). These metrics reveal which macroeconomic 

variables has most influence in predicting regime states. In simple terms, these metrics tell how 

much the model’s accuracy decrease when a factor is removed. 
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Coefficients Recession Neutral Expansion MDA MDG 

CPI_lag -0.18 -5.83 3.47 -1.44 61.93 

IP_lag -2.76 -5.71 6.55 -1.12 62.58 

EPU_lag 6.89 -1.55 11.20 9.46 67.70 

FFER_lag -0.87 -2.49 6.24 1.65 51.73 

TS_lag -1.61 -12.23 0.80 -8.84 57.35 
Table 7: Random Forest Factor Importance 

EPU exhibits the highest importance across both metrics, with an MDA of 9.46 and an MDG 

of 67.70, demonstrating an important role in identifying regimes. The EPU coefficients show 

strong positive values for both recession and expansion regimes, indicating that high EPU 

values in either direction help identify non-neutral states. In other words, elevated uncertainty 

during crises and economic expansions both acts as strong indicators of regime shifts. 

IP displays strong positive coefficients for expansion and negative coefficients for recession, 

confirming its role as a procyclical indicator. An MDG score of 62.58 indicates moderate-to-

high importance in the Random Forest classification. Additionally, an MDA score of -1.12 

suggest that the inclusion of this factor might hurt the model slightly. 

TS displays a particularly strong negative coefficient for neutral regimes, suggesting yield 

curve dynamics are most informative during transitional economic periods. This finding aligns 

with the theoretical role of the term spread as a leading indicator, where flattening or inversion 

precedes recessions while steepening indicates recoveries. With an MDA score of -8.84 and a 

lower MDG score of 57.35, this is supported. 

While CPI and FFER show lower MDA values at -1.44 and 1.65 respectively, their MDG 

scores of 61.93 and 51.73 indicate they still contribute meaningfully to regime classification. 

CPI shows weak negative coefficients for recession and neutral regimes but a positive 

coefficient for expansion, suggesting inflation tends to be higher during periods of economic 

growth. Similarly, FFER shows negative values for recession and neutral but a stronger positive 

coefficient for expansion, indicating that higher interest rates are associated with expansionary 

conditions, reflecting tightening during periods of high economic activity. 
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Model Comparison  

The confusion matrix compares the predicted states of the Random Forest model with the 

Hidden Markov Model during the out-of-sample test period. Since both models are predicting 

the regime states independently, this matrix measures the rate of disagreement between the two 

models rather than the predictive accuracy. Note, that the 453 observations are divided into 

three due to the return terciles, resulting in respective state classifications of 151. 

Regime State 
HMM 

Recession 

HMM 

Neutral 

HMM 

Expansion 

Disagreement 

Rate 

RF 

Recession 
65 49 37 56.95% 

RF 

Neutral 
54 44 53 70.86% 

RF 

Expansion 
45 47 59 60.93% 

Table 8: Confusion Matrix 

The recession regime has the lowest disagreement rate of 56.95% with 65 regime states 

confirmed as recession by the Hidden Markov Model. Out of 151 regime classifications, 86 

periods are classified by Hidden Markov Model as either neutral or expansion, respectively 

with 49 periods and 37 periods.  

The neutral regime has the highest disagreement rate of 70.86%. In comparison to the Random 

Forest model, only 44 periods are also identified as neutral by the Hidden Markov Model. The 

remaining 107 periods are distributed relatively evenly between recession and expansion 

according to Hidden Markov Model classifications.  

The expansion regime shows a disagreement rate of 60.93%, with 59 regime states confirmed 

by the Hidden Markov Model. As in the neutral regime, the remaining periods are almost 

evenly distributed among the recession and neutral regime states. 

The limited agreement across all three regimes reflects the fact that the Hidden Markov Model 

identifies regimes through unsupervised learning on latent states with transition dynamics, 

while the Random Forest directly learns which macroeconomic conditions precedes high, 

medium, or low returns through supervised learning. These different approaches produce 
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different regime timing, making the confusion matrix a measure of the different approaches in 

regime identification rather than model error. 

4.2 Regime Identification 
As a continuation of descriptive statistics for Hidden Markov Model and Random Forest, the 

following analysis evaluates how well they identify regime states during major economic 

episodes from 2005 to 2024. This assessment compares the model classifications with 

economic events to evaluate whether the regimes are economically interpretable in real time. 

In Figure 5, the confirmed Hidden Markov regime States and the confirmed Random Forest 

regime states is shown. As labeled, the color red indicates a recession-regime, the color green 

indicates an expansion-regime, and grey indicates a neutral-regime. Additionally, NBER has 

been added as an overlay, represented by the blue color, to show confirmed recessions by an 

actual governmental institution. 

 
Figure 5: HMM & RF Confirmed Regimes 

To determine how well the different approaches has identified regimes, they are compared to 

major events and business cycles. Labelled regimes are drawn from the figures above or the 

specific regime timetable in “Appendix B” and “Appendix C”, along different papers. 
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Global Financial Crisis (2008-2009)  

The Hidden Markov Model identified a strong and persistent recession regime throughout the 

global financial crisis in 2008-2009, capturing the economic downturn in this period. A 

recession regime was identified in April 2008 and maintained this classification through 

October 2009, showing its ability to detect and persist through longer periods of economic 

stress. Similarly, the Random Forest model identifies the recession-classification with minor 

deviations. Overall, both models demonstrate good performance during this event, accurately 

reflecting the severe global recession. The similarities between the model classifications and 

actual economic conditions during the stress validates the regime-switching framework and its 

ability to identify downturns (Claessens et al., 2010) (Chen et al., 2019). 

Post-Crisis Recovery (2010-2017)  

Following the global financial crisis showed a more difficult environment for regime 

identification, characterized by an uneven and long recovery. The Hidden Markov Model 

exhibits more frequent regime switching during this period, alternating between neutral, 

recession, and short expansion states instead of identifying a sustained expansion regime over 

longer periods. In this regard, frequent switching reflects the model’s sensitivity to mixed 

macroeconomic signals that defined the fragile post-crisis recovery. Similarly, the Random 

Forest model displays behavior but deviates by having less frequent transitions and longer 

expansion periods (Chen et al., 2019). 

Late-Cycle Slowdown (2018-2019)  

Spanning over two years, the late-cycle period, characterized by market corrections and growth 

concerns but no actual technical recession, showed how the Hidden Markov Model is sensitive 

to short-term market stress. It identified a 4-month expansion period from November 2018 to 

February 2019, followed by a short 2-month recession from March to April 2019, before 

transitioning into a 7-month neutral regime through November 2019. This suggests the Hidden 

Markov Model initially classified the recovery, following the late 2018 market correction, with 

an expansion classification but afterwards detects worsening conditions in early 2019 that 

triggers a recession regime. Likewise, the Random Forest model shows shifts in classification 

during this period, with alternating signals between expansion, recession, and neutral states. 

While the brief recession classification that both models capture does not align with a NBER 

recession, the fast regime transitions reflect the difficulty of differentiating between market 

volatility and economic worsening through geopolitical- and monetary policy uncertainty 

(IMF, 2019). 
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COVID-19 Recession (2020)  

Both models correctly detect the brief recession caused by the COVID-19 pandemic in 2020. 

The Hidden Markov Model identified a clear recession spike during May-July 2020, capturing 

the economic contraction caused by the global lockdowns. Although, this in line with the actual 

recession in March-April 2020, the Hidden Markov Model captures this later due to the lag in 

variables. Furthermore, the Random Forest model classified this period as recession, 

demonstrating that both approaches can successfully identify severe but brief economic shocks. 

Both models' ability to quickly enter and exit recession during this episode reflects acceptable 

responsiveness to quickly changing economic conditions (Wheelock, 2020). 

Post-COVID Recovery (2020-2021)  

Following the initial pandemic shock, both models transitioned to expansion regimes during 

the 2020-2021 recovery period, correctly identifying the rapid economic rebound driven by a 

looser monetary policy. The Hidden Markov Model showed an expansion classification 

throughout most of 2021, aligning well with the strong economic recovery characterized by 

high GDP growth and labor market improvement. Likewise, the Random Forest model 

demonstrated mostly expansion classifications with some neutral periods, indicating 

reasonable alignment with the economic reality of a recovery. This classification during the 

post-COVID recovery demonstrates that both models can successfully identify strong 

expansionary conditions when macroeconomic indicators simultaneously signal economic 

strength (Wheelock, 2020). 

Inflation Shock and Rate Hiking Cycle (2022)  

In 2022, a period characterized by elevated inflation, hawkish monetary policy and economic 

slowdown, mixed regime identification occurred. The Hidden Markov Model classified most 

of 2022 as recession, identifying a large recession regime that extended halfway through 2023.  

Even though this period was not classified as a recession by NBER, it captures the economic 

stress, monetary tightening conditions and growth concerns linked to the inflation shock and 

policy cycle.  Random Forest showed similar recession classifications during this period, 

suggesting both approaches interpret monetary policy tightening and elevated uncertainty as 

recessionary conditions. Thus, the 2022 period should not be interpreted as a misclassification, 

but rather as the two models’ ability to identify broader macroeconomic stress (Corsello et al., 

2026). 
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Recent Period (2023-2024)  

In the most recent period from 2023 to 2024 mixed regime classifications appear from both 

models, reflecting the continued economic uncertainty and debate about whether the economy 

achieved stabilization or merely delayed recession. The Hidden Markov Model shows 

alternating neutral and brief expansion regimes, indicating the model has not detected clear 

recessionary conditions despite elevated rates and periodic growth concerns. Similarly, 

Random Forest show mixed regime behavior with frequent transitions between states. These 

mixed classifications align with the uncertain environment where the economy has proven 

more resilient than most forecasts predicted, yet clear expansion has not been established. The 

frequent regime switching suggests both models are responding to conflicting signals in the 

macroeconomic data, which is appropriate given the actual uncertainty about whether current 

conditions represent continued expansion or a delayed downturn (Federal Reserve, 2024).

  

 

4.3 Portfolio Performance 
The portfolio performance evaluates whether the Hidden Markov Model (HMM) generate 

economically meaningful improvements in portfolio allocation relative to alternative strategies. 

To specify, this section presents a comprehensive analysis of the base model, Random Forest 

(RF), sector-specific portfolios, an equal-weighted (EW) portfolio, and the S&P500 

benchmark. Recall, performance is evaluated across multiple metrics, including cumulative 

returns, risk-adjusted returns, max drawdown, and transaction costs over the 20-year holding 

period from January 2005 to December 2024. Below Table 9 displays the performance metrics 

for all strategies. 

Portfolio Cum. Return Ann. Return Ann. Std. Dev. MDD Ann. Sharpe Ann. Calmar TC% 

Cyclical 825.76% 11.98% 19.18% 55.09% 0.61 0.22 0.32% 

Sensitive 1,492.02% 15.11% 18.09% 49.46% 0.79 0.31 0.29% 

Defensive 476.24% 9.31% 11.92% 28.12% 0.68 0.33 0.36% 

EW 895.05% 12.39% 14.75% 42.84% 0.76 0.29 0.74% 

HMM 784.87% 11.72% 14.57% 40.36% 0.73 0.29 2.55% 

RF 893.79% 12.39% 14.71% 37.62% 0.76 0.33 3.15% 

S&P500 632.98% 10.66% 15.07% 50.78% 0.65 0.21 0.33% 

Table 9: Portfolio Performance 
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Cumulative Return  

The Hidden Markov Model generated a cumulative return of 784.87%, underperforming both 

the Random Forest approach and the equal-weighted benchmark by approximately 110%. 

Lower cumulative return reflects the Hidden Markov Model's more conservative positioning 

during certain periods, especially its extended recession classifications during 2022-2023. 

However, Random Forest delivered a cumulative return of 893.79%, closely matching the 

equal-weighted portfolio at 895.05%. This near-identical performance suggests the Random 

Forest’s regime classifications resulted in sector allocations that balanced exposure over the 

full sample period.  

 

Figure 6: Performance Chart 

Regarding the sectors, the sensitive sector achieved the highest cumulative return of 

1,492.02%, translating to approximately 15x growth of initial capital. This performance reflects 

the sector's pure exposure to technology and growth-oriented industries that have been the main 

theme for investors during the holding period, particularly after 2020. In terms of the cyclical 

sector, it achieved cumulative returns of 825.76%, significantly outperforming the S&P500's 

632.98% despite higher volatility. Lastly, the defensive sector produced the lowest cumulative 

return of 476.24%, reflecting its conservative positioning and lower beta characteristics. While 

the regime-switching strategies did not achieve the absolute returns of the sensitive sector, they 

demonstrated their value through other metrics as elaborated below. 
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Annual Return  

The Hidden Markov Model strategy generated an annualized return of 11.72%, representing a 

0.67% underperformance relative to the equal-weighted benchmark. Both the Random Forest 

and equal-weighted strategies achieved identical annualized returns of 12.39%, outperforming 

the S&P500 by 1.73% annually. 

 

Figure 7: Portfolio Risk-Return Profile 

The cyclical sector delivered 11.98% annualized returns, while the defensive sector produced 

9.31% as the lowest among all strategies but with reduced volatility. Next, the sensitive sector 

portfolio delivered the highest annualized return at 15.11%, exceeding all other strategies. This 

greater return followed the sector's technology concentration and growth stock exposure during 

a period characterized by technology-focused investors. 

In regard to the annualized return comparison, it indicates that both regime-switching strategies 

successfully generated positive alpha relative to the U.S. market, though they did not match 

the concentrated sector exposures. The similar performance between Random Forest and equal-

weighted benchmark returns suggests that Random Forest’s regime classifications may have 

resulted in relatively balanced allocations over the holding period. 
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Annual Standard Deviation  

In terms of volatility, the Hidden Markov Model strategy demonstrated a standard deviation of 

14.57%, representing an 0.18% reduction relative to the equal-weighted benchmark which has 

a standard deviation of 14.75%. Likewise, Random Forest showed volatility of 14.71%, equal 

to a 0.04% reduction compared to the benchmark. Thus, both regime-switching strategies 

achieved some volatility reductions relative to the equal-weighted benchmark. For reference, 

the S&P500 has a volatility of 15.07%, establishing the baseline for broad market risk. 

 

Figure 8: Portfolio Volatility Ranking 

As shown above, the cyclical sector exhibited the highest volatility at 19.18%, reflecting its 

sensitivity to economic cycles and consumer discretionary spending patterns. Closely followed, 

the sensitive sector displayed volatility of 18.09%, slightly lower than cyclical despite its 

technology concentration, suggesting some diversification benefits. Oppositely the defensive 

sector achieved the lowest volatility at 11.92%, substantially lower than all other strategies, 

validating its role as a portfolio stabilizer during periods of market stress. 

To sum up, the volatility analysis demonstrates that regime-switching strategies slightly reduce 

volatility relative to the market. The Hidden Markov Model’s marginally lower volatility, 

compared to Random Forest, suggests its more conservative regime classifications during 

uncertain periods, where it provided incremental downside protection, though at the cost of 

lower absolute returns. 
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Maximum Draw Down (MDD)  

The Hidden Markov Model achieved a maximum drawdown of 40.36%, representing a 2.48% 

improvement relative to the equal-weighted benchmark which experienced a maximum 

drawdown of 42.84%, falling between the regime-switching strategies and the S&P500. It’s 

downside protection shows the model's ability to identify worsening economic conditions and 

shift allocations defensively during recession regimes. However, the Random Forest strategy 

delivered even stronger downside protection with a maximum drawdown of 37.62%, 

equivalent to a 5.22% improvement, which is the lowest among all strategies except from the 

defensive portfolio. Among the regime-switching strategies, this demonstrated economically 

meaningful improvements regarding drawdowns. 

 

Figure 9: Maximum Drawdown 

In terms of the sector portfolios, the defensive sector achieved the lowest maximum drawdown 

at 28.12%, validating its role as downside protection during market stress. On the contrary, the 

cyclical sector experienced the largest drawdown of 55.09%, exceeding the S&P500's 50.78% 

decline. Last, the sensitive sector experienced a maximum drawdown of 49.46%, marginally 

better than the S&P500 despite its higher returns. 

The drawdown analysis provides evidence that regime-switching strategies deliver 

economically meaningful risk management benefits. By dynamically adjusting sector 

exposures based on macroeconomic conditions, these approaches reduce the losses during 

market downturns while maintaining competitive returns during expansions. 
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Annual Sharpe Ratio  

The Hidden Markov Model recorded a Sharpe ratio of 0.73, which is an improvement over the 

S&P500’s Sharpe ratio of 0.65. While this risk-adjusted performance exceeded the market 

index, it underperformed the RF strategy by 0.03, reflecting the Hidden Markov Model ‘s lower 

absolute returns despite comparable volatility levels. Both the Random Forest strategy and the 

equal-weighted benchmark achieved Sharpe ratios of 0.76, substantially exceeding S&P500’s 

by 0.11, representing economically meaningful outperformance.  

In terms of the sectors, the sensitive sector achieved the highest Sharpe ratio at 0.79, reflecting 

its combination of high returns and moderate volatility. On the contrary, the defensive sector 

demonstrated a Sharpe ratio of 0.68, exceeding the S&P500 despite lower returns, reflecting 

the sector's ability to generate stable returns with minimal volatility. Furthermore, the cyclical 

sector portfolio achieved a Sharpe ratio of 0.61, which is the lowest among all strategies except 

the S&P500, indicating that its higher returns did not compensate for its elevated volatility. 

The evaluation of the different strategies’ Sharpe ratio demonstrates that regime-switching 

strategies successfully improved risk-adjusted returns relative to the market, which validates 

the Hidden Markov Model’s value as a dynamic allocation framework, although delivering 

lower risk-adjusted returns compared to Random Forest and the equal-weighted benchmark. 

Annual Calmar Ratio  

Regarding the Calmar ratio, the Hidden Markov Model achieved a ratio of 0.29, matching the 

equal-weighted benchmark and representing a 0.08 improvement over the S&P500. The 

Random Forest strategy and the sensitive sector both delivered Calmar ratios of 0.33 and 0.31 

respectively, outperforming the equal-weighted benchmark of 0.29. As observed, the Hidden 

Markov Model performs at par with the equal-weighted benchmark but underperforms relative 

to Random Forest. Thus, reflecting slightly worse ability to protect against drawdowns while 

also generating competitive returns. 

The defensive sector achieved the highest Calmar ratio at 0.33, along with the Random Forest 

model, reflecting its combination of moderate returns and minimal drawdown risk. Once again, 

the downside-adjusted performance validates the sector's role as a portfolio stabilizer during 

periods of economic stress. In comparison, the cyclical sector portfolio recorded the lowest 

ratio, which reflects the trade-off between its higher absolute returns and downside-adjusted 

perspective. 
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Thus, the Calmar ratio evaluation supports the conclusion that regime-switching strategies 

deliver similar or slightly better downside-adjusted returns. By dynamically shifting allocations 

based on macroeconomic conditions, these approaches reduced maximum drawdowns relative 

to static strategies, producing better risk-return profiles for capital preserving investors. 

Transaction Costs (TC)  

Transaction costs for sector-specific portfolios and the S&P500 remained minimal, ranging 

from 0.29% to 0.36% of total returns, reflecting only the costs associated with the initial 

investment and the final liquidation. As the primary benchmark, the equal-weighted portfolio 

experienced transaction costs of 0.74% due to monthly rebalancing to maintain equal sector 

weights. 

Regime-switching strategies incurred significantly higher transaction costs due to their 

dynamic reallocation across regimes. While Random Forest costs were at 3.15% of total 

returns, the Hidden Markov Model costs only reached 2.55%, where these costs reflect the 

model's regime transitions and monthly rebalancing requirements. The elevated costs resulted 

from more frequent regime transitions compared to the Hidden Markov Model approach, likely 

stemming from the Random Forest model's more sensitive regime classifications based on 

supervised learning patterns. Despite higher implementation costs, the Random Forest strategy 

still delivered higher net returns. 

While regime-switching approaches generate some improvements in downside protection, they 

require more frequent portfolio adjustments that create implementation frictions. Additionally, 

the persistence criteria implemented in both models assist in retaining lower transaction costs. 

 

4.4 Robustness Validation 

Robustness validation is conducted to evaluate whether the performance of the Hidden Markov 

Model is dependent on a specific combination of implementation criteria, or whether the results 

remain economically meaningful across alternative model specifications. It is important as 

regime-switching models are typically sensitive to how regime signals are translated into 

portfolio decisions. While the model may identify relevant regime probabilities, the 

performance also depends on the probability threshold, the persistence requirement, and the 

assumed transaction cost level. Therefore, robustness testing provides insight into whether the 

model’s performance is driven by actual regime information or by a favorable choice of 

parameters. 
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In regard to the above, three assumptions crucial to the practical implementation are tested. 

First, the probability threshold is changed from 55% to 65%, thereby requiring stronger model 

confidence before a regime is accepted. Second, the persistence requirement is varied between 

one, two, and three months, to determine if noise reduction or quick response significantly 

affect performance. Third, transaction costs are tested at both 0.25% and 0.50% of traded value 

to simulate smaller investment capital and larger bid-ask spreads. 

The purpose is to assess the sensitivity of the parameters and examine the trade-off between 

return, risk, drawdown protection, and implementation costs. In the table below, the baseline 

scenario is highlighted with the specifications of 55% threshold, two months persistence and 

0.25% transaction cost level. 

HMM Scenarios Cum. Return Ann. Return Ann. Std. Dev. MDD Ann. Sharpe Ann. Calmar TC% 

55%, 1, 0.25% 915.89% 12.51% 14.67% 44.85% 0.77 0.28 6.74% 

55%, 1, 0.50% 728.25% 11.35% 14.66% 45.93% 0.70 0.25 13.64% 

55%, 2, 0.25% 792.73% 11.77% 14.61% 40.36% 0.73 0.29 2.48% 

55%, 2, 0.50% 743.65% 11.45% 14.63% 40.51% 0.71 0.28 4.49% 

55%, 3, 0.25% 836.95% 12.05% 14.86% 45.02% 0.74 0.27 1.31% 

55%, 3, 0.50% 812.44% 11.90% 14.87% 45.16% 0.73 0.26 2.63% 

65%, 1, 0.25% 910.79% 12.48% 14.65% 43.09% 0.77 0.29 6.68% 

65%, 1, 0.50% 729.74% 11.36% 14.62% 44.04% 0.70 0.26 13.50% 

65%, 2, 0.25% 818.30% 11.94% 14.54% 40.36% 0.74 0.30 2.21% 

65%, 2, 0.50% 770.30% 11.63% 14.56% 40.51% 0.72 0.29 4.44% 

65%, 3, 0.25% 836.95% 12.05% 14.86% 45.02% 0.74 0.27 1.31% 

65%, 3, 0.50% 812.44% 11.90% 14.87% 45.16% 0.73 0.26 2.63% 

Table 10: Robustness Test Results 

Threshold Sensitivity  

The first robustness parameter is the probability threshold used to accept regime classifications. 

Recall, the baseline specification applies a 55% threshold, while the alternative specification 

increases this to 65%. In theory, a higher threshold should make the model more conservative, 

as it requires stronger confidence before a regime signal is accepted. While it may reduce the 

risk of reacting to weak or noisy signals, it may also delay the recognition of actual regime 
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changes. Therefore, the threshold represents a trade-off between confidence and 

responsiveness. 

Results show that increasing the threshold from 55% to 65% has relatively limited impact on 

performance. For the one-month persistence specification with transaction costs of 0.25%, 

cumulative return decreases only slightly from 915.89% to 910.79%, while the annualized 

return remains almost unchanged at 12.51% and 12.48%, respectively with an unchanged 

Sharpe ratio at 0.77. This indicates that the model is generally robust to the threshold choice, 

as increasing the threshold does not meaningfully reduce the strategy’s performance. 

A similar pattern appears under the two-month persistence specification. When transaction 

costs are at 0.25%, increasing the threshold from 55% to 65% improves cumulative return from 

792.73% to 818.30%, while the Sharpe ratio increases from 0.73 to 0.74. Maximum drawdown 

remains unchanged at 40.36%, while transaction costs decrease from 2.48% to 2.21%. This 

could suggest that the higher threshold removes some less reliable regime signals without 

reducing the strategy’s ability to protect against downside risk. In this case, the stricter 

threshold improves efficiency by lowering transaction costs and slightly increasing return. 

For the three-month persistence specification, the results are identical across the 55% and 65% 

thresholds. This indicates that once a regime must persist for three consecutive months, the 

threshold level becomes less relevant. In other words, the persistence filter already removes 

most short-term regime noise, meaning that a stricter probability threshold does not change the 

final allocation path. Thus, persistence requirements have a stronger practical effect than the 

exact probability threshold. 

Overall, the threshold analysis indicates that the model is not highly sensitive to the choice 

between 55% and 65%. This supports the robustness of the regime classification process, since 

portfolio performance does not rely on marginal probability differences around the threshold. 

From a practical perspective, this implies that the model’s allocation decisions are based on 

relatively clear regime signals rather than unstable classification probabilities. 

Persistence Sensitivity  

The persistence requirement has a more visible effect on performance compared to the 

threshold level. A one-month persistence requirement allows the portfolio to adjust almost 

immediately when the probability threshold is met, which increases responsiveness, but also 

increases the risk of trading on false signals. Oppositely, a three-month persistence requirement 
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creates a stricter confirmation process, reducing noise and transaction costs, but potentially 

delaying the portfolio’s response to actual changes in the economic environment. 

The one-month persistence specification generates the highest cumulative and annualized 

returns before considering the effect of transaction costs. With a 55% threshold and transaction 

costs of 0.25%, the strategy produces a cumulative return of 915.89% and an annualized return 

of 12.51%. With a 65% threshold and the same transaction cost assumption, the cumulative 

return is 910.79% and the annualized return is 12.48%. These are the highest return results in 

the robustness table and suggest that faster regime confirmation allows the model to capture 

return opportunities more quickly. 

However, this higher return comes at a cost as the one-month persistence specification also 

generates the highest transaction cost percentage. Under the 55% threshold and 0.25% cost 

assumption, transaction costs equal 6.74% of total return, while under the 0.50% transaction 

cost assumption, costs increase to 13.64%. The same pattern is observed for the 65% threshold, 

where transaction costs increase from 6.68% to 13.50%, confirming that a more responsive 

regime strategy requires more frequent rebalancing. While the increased responsiveness 

improves returns in several cases, it also creates larger implementation frictions. 

Next, the two-month persistence specification provides the strongest downside protection. 

Across both threshold levels, the maximum drawdown ranges from 40.36% to 40.51%, which 

is lower than both the one-month and three-month alternatives. This suggests that the two-

month confirmation rule provides a better balance between reacting to meaningful regime 

changes and avoiding short-term noise. The Calmar ratio supports this interpretation, where 

the highest ratio in the table is 0.30, which occurs under the 65% threshold, two-month 

persistence, and 0.25% transaction cost specification. Thus, the two-month specification 

produces the highest return relative to maximum drawdown. 

From a risk perspective, the two-month persistence rule does not produce the highest 

cumulative return, but it reduces the severity of drawdowns while maintaining competitive 

annualized returns. At the 65% threshold and 0.25% transaction cost level, the annualized 

return is 11.94%, the Sharpe ratio is 0.74, and the maximum drawdown is 40.36%. This 

combination suggests that the two-month filter improves the practical quality of the strategy 

by reducing downside risk without sacrificing too much return. For investors who evaluate 

performance not only by total return, but also by preserving invested capital during periods of 

economic stress, this is especially relevant. 
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Lastly, the three-month persistence specification produces the lowest transaction costs. For 

both threshold levels, transaction costs are only 1.31% under the 0.25% cost assumption and 

2.63% under the 0.50% cost assumption. This confirms that requiring three months of 

persistence significantly reduces turnover, as the portfolio changes allocation less frequently. 

Therefore, the three-month rule represents the most conservative implementation of the regime 

strategy as it avoids reacting to temporary signals and limits the effect of transaction costs. 

However, the three-month specification does not outperform in terms of risk-adjusted 

performance. Although cumulative returns remain strong at 836.95% under 0.25% transaction 

costs and 812.44% under 0.50% transaction costs, maximum drawdown is higher at 

approximately 45%. This indicates that the stricter confirmation rule may delay allocation 

changes when market conditions deteriorate. In such cases, the portfolio may remain positioned 

for the previous regime for too long, thereby missing part of the protective benefit of regime-

based allocation. Lower transaction costs are therefore achieved at the expense of slower 

adaptation. 

Overall, the persistence analysis reveals a clear trade-off, where on one side, a one-month 

persistence rule maximizes responsiveness and return potential, but it also increases turnover 

and transaction costs. On the other side, a three-month persistence rule minimizes transaction 

costs but may react too slowly to changing market conditions. Therefore, persistence is one of 

the most important implementation choices in the Hidden Markov Model framework. 

Transaction Cost Sensitivity  

Transaction costs represent a central practical concern for dynamic allocation strategies as a 

regime-switching strategy may generate higher gross returns than a buy-and-hold strategy. 

However, if it requires frequent rebalancing, the net performance may be reduced substantially. 

For this reason, testing the strategy under both 0.25% and 0.50% transaction costs is important 

for evaluating whether the model remains practically viable. 

Results indicate that transaction costs have the strongest effect when the persistence 

requirement is low. Under the one-month persistence specification, increasing transaction costs 

from 0.25% to 0.50% reduces cumulative return significantly. For the 55% threshold, 

cumulative return decrease from 915.89% to 728.25%. For the 65% threshold, cumulative 

return decrease from 910.79% to 729.74%, confirming that the more responsive the strategy is, 

the more sensitive it becomes to trading costs because it generates more frequent allocation 
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changes. Risk-adjusted performance also declines from 0.77 to 0.70 under both threshold 

levels, indicating that implementation costs reduce risk-adjusted performance. 

The effect of transaction costs is less severe under the two-month persistence specification. For 

the 55% threshold, cumulative return decreases from 792.73% to 743.65% when transaction 

costs increase from 0.25% to 0.50%. For the 65% threshold, cumulative return decreases from 

818.30% to 770.30% which is noticeable, but much smaller than under the one-month 

persistence rule. Furthermore, the Sharpe ratios also remain relatively stable, declining only 

from 0.73 to 0.71 under the 55% threshold and from 0.74 to 0.72 under the 65% threshold, 

suggesting that the two-month persistence filter reduces unnecessary turnover and makes the 

strategy more robust to higher implementation costs. 

The three-month persistence specification is least affected by higher transaction costs as 

cumulative return only declines from 836.95% to 812.44%, while the annualized return only 

decreases from 12.05% to 11.90%. It confirms that stricter persistence requirements reduce 

transaction cost sensitivity since fewer regime changes are confirmed and fewer trades are 

executed. 

An important insight from the transaction cost analysis is that the strategy remains 

economically meaningful even under the higher cost assumption. Across all 0.50% transaction 

cost scenarios, annualized returns remain above 11.35%, and Sharpe ratios remain between 

0.70 and 0.73. Although, it indicates that the positive performance is not purely a result of 

unrealistically low trading costs, the results also show that transaction costs cannot be ignored. 

The difference between 0.25% and 0.50% is especially important when the persistence 

requirement is only one month and impose a practical limit on how responsive the strategy 

should be. 

Without sufficient confirmation criteria, the model may react too frequently to short-term 

changes in regime probabilities, creating excessive turnover. By requiring regime signals to 

persist, the strategy avoids unnecessary trading, improves performance stability and supports 

the use of persistence rules. 

General Robustness  

Overall, the results indicate that the regime-based allocation strategy is reasonably robust 

across the tested assumptions. Across all specifications, annualized returns remain within a 

relatively narrow range between 11.35% and 12.51%, while annualized volatility remains 

stable around 14.54% to 14.87%. This stability suggests that changes in the implementation 
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criteria do not significantly alter the underlying risk exposure of the strategy. Instead, the main 

differences appear in cumulative return, maximum drawdown, and transaction costs, indicating 

that the robustness parameters primarily affect the frequency of rebalancing, rather than 

changing the general risk profile of the portfolio. 

 

Figure 10: Sharpe Ratio in Robustness Validation 

The annualized Sharpe ratios also remain relatively stable across the different specifications, 

ranging from 0.70 to 0.77 as it indicates that the strategy’s risk-adjusted performance is not 

dependent on one specific parameter. From a robustness perspective, this supports the practical 

relevance of the model, as the strategy does not collapse when tested under less favorable 

assumptions. 

 

4.5 Partial Conclusion 

Overall, the empirical results shows that the Hidden Markov Model provides economically 

meaningful insights for portfolio allocation, but mainly through improved risk management 

rather than higher absolute returns. The descriptive statistics support the use of the selected 

variables, as they are stationary, show no problematic multicollinearity, and contain relatively 

independent information. Furthermore, the negative skewness and excess kurtosis indicate that 

S&P500 returns are affected by extreme downside events more often than a normal distribution 
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would suggest. Thus, it supports the use of a regime-switching model, since returns appear to 

behave differently across changing market conditions. 

Regime identification shows that both the Hidden Markov Model and Random Forest capture 

major stress periods such as the Global Financial Crisis and the COVID-19 recession. 

However, the models struggle during unclear economic environments, such as the post-crisis 

recovery, the 2018-2019 slowdown, and the 2022 inflation and rate-hiking cycle. This indicates 

that the models are useful for identifying clear macroeconomic stress, but less precise when 

economic signals are mixed. 

From a performance perspective, both regime-switching strategies improve risk-adjusted 

returns relative to the S&P500 and reduce maximum drawdowns. Random Forest performs 

strongest overall, as it matches the equal-weighted benchmark in annualized return while 

providing better downside protection. However, the Hidden Markov Model is more 

conservative and produces lower returns while still improving risk-adjusted performance 

compared to the market. This suggests that the value of regime-switching is not primarily return 

maximization, but more portfolio stabilization. 

In relation to the above, the robustness analysis supports the conclusion. Results are relatively 

stable across different thresholds, persistence requirements, and transaction cost assumptions. 

In this regard, the threshold level has limited impact, while the persistence requirement and 

transaction costs are more important. However, the analysis show that the main result is driven 

by the combination of the three parameters and not solely on one. 
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5.0 Conclusion & Future Research 
After adapting practical implementation in the Hidden Markov Model and thoroughly 

analyzing the results, the problem formulation can now sufficiently be answered, which was 

stated as: 

Does a Hidden Markov Model applied to macroeconomic variables produce economically 

meaningful improvements in portfolio allocation relative to static benchmarks and a machine 

learning classification approach? 

Regime identification showed that the Hidden Markov Model was able to identify major 

macroeconomic events, particularly during major crisis periods such as the Global Financial 

Crisis and the COVID-19 recession. However, the model was less precise during periods with 

mixed macroeconomic signals, like recoveries after recessions. This indicates that the model is 

more useful for detecting clear stress environments than for perfectly timing all business cycle 

transitions. 

From a portfolio perspective, the regime-based strategy improved downside risk relative to 

passive and static benchmarks, which shows that the main value of the approach is its ability 

to adjust exposure during periods of increased uncertainty. By allocating more defensively in 

recession regimes and more aggressively in expansion regimes, the model creates a more 

adaptive portfolio structure than a static allocation. 

The comparison with the equal-weighted benchmark shows that the regime-based Hidden 

Markov Model does not clearly outperform a simple passive sector allocation. The equal-

weighted portfolio delivers stronger overall return performance and slightly better risk-adjusted 

results, while the Hidden Markov Model mainly contributes through lower downside risk and 

a modest lower risk-profile. In other words, the regime-based strategy provides some defensive 

value, but not enough to fully justify the added complexity and higher transaction costs 

compared to a simple equal-weighted portfolio. 

Random Forest provides a flexible machine learning approach and may capture more complex 

relationships in the data. Due to the increased complexity, it delivers better results across the 

majority of the performance measures. However, the Hidden Markov Model remains more 

interpretable because it explicitly identifies economically meaningful market regimes and 

provides probabilities of being in each regime. In contrast, Random Forest generates 

classifications through a large ensemble of decision trees, making the economic reasoning 
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behind individual classification less transparent. Therefore, Hidden Markov Model offers a 

practical middle ground between simple static allocation and more complex machine learning 

methods. 

Robustness analysis supports the overall conclusion as the results remain relatively stable 

across changes in probability thresholds, persistence requirements, and transaction cost 

assumptions. Furthermore, the tests show that the baseline model is most sensitivity to 

persistence requirements and transactions costs, while threshold only had a marginal effect. 

In conclusion, the Hidden Markov Model applied to macroeconomic factors can produce 

economically meaningful improvements in portfolio allocation when comparing it to the 

market, especially in terms of improving risk-adjusted performance and reducing drawdowns 

rather than delivering higher absolute returns. However, when compared to the equal-weighted 

benchmark, the Hidden Markov Model only slightly outperforms in terms of risk measures, but 

at the cost of reduced return in the long-term perspective. Therefore, the study does not suggest 

that regime-switching models can perfectly take advantage of macroeconomic movements but 

rather act as risk management frameworks. 
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Future Research 

While the study solely discussed the allocation of equities, future research could incorporate 

multiple asset classes such as bonds, commodities and alternative investments. This would 

allow for further diversification benefits and return-generating possibilities. Furthermore, 

expanding the geographical scope to include international markets, even more benefits could 

be achieved by pursuing cross-country opportunities, including possibly higher returns and 

better diversification. 

Another topic for future research is the incorporation of portfolio optimization. By 

implementing this, better and more dynamic allocation rules might be found, possibly enabling 

the model to outperform an equal-weighted benchmark. Additionally, this would allow 

investors with different risk tolerance to use the model.   
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7.0 Appendix 
Appendix A: Variable Notation 

Notation Description 

𝐻𝑀𝑀 Hidden Markov Model 

𝑅𝐹 Random Forest model 

𝐸𝑊 Equal-weighted portfolio benchmark 

𝑟! S&P500 log return at time 𝑡 

𝑅! S&P500 return at time 𝑡 

𝑃!  S&P500 price/index value at time 𝑡 

𝑠! Latent regime state at time 𝑡 

𝑠̂! Estimated regime at time 𝑡 

𝑖 Previous regime state 

𝑗 Current regime state 

𝑘 ∈ {𝑅,𝑁, 𝐸} Generic regime label 

𝑋! Vector of macroeconomic variables at time t 

𝐶𝑃I Consumer Price Index 

𝐼𝑃 Industrial Production Index 

𝑇S Term Spread (10Y Treasury – 3M Treasury Bill) 

𝐹𝐹𝐸R Federal Funds Effective Rate 

𝐸𝑃𝑈 Economic Policy Uncertainty Index 

𝐴𝐷𝐹 Augmented Dickey-Fuller 

𝑉𝐼𝐹 Variance Inflation Factor 

ℱ!  Information set available at time t 

𝜇"  Mean return in regime 𝑗 

𝜎#!
$  Variance in regime 𝑠 at time 𝑡 

𝜀! Error term / innovation term at time 𝑡 

𝐶 Cyclical sector allocation weight 

𝑆 Sensitive sector allocation weight 

𝐷 Defensive sector allocation weight 

𝑆% Recession state sector weight 
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Notation Description 

𝑆& Neutral state sector weight 

𝑆' Expansion state sector weight 

𝜔! Portfolio weight vector at time 𝑡 

𝜔	!
!)*+,! Target portfolio weights implied by the current regime 

𝜔!
-*./! Drifted portfolio weights after returns but before rebalancing 

𝑎 Asset class 

𝑋𝐿𝐾 Technology ETF (Sensitive Sector) 

𝑋𝐿𝑌 Consumer Cyclical ETF (Cyclical Sector) 

𝑋𝐿𝑃 Consumer Staples ETF (Defensive Sector) 

𝑅0 Total cumulative return of portfolio 

𝑟1 Monthly return of portfolio 

𝑟0 Annualized return of portfolio 

𝑟/ Risk-free rate 

𝜎0 Annual standard deviation of portfolio 

𝑀𝐷𝐷 Maximum drawdown 

𝑇𝐶23!)4  Total transaction costs 

𝑇𝐶% Transaction cost-percentage of total cumulative return 

𝑀𝐷𝐴 Mean Decrease in Accuracy 

𝑀𝐷𝐺 Mean Decrease in Gini 
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Appendix B: The Confirmed Hidden Markov Model Regimes States 

Regime State Start Date End Date Duration 

Neutral 01-04-2005 01-12-2006 21 

Expansion 01-01-2007 01-05-2007 5 

Neutral 01-06-2007 01-03-2008 10 

Recession 01-04-2008 01-10-2009 19 

Neutral 01-11-2009 01-07-2010 9 

Recession 01-08-2010 01-12-2010 5 

Neutral 01-01-2011 01-02-2011 2 

Expansion 01-03-2011 01-07-2011 5 

Neutral 01-08-2011 01-10-2011 3 

Recession 01-11-2011 01-01-2012 3 

Neutral 01-02-2012 01-03-2012 2 

Expansion 01-04-2012 01-05-2012 2 

Neutral 01-06-2012 01-07-2012 2 

Expansion 01-08-2012 01-03-2013 8 

Neutral 01-04-2013 01-05-2013 2 

Expansion 01-06-2013 01-07-2013 2 

Neutral 01-08-2013 01-11-2015 28 

Expansion 01-12-2015 01-01-2016 2 

Neutral 01-02-2016 01-10-2018 33 

Expansion 01-11-2018 01-02-2019 4 

Recession 01-03-2019 01-04-2019 2 

Neutral 01-05-2019 01-11-2019 7 

Expansion 01-12-2019 01-01-2020 2 

Neutral 01-02-2020 01-04-2020 3 

Recession 01-05-2020 01-07-2020 3 

Neutral 01-08-2020 01-12-2020 5 

Expansion 01-01-2021 01-12-2021 12 

Neutral 01-01-2022 01-05-2022 5 

Recession 01-06-2022 01-07-2023 14 

Expansion 01-08-2023 01-09-2023 2 

Neutral 01-10-2023 01-12-2024 14 
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Appendix C: The Confirmed Random Forest Regimes States 

Regime State Start Date End Date Duration 

Neutral 01-04-2005 01-05-2005 2 

Recession 01-06-2005 01-02-2006 9 

Neutral 01-03-2006 01-06-2007 16 

Expansion 01-07-2007 01-08-2007 2 

Recession 01-09-2007 01-05-2009 21 

Expansion 01-06-2009 01-07-2010 14 

Recession 01-08-2010 01-11-2010 4 

Expansion 01-11-2010 01-07-2011 8 

Recession 01-08-2011 01-01-2012 6 

Neutral 01-02-2012 01-03-2012 2 

Expansion 01-04-2012 01-06-2012 3 

Recession 01-07-2012 01-09-2012 3 

Neutral 01-10-2012 01-11-2013 14 

Expansion 01-12-2013 01-05-2014 6 

Neutral 01-06-2014 01-10-2015 17 

Recession 01-11-2015 01-06-2016 8 

Neutral 01-07-2016 01-04-2018 22 

Recession 01-05-2018 01-06-2018 2 

Neutral 01-07-2018 01-09-2018 3 

Expansion 01-10-2018 01-11-2019 14 

Neutral 01-12-2019 01-01-2020 2 

Expansion 01-02-2020 01-04-2020 3 

Recession 01-05-2020 01-06-2020 2 

Expansion 01-07-2020 01-11-2020 5 

Recession 01-12-2020 01-01-2021 2 

Expansion 01-02-2021 01-07-2021 6 

Neutral 01-08-2021 01-03-2022 8 

Recession 01-04-2022 01-12-2022 9 

Expansion 01-01-2023 01-06-2023 6 

Neutral 01-07-2023 01-08-2023 2 

Expansion 01-09-2023 01-10-2023 2 

Recession 01-11-2023 01-01-2024 3 

Expansion 01-02-2024 01-09-2024 8 

Neutral 01-10-2024 01-12-2024 2 
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Appendix D: Strategy Comparison - Growth of $1 
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Appendix E: Software Environment 

Component / Package Version 

R Version 4.5.3 

Release date 11-03-2026 

Platform Aarch64-apple-darwin20 

Operating system macOS Sequoia 15.7.3 

BLAS Apple Accelerate Framework 

LAPACK 3.12.1 

depmixS4 1.5-1 

randomForest 4.7-1.2 

PerformanceAnalytics 2.0.8 

quantmod 0.4.28 

xts 0.14.2 

zoo 1.8-15 

fredr 2.1.0 

ggplot2 4.0.2 

dplyr 1.2.0 

tidyr 1.3.2 

readxl 1.4.5 

tseries 0.10-60 

reshape2 1.4.5 

tis 1.39 

viridis 0.6.5 

gridExtra 2.3 

rpart 4.1.24 

rpart.plot 3.1.4 

plotly 4.12.0 

fredr 2.1.0 

 


