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Abstract

Renewable energy stocks are affected by investor sentiment and trading behavior, particularly during
changes in policy or market trends. This study applies a Principal Component Analysis—-Hidden
Markov Model (PCA-HMM) to examine how sentiment, trading volume, and momentum relate to
stock returns in the U.S. renewable energy market. The data include 36 listed companies from 2016
to 2025 across the solar, energy storage, and electric vehicle sectors. Principal Component Analysis
was used to extract main factors from market and macroeconomic variables, and the Hidden Markov
Model was used to identify hidden market states. The results show that stock returns react more to
sentiment than to trading volume or short-term momentum. In high-sentiment periods, both
volatility and return fluctuation increase, while low-sentiment periods show partial momentum
reversal. Compared with a single-state model, the PCA-HMM achieves a better fit and describes
time-varying relationships more accurately. These findings suggest that a state-based approach to
sentiment can help monitor market risk and support investment analysis in renewable energy
finance. Further research should include higher-frequency data and cross-market sentiment links to
enhance model reliability.

Keywords: renewable energy stocks; investor sentiment; trading volume; momentum effect;
principal component analysis; hidden Markov model; market state

1. Introduction

The global expansion of renewable energy investments has intensified academic and financial
interest in how investor sentiment and trading behavior shape stock performance in this rapidly
evolving sector [1]. Market sentiment—often extracted from financial news, media narratives, or
online discussions—has been shown to influence both short-term volatility and long-term return
dynamics of clean-energy equities [2]. Despite significant growth in green industries, the renewable-
energy market remains highly sensitive to external shocks, including policy revisions, raw material
price fluctuations, and supply-chain disruptions [3,4]. In the United States, large-scale capital flows
into solar power, battery storage, and electric-vehicle production have not consistently generated
stable returns, suggesting that investor psychology and expectation cycles may play a more decisive
role than fundamentals in shaping market outcomes [5]. Recent econometric and machine-learning
studies have turned to Hidden Markov Models (HMMs) to identify latent market regimes that
traditional linear frameworks fail to capture [6]. Simultaneously, Principal Component Analysis
(PCA) has been applied to extract orthogonal factors representing key market dimensions such as
sentiment, volume, and momentum [7,8]. Combining PCA with HMM:s enables the joint modeling of
structural and behavioral dimensions of financial markets, providing insight into state-dependent
interactions among variables [9]. Previous studies have used this hybrid approach to explore how
sentiment-driven dynamics contribute to regime shifts in stock markets [10]. However, empirical
applications in renewable-energy equities remain scarce, even though this sector’s volatility is often
driven by policy signals, climate targets, and technological innovation cycles [11]. One particularly
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relevant work demonstrated that a PCA-HMM framework can effectively reveal how market states
evolve in response to changes in sentiment, volume, and momentum [12]. Yet, its application to clean-
energy markets has not been systematically tested, leaving open questions about how these dynamics
differ from those observed in broader technology sectors. Despite growing attention, three major
research gaps persist. First, most prior analyses isolate sentiment, trading volume, or momentum
effects, lacking an integrated structure that allows these factors to vary across hidden market states
[13]. Second, the datasets used in previous studies often cover limited time spans or small sample
universes, reducing robustness in sectors characterized by policy volatility and strong cyclicality [14].
Third, many PCA-based analyses fail to connect factor loading variations with state transitions, even
though these loadings can shift substantially as market conditions evolve [15]. As a result, current
understanding of how behavioral drivers interact with latent market regimes in renewable-energy
equities remains incomplete.

The study investigates U.S. renewable-energy stocks spanning 2016-2025, including firms from
the solar, energy storage, and electric-vehicle industries. PCA is employed to extract core features
representing sentiment, trading activity, and price momentum, while an HMM framework identifies
hidden market states that capture nonlinear regime dynamics. The model allows the effect of
sentiment on stock returns to vary across states, distinguishing between expansionary, neutral, and
contractionary phases. By linking sector-specific sentiment with latent market regimes, the study tests
whether sentiment exhibits a stronger and more persistent impact on clean-energy stock returns
compared to volume or momentum and whether extreme states demonstrate short-term reversal
behavior. From a theoretical perspective, the research expands behavioral finance models by
integrating psychological and econometric dimensions under regime-switching dynamics. From an
applied standpoint, it provides quantitative evidence to guide investors and policymakers in
understanding sentiment-driven risks in sustainable equity markets and optimizing portfolio
strategies for renewable-energy assets.

2.Materials and Methods

2.1. Sample and Study Area Description

This study uses daily trading data from 36 listed companies in the U.S. renewable energy market.
The sample includes firms from solar, energy storage, and electric vehicle industries. The study
period is from January 2016 to March 2025. All data were obtained from Yahoo Finance, including
prices, trading volumes, and market indices. In addition, U.S. interest rates, crude oil prices, and the
industrial production index were collected to control for macroeconomic effects. Companies were
selected based on continuous trading records and a market value of more than 500 million U.S. dollars
to ensure data completeness. The sample covers both periods of rapid growth and market correction
in the renewable sector.

2.2. Experimental Design and Control Group

The study uses a state-based design with two groups of market conditions. The experimental
group contains the hidden states identified by the PCA-HMM model, which describe different
patterns of sentiment and trading activity. The control group is built with a standard linear regression
model that does not include hidden states. This setting allows comparison between a state-dependent
structure and a traditional single-regime model. The PCA-HMM assumes that sentiment and trading
volume influence returns in different ways under different market states. Both models were
estimated with the same dataset to keep conditions consistent and isolate the role of regime changes.

2.3. Measurement Methods and Quality Control

Investor sentiment was measured using a combined index that includes market volatility,
changes in trading volume, and short-term return reversal. All time series were checked for

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.2527.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 November 2025 d0i:10.20944/preprints202510.2527.v1

3 0of 6

stationarity with the Augmented Dickey—Fuller test. Non-stationary data were differenced until the
mean and variance became stable. Outliers were identified by the interquartile range method and
replaced with nearby average values when needed. Trading volume and momentum were
standardized into z-scores to make results comparable across variables. Data cleaning was done in
MATLAB R2022b and Python 3.11. To confirm accuracy, 10% of the data was randomly compared
with the original Yahoo Finance records before analysis.

2.4. Data Processing and Model Equations

Principal Component Analysis (PCA) was used to reduce data dimensions and extract the main
factors from sentiment, volume, and momentum variables. The number of components k was
determined by the cumulative variance ratio [16]:

k .
Var(k)=%zo.85

=17Y
where A; is the eigenvalue of the i™ component and p is the total number of variables.

After PCA, a Hidden Markov Model (HMM) was applied to identify market states. The transition
probability matrix A=[a;] was defined as [16]:

m
aPsls=), ) ay=1
=1
where s, is the hidden state at time t, and m is the total number of states.
For each state, a regression model was used to estimate the effect of sentiment, volume, and
momentum on returns [17]:

Ri=ouctB, Sty Vit By Mete,

where R; is the daily return, S; is sentiment, V, is volume, and M, is momentum. The
coefficients oy, B, B, B, Vvary by state k, allowing these effects to change across market conditions.

2.5. Statistical Analysis and Validation

The model parameters were estimated using the Expectation-Maximization algorithm based on
maximum likelihood. Model fit was checked with the Akaike Information Criterion (AIC) and log-
likelihood values. A smaller AIC indicates a better fit with fewer unnecessary parameters. A 70-30
split between training and testing samples was applied, and threefold cross-validation was used to
test prediction stability. Statistical significance was evaluated at the 5% level, and confidence intervals
were reported for the main coefficients. The results were compared with those of the control
regression model to verify whether the PCA-HMM could describe state-dependent changes in
investor behavior more clearly.

3. Results and Discussion

3.1. State-dependent effects of sentiment, volume, and momentum

The PCA-HMM identifies two to three latent market states that differ in return dispersion and
trading intensity. In states associated with high sentiment, the coefficient on the sentiment factor is
positive and larger than in other states, while the effects of volume and momentum are smaller. In
low-sentiment or stressed states, the sentiment coefficient weakens or turns insignificant, and short-
horizon momentum shows partial reversal. These patterns support the view that the impact of
investor mood on renewable-energy equities changes with market conditions rather than remaining
constant [18]. Fig. 1 provides a reference example of a PCA-based feature pipeline that is consistent
with our dimensionality reduction step (see caption for source).
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Figure 1. PCA-based feature extraction for renewable energy stock data before model fitting.

3.2. Model fit and regime classification accuracy

Adding hidden states improves statistical fit relative to the single-regime control model. The
HMM specification yields lower information criteria and higher out-of-sample likelihood on the same
data split. Decoded state sequences show clustered episodes that align with known sector news and
policy events, while the control model cannot separate such periods. The transition matrix features
persistent probabilities on diagonal entries, indicating that regimes last for multiple days rather than
switching randomly [19,20]. Fig. 2 shows an example workflow for regime selection and decoding
that mirrors our estimation process.
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Figure 2. Hidden market states detected by the HMM and their transition probabilities.

3.3. Return dynamics within states

Within high-sentiment states, average returns are higher but also more volatile. Trading volume
rises, yet its direct contribution to returns is smaller than that of sentiment. In neutral states, returns
concentrate near zero and momentum effects fade. In low-sentiment states, dispersion increases and
short-term momentum tends to reverse, suggesting fast information reassessment [21]. State-specific
regressions confirm that sentiment has a stronger and more stable link with returns than volume or
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momentum once regime dependence is allowed. These findings are consistent with sector behavior
in which policy news and expectations drive price reactions more than pure trading activity.

3.4. Robustness checks and comparison with prior work

Results are robust to alternative numbers of principal components and to different proxies for
sentiment (volatility-based and return-based composites). Re-estimation with a two-state HMM
preserves the ordering of effects, while a three-state model refines the separation between neutral
and stressed periods. These outcomes align with recent studies that combine dimensionality
reduction with regime-switching to capture changing market behavior in equity sectors. Our
contribution lies in applying this structure to U.S. clean-energy stocks with a unified PCA-HMM
design, allowing sentiment, volume, and momentum to vary by state over a long sample. Limitations
include the focus on daily frequency and the absence of explicit intraday order-flow measures; future
work can extend the model to higher-frequency data and to cross-market spillovers.

4. Conclusion

This study demonstrates that the PCA-HMM framework effectively captures the dynamic and
nonlinear relationship between investor sentiment, trading volume, and momentum in the U.S.
renewable energy market. The results confirm that stock returns in this sector are significantly more
sensitive to sentiment fluctuations than to changes in trading activity or short-term momentum.
Importantly, the analysis reveals that this sensitivity varies across different hidden market states,
underscoring the role of behavioral heterogeneity and regime-dependent dynamics in renewable-
energy finance. During high-sentiment periods, the market exhibits increased volatility and
amplified reactions to news and expectations, whereas low-sentiment regimes are characterized by
partial momentum reversals and reduced responsiveness to trading volume. By integrating Principal
Component Analysis with a Hidden Markov Model, this study provides a structured approach to
identifying latent states that traditional single-regime models fail to capture. The hybrid model not
only enhances statistical fit but also offers a clearer depiction of how investor behavior and market
structure co-evolve under policy and technological shocks. These insights help explain the
pronounced price swings often observed in clean-energy equities following policy announcements
or media-driven optimism. From a practical standpoint, the PCA-HMM framework introduces a
scalable method for real-time monitoring of sentiment-related risks and offers quantitative signals
that can inform portfolio allocation and hedging strategies in sustainable investment markets.
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