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Comparative Evaluation of Machine Learning
Methods for Financial Market Volatility
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Abstract—Financial market forecasting remains difficult be-
cause asset prices are strongly affected by randomness, noise,
and limited short-term predictive information. Methods that
aim to estimate precise future returns therefore often struggle
to achieve consistently reliable results. To address this issue,
this study reformulates the prediction task as a classification
problem that distinguishes between different levels of market
volatility, taking advantage of the persistence and clustering
commonly observed in volatility dynamics. Ten machine learning
methods are evaluated under a unified experimental framework,
covering linear classifiers, support vector machines, instance-
based approaches, decision trees, and ensemble techniques. Under
the current experimental setting, all tested models achieve clas-
sification accuracies above 80%, and Gradient Boosting records
the highest accuracy of 85.05% together with the highest F1-
score. The linear classifiers nevertheless remain competitive:
Logistic Regression ranks second in accuracy, only 0.003 below
the leading ensemble method, and Linear SVM also places within
the top four. The comparison also reveals a clear precision–recall
trade-off, since RBF SVM attains the highest precision while
Ridge Classifier attains the highest recall. These results indicate
that, for the dataset and experimental configuration considered
here, volatility classification can be addressed with comparable
effectiveness by models of substantially different complexity, so
that model selection should take several evaluation measures into
account rather than accuracy alone.

Key Words—Machine Learning, Financial Markets, Volatility
Prediction, Classification, Ensemble Learning, Investment Deci-
sion Support

I. INTRODUCTION

Financial markets exhibit highly dynamic behavior shaped
by nonlinear relationships, feedback mechanisms, and substan-
tial stochastic variation. Changes in asset prices may reflect
numerous sources of information, ranging from macroeco-
nomic conditions and investor expectations to geopolitical
developments and market microstructure effects. As a re-
sult, forecasting short-horizon market movements remains a
difficult problem in quantitative finance. Although machine
learning and computational forecasting techniques have ad-
vanced considerably, the weak signal embedded in noisy
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financial observations continues to limit the accuracy of return
prediction.

Conventional financial forecasting techniques, including lin-
ear regression and classical time-series models, are commonly
developed under assumptions such as stationarity, normally
distributed observations, or relatively stable statistical rela-
tionships. In practice, financial series often depart from these
assumptions because market behavior can change across struc-
tural breaks, market regimes, and periods of varying volatility,
motivating regime-switching formulations such as Markov
models of market ambiguity [1]. Machine learning models
provide greater flexibility for representing complex and non-
linear relationships, but this flexibility does not eliminate the
fundamental difficulty of predicting short-term returns. When
price changes contain only limited exploitable information,
increasing model complexity alone may not lead to substantial
improvements in forecasting performance.

An alternative is to shift the prediction objective from
exact price or return estimation toward the identification of
future volatility conditions. Instead of determining the precise
direction or magnitude of subsequent price movements, volatil-
ity classification separates market observations into relatively
high- and low-volatility states. This formulation is motivated
by the well-established persistence of volatility, whereby ele-
vated volatility is often followed by further periods of elevated
volatility and calmer market conditions may likewise persist
over time. Such temporal structure, which reflects the stylized
fact that volatility tends to cluster rather than evolve as an inde-
pendent process, provides a potentially more consistent target
for machine learning-based volatility classification [2, 3].

This classification setting also enables the use of informa-
tion extracted from historical market observations through fea-
ture engineering. Rather than relying solely on raw returns, the
input representation can incorporate rolling volatility statistics,
moving averages, momentum-related variables, and lagged
returns. These derived features describe different aspects of
recent market behavior, including price trends, short-term fluc-
tuations, and temporal dependence, thereby providing a richer
representation of market conditions for predictive modeling.

Based on this formulation, the present study evaluates
ten machine learning classifiers drawn from several major
modeling families, including linear methods, support vector
machines, instance-based learning, decision trees, and ensem-
ble approaches. Evaluating models with substantially different
levels of structural complexity makes it possible to compare
their ability to distinguish between low- and high-volatility
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conditions and to examine whether more sophisticated nonlin-
ear techniques provide meaningful improvements over simpler
alternatives.

Beyond the direct comparison of classification performance,
the study also considers the role of feature construction and
data representation in the interpretation of the results. Because
all ten classifiers are evaluated using the same feature repre-
sentation, the comparison allows differences in classification
performance to be examined without introducing variation in
the input variables across models. It should be emphasized that
the study is designed as a comparative evaluation performed
under a single experimental configuration; it does not propose
a new learning algorithm, and it is not intended to establish
that volatility classification is generally superior to alternative
forecasting formulations or that the models examined here
would remain effective in other markets or periods. The
overall objective is therefore to assess how the ten selected
classifiers perform on the volatility classification task within
the present experimental setting and to identify the trade-offs
that distinguish them.

II. RELATED WORK

Machine learning techniques have been widely investigated
in financial applications, including market forecasting, risk
assessment, and algorithmic trading [4]. Earlier studies were
largely based on conventional statistical and econometric ap-
proaches, such as linear regression, autoregressive integrated
moving average (ARIMA), and related time-series models.
These methods offer relatively transparent model structures
and are often easy to interpret. However, their ability to rep-
resent nonlinear relationships and complex temporal patterns
in financial data is generally limited.

As machine learning methods became more widely adopted,
greater attention was given to nonlinear approaches. Sup-
port Vector Machines were among the first such methods to
be adopted for financial classification and regression tasks,
followed by tree-based ensemble models such as Random
Forest and Gradient Boosting. These techniques have since
been applied to market forecasting [5, 6], risk assessment,
and the prediction of volatility-related quantities [7]. They
are capable of representing more complex interactions among
input variables and, in the case of ensemble methods, im-
proving predictive stability by combining multiple learners.
Nevertheless, their performance remains strongly influenced
by the quality of the input representation [8] and by the
effectiveness of the feature engineering pipeline [9]. This issue
is especially important in financial prediction, where useful
information is often obscured by substantial market noise.

Directly forecasting future returns remains one of the major
difficulties reported in financial prediction research. From
the perspective of the Efficient Market Hypothesis, newly
available information is rapidly incorporated into asset prices,
which limits the possibility of consistently predicting sub-
sequent price changes [10]. Consequently, researchers have
increasingly explored alternative prediction targets, including
the forecasting of realized or implied volatility [11], the
classification of price direction, the identification of market

regimes and volatility states, and the detection of anomalous
market behaviour [12]. Compared with exact return estimation,
these formulations can provide more structured prediction
targets and may correspond more closely to practical financial
decision-making tasks.

Recent research has also introduced deep learning methods
for financial time-series modeling. Long Short-Term Memory
(LSTM) networks [13] have been used to forecast realized
volatility [14] and to exploit commonality across intraday
observations [15], while recurrent architectures and other
sequence models have been applied to volatility forecasting
under rough volatility dynamics [16] and to hybrid forecasting
designs [17]. Such architectures are designed to learn se-
quential relationships and longer-range temporal dependencies
directly from time-series observations. Although these models
provide greater representational capacity, reported results are
not uniformly superior to those of conventional machine
learning methods. Their performance can vary considerably
depending on preprocessing procedures, feature representation,
data quality, and training stability. Under noisy or relatively
limited datasets, simpler learning algorithms may therefore
remain competitive.

Hybrid and ensemble modeling has emerged as another
important direction in financial forecasting research. Such
approaches combine statistical techniques, machine learning
algorithms, stacked learners [18], or heterogeneous financial
indicators [19] in order to exploit complementary modeling
capabilities and reduce the weaknesses of individual methods.
At the same time, researchers have increasingly considered
information beyond historical price variables. Textual and
news-based data have been incorporated through financial
word embeddings [20] and sentiment-related variables [21],
while macroeconomic and cross-market indicators have been
used to capture changes in market conditions [22].

Beyond financial applications, learning-based and
optimization-based methods have also been applied to
complex industrial decision problems, including knowledge-
guided hyper-heuristics for distributed manufacturing
scheduling [23], data-driven modeling of human–robot
collaborative production systems [24], and reinforcement
learning for assembly line balancing [25]. Such studies
illustrate the breadth of the methodological toolkit considered
in this work, although their objectives, data characteristics,
and evaluation criteria differ substantially from those of
volatility classification.

The studies reviewed above differ in their modeling assump-
tions, input representations, prediction targets, and evaluation
criteria, which makes their reported results difficult to compare
directly. Motivated by this gap, the present study evaluates
a broad collection of machine learning classifiers within a
common experimental setting. Rather than restricting the anal-
ysis to a single family of algorithms, models with different
learning mechanisms and levels of complexity are compared
using consistent preprocessing procedures, evaluation criteria,
and experimental conditions. This design supports a direct
comparison of their relative effectiveness for market volatility
classification under identical conditions.
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III. DATASET

The experiments in this study are based on the Market
Trend Analysis Dataset obtained from Kaggle [26]. The dataset
contains historical financial market observations organized in
time-series form and provides numerical variables describing
price movements, trading activity, and technical market indica-
tors. Its chronological structure makes it suitable for preserving
temporal order during preprocessing, model training, and
subsequent evaluation.

The original data include fundamental market variables
such as open price, close price, high price, low price, and
trading volume, together with the trading activity measures
commonly used in empirical studies of volatility. In addition
to these raw observations, several technical indicators are
provided, including daily return percentage, volatility range,
moving averages, Relative Strength Index (RSI), Moving Av-
erage Convergence Divergence (MACD), and Bollinger Band
values. Together, these variables characterize multiple aspects
of market behavior, including price level, trend, momentum,
and volatility.

For the feature engineering process, the close price was used
as the principal reference series. Additional variables were
derived from this price series in order to represent short-term
returns, rolling statistical behavior, and temporal dependence
in market movements. These transformations, which follow
the standard practice of constructing indicator-based inputs for
data-driven volatility models [27], provided a richer descrip-
tion of recent market conditions and produced input variables
that could be directly used by the machine learning classifiers.

Before model development, the dataset underwent a se-
ries of preprocessing operations. Non-numeric variables were
removed, missing observations were handled, and infinite
values arising from feature calculations were eliminated. The
remaining observations were then arranged in chronological
order so that the temporal structure of the financial series was
maintained throughout the experiment. Following data clean-
ing and feature construction, the processed dataset contained
29,975 observations and 32 columns.

For the final classification task, 30 variables were retained
as model inputs. The future volatility measure and the binary
volatility class generated from that measure were excluded
from the feature set and used only for target construction. The
resulting inputs therefore consisted of both original market
variables and engineered technical features, providing the
information used to train and evaluate the machine learning
models considered in this study.

IV. METHODOLOGY

A. Feature Engineering

Feature construction plays an important role in representing
the temporal and statistical characteristics of market behavior.
In this study, multiple groups of derived variables are gener-
ated from historical price information, including:

• Returns calculated over 1-day, 3-day, and 5-day horizons
• Moving averages computed using 5-day, 10-day, and 20-

day windows

• Deviations of current prices from their corresponding
moving averages

• Momentum-based indicators
• Lagged return variables
• Rolling measures of market volatility
These engineered variables are intended to describe different

patterns in market movements, particularly short-term trend
persistence and potential mean-reversion behavior.

B. Target Definition

The prediction target is defined according to future market
volatility. Because volatility is known to be persistent and
to cluster in time rather than to evolve as an independent
process [28, 29], a rolling standard deviation of returns is first
calculated over a moving window and then shifted forward in
time, so that the volatility measure associated with a given
observation refers to a subsequent interval rather than to the
observation itself. The volatility measure is computed as

𝜎 =

√√
1
𝑛

𝑛∑︁
𝑖=1

(𝑟𝑖 − 𝑟)2 (1)

where 𝑟𝑖 denotes an observed return within the rolling
window, 𝑟 represents the corresponding mean return, and 𝑛

is the number of observations included in the calculation.
The continuous future volatility measure is subsequently

converted into a binary classification target using its median as
the decision threshold. In the present experiment, the resulting
volatility threshold is 0.024289086264440325. Because the
threshold is defined in terms of the volatility scale of this
dataset, the resulting class boundary is specific to the data and
the rolling window used here. The two classes are defined as
follows:

• 0: Low volatility
• 1: High volatility
This transformation converts the forecasting problem from

continuous volatility estimation into the identification of low-
and high-volatility market conditions.

C. Data Splitting Strategy

To preserve the temporal structure of the financial data, the
processed observations are divided chronologically rather than
through random sampling. Earlier observations are assigned
to the training set, whereas later observations are reserved for
testing. This arrangement is intended to reproduce a forecast-
ing setting in which models are trained using historical infor-
mation and subsequently evaluated on later, unseen observa-
tions, and it avoids the temporal mixing that random sampling
would introduce. It should be noted that a chronological split,
by itself, does not remove every possible form of temporal
dependence between the input variables and the target, and
the results reported in this study are therefore interpreted as
the performance of the classifiers within this particular design.
The final training set contains 23,980 samples, and the testing
set contains 5,995 samples.
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V. ALGORITHMS

A total of ten machine learning classifiers from several ma-
jor model families are included in the comparative experiment.

A. Linear Models

Logistic Regression and Ridge Classifier are selected as
representative linear approaches and serve as baseline methods
in the comparison. Both models construct decision functions
based primarily on linear relationships between the input
variables and the volatility class.

B. Support Vector Machines

Two Support Vector Machine configurations are considered:
Linear SVM and RBF SVM. Linear SVM separates the two
volatility classes using a linear decision boundary, whereas
RBF SVM employs a radial basis function kernel to represent
nonlinear separation patterns in the feature space [30].

C. Instance-Based Learning

K-Nearest Neighbors (KNN) is included as an instance-
based classification method. Rather than explicitly learning
a global decision function, KNN determines the class of a
sample according to the labels of nearby observations with
similar feature characteristics.

D. Tree-Based Models

Decision Tree is evaluated as a representative tree-based
classifier. The model recursively partitions the input feature
space according to a sequence of decision rules, producing an
interpretable structure for assigning observations to volatility
classes.

E. Ensemble Methods

Four ensemble algorithms are examined: Random For-
est, Extra Trees, Gradient Boosting, and HistGradientBoost-
ing. Random Forest aggregates decorrelated trees grown on
bootstrap samples [31], whereas Gradient Boosting and its
histogram-based variant build trees sequentially so that each
new learner corrects the residual error of the previous ensem-
ble [32]. These methods construct predictions using collec-
tions of decision trees rather than relying on a single tree.
By combining information from multiple learners, they are
designed to improve predictive stability and capture more
complex relationships among the input features.

VI. EVALUATION METRICS

The predictive performance of the models is assessed using
four commonly adopted classification measures: accuracy, pre-
cision, recall, and F1-score. Considering these metrics together
provides a more complete characterization of classification
behavior than relying on accuracy alone. This is particularly
important in financial applications, where different types of
classification errors may have different practical consequences.

Accuracy represents the proportion of observations that are
assigned to the correct volatility class. Although it provides

a straightforward measure of overall classification perfor-
mance, it does not distinguish between false-positive and
false-negative predictions. Consequently, accuracy alone may
provide an incomplete assessment when the class distribution
is uneven or when different prediction errors carry different
levels of importance.

Precision evaluates the reliability of high-volatility predic-
tions by measuring the proportion of samples predicted as high
volatility that actually belong to the high-volatility class. A
higher precision value therefore corresponds to fewer false-
positive signals. This consideration is relevant in financial
applications because unnecessary high-volatility warnings may
result in overly conservative adjustments to trading decisions
or risk exposure.

Recall, also referred to as sensitivity or the true positive rate,
measures the proportion of actual high-volatility observations
that are successfully detected by a classifier. It therefore
reflects the ability of a model to recognize genuinely volatile
market conditions. A model with high recall is less likely
to overlook high-volatility periods, which can be desirable
in risk-sensitive applications. However, an increase in recall
may also be accompanied by a larger number of false-positive
predictions and consequently lower precision.

The F1-score combines precision and recall through their
harmonic mean. It provides a single measure of the balance
between identifying high-volatility observations and limiting
false-positive predictions. This metric is particularly informa-
tive when neither precision nor recall should dominate the
evaluation.

Taken together, the four measures make it possible to
compare not only the overall classification ability of each
algorithm but also its behavior in detecting high-volatility
conditions. It should be emphasized that all four measures
quantify the statistical behavior of the classifiers with respect
to the constructed volatility labels. They do not, by themselves,
measure the economic value of a prediction, because they do
not account for transaction costs, position sizing, or the payoff
structure of any particular trading or risk-management rule. A
high value of accuracy, precision, recall, or F1-score therefore
indicates a closer correspondence between predicted and ob-
served volatility states, and not a corresponding improvement
in financial outcome.

VII. RESULTS AND DISCUSSION

The experimental analysis compares ten machine learning
algorithms for binary market volatility classification, with
class 0 corresponding to low-volatility conditions and class
1 representing high-volatility conditions. Following feature
engineering and data cleaning, the processed dataset contains
29,975 observations and 32 columns. The resulting class distri-
bution is nearly balanced, consisting of 49.97% low-volatility
samples and 50.03% high-volatility samples. A chronological
train-test split produces 23,980 training observations and 5,995
testing observations. The evaluated models include Logistic
Regression, Ridge Classifier, Linear SVM, RBF SVM, KNN,
Decision Tree, Random Forest, Extra Trees, Gradient Boost-
ing, and HistGradientBoosting.
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The approximately balanced class distribution of the pro-
cessed dataset reduces the possibility that overall classification
performance is dominated by one volatility class. In clas-
sification problems with strongly unequal class frequencies,
high accuracy can sometimes result from repeatedly predicting
the majority class. In the present experiment, the similar
proportions of low- and high-volatility observations make
accuracy, precision, recall, and F1-score more informative for
comparing model behavior across the two classes.

The chronological training and testing procedure is also im-
portant for maintaining the temporal ordering of the financial
observations. Rather than randomly mixing earlier and later
samples, the models are trained using historical observations
and subsequently evaluated using later, previously unseen
observations. This design more closely resembles a forecasting
setting, in which future market information would not be avail-
able when the models are trained, and it avoids the temporal
mixing associated with random data splitting. As noted in
Section IX, this arrangement does not by itself eliminate every
possible source of temporal dependence between the inputs
and the target.

The ten algorithms were selected to represent distinct
learning paradigms, ranging from linear decision boundaries,
through margin-based and instance-based classification, to
single-tree and ensemble-based partitioning. Their structures
and levels of complexity differ substantially, which allows
their behavior to be compared under identical experimental
conditions.

The results indicate that all evaluated methods achieve
relatively high classification performance, with accuracy ex-
ceeding 80% for every model. The differences among the
algorithms are nevertheless modest, which suggests that the
predictive information available in the current feature repre-
sentation can be utilized by several different model families.
The competitive performance of Logistic Regression, Ridge
Classifier, and Linear SVM relative to more complex ensemble
models suggests in addition that a considerable part of the
structure present in the current feature representation can be
captured using relatively simple decision functions.

Ensemble methods are also competitive in this comparison.
In particular, Gradient Boosting records the highest accuracy
and F1-score, while Extra Trees, HistGradientBoosting, and
Random Forest achieve results within a similar range. These
margins are small, however, and no statistical test of sig-
nificance is applied to them in this study. Some nonlinear
models, including KNN and RBF SVM, also rank below the
linear classifiers in terms of accuracy. The results therefore
do not establish a consistent advantage of nonlinear models
over linear alternatives under the present setting, and they
indicate that greater model complexity does not automatically
translate into substantially better classification performance in
this experiment.

The comparison also reveals meaningful differences be-
tween precision and recall. Ridge Classifier produces the
highest recall and therefore identifies a larger proportion of
actual high-volatility observations, although this behavior is
accompanied by lower precision. RBF SVM, in contrast,
achieves the highest precision and therefore generates fewer

incorrect high-volatility predictions relative to its total num-
ber of positive predictions. Such differences are relevant in
financial applications because false positives and false nega-
tives may lead to different practical consequences. Missing a
genuinely volatile period may increase risk exposure, whereas
incorrectly signaling high volatility may result in unnecessarily
cautious decisions.

Overall, the experimental results show that, within the
present experimental setting, the ten machine learning algo-
rithms are capable of distinguishing between low- and high-
volatility observations with broadly similar levels of perfor-
mance. The relatively narrow differences across models further
indicate that model selection should not depend exclusively on
overall accuracy. Precision, recall, and their associated trade-
offs should also be considered according to the requirements
of the intended financial application.

TABLE I Model Comparison Across Ten Algorithms

Algorithm Accuracy Precision Recall F1

Gradient Boosting 0.8505 0.8431 0.8824 0.8623
Logistic Regression 0.8475 0.8350 0.8881 0.8607
Extra Trees 0.8469 0.8394 0.8796 0.8590
Linear SVM 0.8465 0.8294 0.8947 0.8608
HistGradientBoosting 0.8447 0.8386 0.8758 0.8568
RBF SVM 0.8445 0.8552 0.8509 0.8531
Ridge Classifier 0.8430 0.8107 0.9186 0.8613
Random Forest 0.8425 0.8370 0.8733 0.8547
KNN 0.8347 0.8419 0.8475 0.8447
Decision Tree 0.8257 0.8270 0.8491 0.8379

As shown in the model comparison, Gradient Boosting
achieves the highest accuracy and F1-score among the ten
algorithms. RBF SVM records the highest precision, whereas
Ridge Classifier obtains the highest recall. Despite these
differences, every evaluated classifier achieves an accuracy
greater than 80%.

0.0 0.2 0.4 0.6 0.8 1.0
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Logistic Regression

Extra Trees

Linear SVM

HistGradientBoosting

RBF SVM
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Accuracy across ten classifiers

Table I values | Ring identifies the highest value | Full 0-1 scale

Fig. 1. Accuracy comparison across ten algorithms.

The accuracy results are concentrated within a relatively
narrow interval, with most classifiers achieving values between
approximately 0.83 and 0.85. Gradient Boosting ranks first
with an accuracy of 0.8505, but its advantage over Logistic
Regression, Extra Trees, and Linear SVM is small. The
limited separation between these methods indicates that the
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classification performance obtained in this experiment is not
determined solely by algorithmic complexity, as both relatively
simple and more sophisticated models achieve similar levels
of accuracy.

0.0 0.2 0.4 0.6 0.8 1.0
Precision

RBF SVM

Gradient Boosting

KNN

Extra Trees

HistGradientBoosting

Random Forest

Logistic Regression

Linear SVM

Decision Tree

Ridge Classifier

0.8552

0.8431

0.8419

0.8394

0.8386

0.8370

0.8350

0.8294

0.8270

0.8107

Precision across ten classifiers

Table I values | Ring identifies the highest value | Full 0-1 scale

Fig. 2. Precision comparison across ten algorithms.

The precision comparison focuses on the reliability of
predictions assigned to the high-volatility class. RBF SVM
obtains the highest precision, indicating that a larger pro-
portion of its high-volatility predictions correspond to actual
high-volatility observations. Ridge Classifier records a lower
precision value, reflecting a greater proportion of false-positive
predictions. This distinction is relevant when incorrect volatil-
ity warnings may lead to unnecessary changes in investment
or risk-management decisions.
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Recall

Ridge Classifier
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Gradient Boosting

Extra Trees

HistGradientBoosting
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0.8947

0.8881

0.8824

0.8796

0.8758

0.8733

0.8509

0.8491

0.8475

Recall across ten classifiers

Table I values | Ring identifies the highest value | Full 0-1 scale

Fig. 3. Recall comparison across ten algorithms.

Recall measures the ability of each classifier to detect
observations that actually belong to the high-volatility class.
Ridge Classifier achieves the highest recall and therefore iden-
tifies the largest fraction of actual high-volatility samples. Its
high recall, however, is accompanied by comparatively lower
precision. Gradient Boosting and Linear SVM also achieve
high recall while maintaining a more balanced relationship
with precision.
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Fig. 4. F1 score comparison across ten algorithms.

The F1-score summarizes the balance between precision
and recall. Gradient Boosting records the highest F1-score,
indicating the strongest overall balance between detecting
high-volatility observations and limiting false-positive classi-
fications. Logistic Regression, Linear SVM, and Ridge Clas-
sifier also obtain competitive F1 values, showing that several
model families provide a favorable balance between the two
measures.
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Fig. 5. Grouped metric comparison of accuracy, precision,
recall, and F1 score.

The grouped comparison provides an integrated view of
accuracy, precision, recall, and F1-score for all ten algorithms.
Most models display relatively consistent values across the
four evaluation measures, with only moderate variation among
algorithms. Gradient Boosting demonstrates a strong balance
across the metrics, whereas Ridge Classifier is characterized
by particularly high recall together with comparatively lower
precision.

The same comparison further illustrates the precision-recall
trade-off observed among the classifiers. Gradient Boosting
maintains relatively strong values for both measures, while
Ridge Classifier favors the identification of high-volatility
observations more aggressively. As a result, Ridge Classifier
captures more true positive cases but also produces a larger
proportion of false-positive predictions.
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Fig. 6. Combined confusion matrix visualization for
top-performing models (Gradient Boosting, Logistic

Regression, Extra Trees, and Linear SVM).

The confusion matrices provide a more detailed view of
the classification outcomes of four of the strongest-performing
methods. Gradient Boosting correctly identifies 2,293 low-
volatility samples and 2,806 high-volatility samples, while
522 low-volatility observations and 374 high-volatility ob-
servations are incorrectly classified. Logistic Regression cor-
rectly predicts 2,257 low-volatility samples and 2,824 high-
volatility samples. Extra Trees correctly identifies 2,280 low-
volatility observations and 2,797 high-volatility observations,
while Linear SVM correctly classifies 2,230 low-volatility
samples and 2,845 high-volatility samples. These results show
that the leading models are able to correctly classify substantial
numbers of observations from both volatility classes.

Fig. 7. ROC curve comparison across all models.

The ROC curves illustrate the relationship between the true
positive rate and false positive rate across different classifi-
cation thresholds. All evaluated models perform above the
random-classification baseline, indicating that they possess
meaningful ability to discriminate between the two volatil-
ity classes. Among the evaluated algorithms, Linear SVM
produces the highest AUC, followed closely by Logistic
Regression and Ridge Classifier. The strong performance of
these linear methods suggests that linear decision functions are
effective for separating the volatility classes under the feature
representation used in this experiment.

29,975
observations

Low volatility (0)
49.97%

High volatility (1)
50.03%

Nearly balanced volatility classes

Percentages and total n from manuscript Section VII | Exact class counts were not supplied

Fig. 8. Class distribution for low-volatility and high-volatility
samples.

The class distribution shows that low- and high-volatility
samples occur in nearly equal proportions in the processed
dataset. Because neither class strongly dominates the other,
the reported accuracy values are less likely to be driven simply
by majority-class predictions. The balanced distribution also
supports the joint interpretation of accuracy, precision, recall,
and F1-score when comparing the ten classifiers. It should be
noted that this near balance refers to the complete processed
dataset, whereas the class proportions in the chronological test
set differ: of the 5,995 test observations, 2,815 belong to the
low-volatility class and 3,180 to the high-volatility class, as
reflected in the confusion matrices in Fig. 6. The larger class
accounts for about 53% of the test set, so a majority-class
predictor would already reach an accuracy of approximately
0.53, and precision and recall are likewise not computed over
equally sized groups of positive and negative observations.

Fig. 9. Combined feature correlation heatmap visualization.

The feature correlation heatmap reveals strong relation-
ships among several price-related variables, including open,
close, high, and low prices, as well as moving averages and
Bollinger Band indicators. Several volatility-oriented features
show comparatively strong associations with the volatility
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class. These patterns are consistent with the use of rolling
volatility measures, lagged returns, and momentum-related
variables as inputs to the classification models. Correlation
coefficients describe linear association between variable pairs
only; they do not indicate that a feature contributes causally to
the classification outcome, and the strong mutual correlation
among the price variables means that their individual roles
cannot be separated from this summary alone.
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Fig. 10. Top 15 feature importances for Random Forest.

The Random Forest importance ranking identifies several
price-based, moving-average, and volatility-related variables
among the most influential features used by the classifier. This
distribution suggests that the model makes use of information
from both original market variables and engineered indicators
rather than relying exclusively on a single type of feature.
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Fig. 11. Second Random Forest feature importance
visualization.

The second Random Forest feature-importance visualization
presents a similar pattern, again emphasizing variables related
to price behavior and technical indicators. The similarity
between the two visualizations indicates that comparable
groups of variables contribute substantially to the model’s
classification decisions.
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Fig. 12. Top 15 feature importances for Extra Trees.

The Extra Trees feature-importance results show that pre-
dictive importance is distributed across multiple price- and
volatility-related variables. Rather than depending on a single
dominant predictor, the model draws information from several
components of the feature representation when separating low-
and high-volatility observations.
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Fig. 13. Top 15 feature importances for Gradient Boosting.

The Gradient Boosting feature-importance ranking is more
concentrated than the corresponding rankings for Random
Forest and Extra Trees. The Close Price feature receives
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a noticeably higher importance score than the remaining
predictors, while the importance assigned to other features
is distributed across price-related variables and engineered
technical indicators. Because several price variables in the
dataset are strongly correlated with one another, the measured
importance may be shared among them rather than attributed
exclusively to one variable, and the leading position of a
particular price feature should not be read as evidence that
it carries a distinct predictive signal. It should also be noted
that importance scores in tree-based models summarize how
frequently and how effectively a variable is used for splitting
during training; they are not measures of causal effect and do
not by themselves account for the differences in classification
performance reported in Table I.

VIII. EXTENDED ANALYSIS

Several broader observations can be drawn from the compar-
ative results. First, the strong performance of the linear clas-
sifiers indicates that the relationship between the engineered
financial indicators and the volatility classes can, to a consid-
erable extent, be represented using linear decision boundaries.
Logistic Regression, Linear SVM, and Ridge Classifier all
achieve results close to those of the best-performing ensemble
approaches.

Second, the ensemble methods are also competitive in this
comparison. Gradient Boosting obtains the highest accuracy
and F1-score, while Extra Trees and HistGradientBoosting
achieve results within a similar range. As discussed above,
however, the margins separating the ensemble methods from
the linear classifiers are small, and some nonlinear models rank
below the linear ones in accuracy. The present results therefore
do not establish that nonlinear interactions among price vari-
ables, moving averages, momentum indicators, and volatility-
related features provide information beyond that captured
by linear decision boundaries. Distinguishing between these
two possibilities would require a more targeted experimental
design than the one adopted here.

Third, the overall performance differences among the evalu-
ated algorithms remain relatively small. Gradient Boosting, the
most accurate classifier, achieves an accuracy of 0.8505, com-
pared with 0.8257 for Decision Tree. The narrow range across
models suggests that the predictive information available in the
current feature representation can be utilized by classifiers of
different levels of complexity, and that increasing algorithmic
complexity alone does not account for the observed ranking.
It should be noted that this study does not include an ab-
lation over the feature groups described in Section IV, and
consequently the individual contribution of specific feature
subsets, or of feature construction relative to the original
market variables, is not separately quantified. The comparable
performance of the different model families indicates that
the information present in the current representation can be
exploited by both simple and complex classifiers; it does not
by itself measure how much of that performance is attributable
to the engineered features.

The results also illustrate the behaviour of volatility classifi-
cation as an alternative to the direct prediction of exact returns,

although the two formulations are not compared experimen-
tally in this study. Rather than estimating the precise future
direction or magnitude of price changes, the classification
framework identifies whether subsequent market conditions
correspond to a relatively low- or high-volatility state. This
produces a discrete representation of future market uncertainty
that may serve as an input to subsequent financial analysis,
while the economic usefulness of that representation is not
evaluated here.

A further consideration is the construction of the prediction
target. The binary label is obtained by thresholding a rolling
volatility measure that is shifted forward in time, and financial
volatility is itself strongly persistent. As a result, the inputs and
the target share a common underlying dynamic, and part of the
classification performance reported above may originate from
this temporal dependence rather than from information that
would be available for an unrelated prediction problem. The
reported values should therefore be read as the performance
of the ten classifiers under this particular target definition, and
not as an estimate of how well the same models would perform
for volatility prediction in general.

IX. LIMITATIONS

Despite the favorable classification results, the study has
several limitations. First, the dataset does not capture the full
range of information that can influence real financial markets.
Although historical price variables and technical indicators are
included, important external drivers of volatility are absent,
even though previous studies have shown that macroeconomic
conditions, cross-market spillovers [33], and news-based senti-
ment signals can contribute additional predictive information.
Changes in interest rates, inflation, employment conditions,
and central bank policies can affect market behavior, as can
firm-specific information such as earnings announcements
and financial guidance. Geopolitical events, regulatory devel-
opments, market crises, and changes in liquidity may also
generate substantial volatility. Because these factors are not
represented in the current dataset, the models cannot capture
all possible sources of variation in market conditions.

A second limitation concerns the construction of the pre-
diction target. Future volatility is derived from historical price
information using rolling volatility calculations. Since volatil-
ity commonly exhibits temporal persistence and clustering,
volatility-related features may contain considerable informa-
tion about subsequent volatility states. Consequently, part of
the observed classification performance may arise from this
temporal dependence rather than from entirely independent
predictive patterns. This characteristic should be considered
when interpreting the reported performance and its applicabil-
ity to less structured forecasting problems. The interpretation
of the classification results is also influenced by the construc-
tion of the volatility target and the temporal persistence of
financial volatility: because the target is a specific function of
the rolling volatility estimate and its forward shift, the reported
performance is tied to this particular definition, and different
window lengths or forward horizons could lead to different
results.
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A related consideration concerns the evaluation baseline.
The present experiment compares ten machine learning clas-
sifiers with one another under a common experimental setting
and does not include a separate comparison against simple
persistence-based forecasting rules. Since financial volatility
exhibits clustering, a rule that carries the prevailing volatility
state forward could already account for part of the classifi-
cation accuracy reported here. The results therefore establish
the relative performance of the selected algorithms within this
experimental setting, but they do not independently quantify
the incremental predictive benefit of machine learning over
simpler benchmark approaches.

The analysis is also based on a single dataset and a single
chronological partition of that dataset. Volatility dynamics
may differ considerably across financial instruments, market
periods, and economic environments. Equity, commodity, and
cryptocurrency markets, for example, can exhibit different
volatility dynamics and responses to changing market condi-
tions, as documented for cryptocurrencies [34], for oil futures
subject to cross-market spillovers, and for digital assets during
periods of market stress. Without evaluation on additional
datasets or across different market regimes, the extent to which
the reported results generalize beyond the current experimental
setting remains uncertain. Because the models are trained and
tested on one particular division of the data, the stability of the
ranking in Table I across different time periods has likewise
not been examined, and the ordering reported here should be
understood as the outcome of this division rather than as an
established ordering that would hold for earlier or later periods.

Another limitation is that model effectiveness is evaluated
primarily through classification measures such as accuracy,
precision, recall, and F1-score. The experiment does not di-
rectly examine whether these predictions improve performance
within an actual trading or investment strategy. In practi-
cal applications, transaction costs, bid-ask spreads, slippage,
execution delays, liquidity constraints, and available capital
can substantially affect financial outcomes, and studies that
translate volatility forecasts into timing strategies or that quan-
tify the economic value of volatility predictability show that
statistical accuracy alone is not sufficient. Classification per-
formance alone therefore does not establish whether a model
would produce economic benefits after being incorporated into
a complete investment system.

The models are also evaluated without extensive hyper-
parameter optimization. The experimental configurations are
based on reasonable default or manually selected settings
rather than systematic tuning procedures. More comprehensive
approaches, including grid search, random search, or Bayesian
optimization, could potentially alter the performance of in-
dividual algorithms. The current results should therefore be
interpreted as a comparison under the implemented configura-
tions rather than as the maximum achievable performance of
each model family.

Finally, model interpretability is not investigated in detail.
Although linear classifiers and decision trees provide relatively
transparent decision structures, ensemble and nonlinear models
can be more difficult to interpret. In financial decision-making,
understanding the factors that contribute to model predictions

can be important for transparency, trust, and accountability.
The absence of a detailed explainability analysis limits the
extent to which the internal prediction mechanisms of the more
complex models can be examined.

These limitations identify several opportunities for extend-
ing the current study. Broader data sources, evaluation across
multiple market environments, consideration of realistic finan-
cial constraints, systematic model tuning, and more detailed
interpretability analysis would provide a more comprehensive
assessment of machine learning-based volatility classification.

X. CONCLUSION

This study compares ten machine learning algorithms for bi-
nary market volatility classification, covering linear classifiers,
support vector machines, instance-based learning, decision
trees, and ensemble methods. The empirical results show that
all ten algorithms achieve accuracy values above 80%, while
the differences among the strongest-performing methods re-
main relatively small. Within the present experimental setting,
these findings indicate that the current feature representation
contains predictive information that can be utilized by several
types of classification models.

Among the evaluated algorithms, Gradient Boosting records
the highest overall accuracy and F1-score in this experiment.
RBF SVM achieves the highest precision, indicating greater
reliability among its high-volatility predictions, whereas Ridge
Classifier records the highest recall and therefore detects the
largest proportion of actual high-volatility observations. The
results show that model selection involves different trade-offs
rather than a single universally superior classifier. Applications
in which missing a high-volatility period is particularly unde-
sirable may place greater emphasis on recall, whereas settings
that seek to limit unnecessary high-volatility warnings may
assign greater importance to precision.

Another notable result is the comparatively small perfor-
mance difference between the simple linear classifiers and
the more complex ensemble models. The competitive results
of Logistic Regression, Linear SVM, and Ridge Classifier
suggest that the current feature representation can be utilized
effectively by both simple and more complex decision func-
tions. Moving averages, Bollinger Bands, volatility measures,
momentum indicators, lagged returns, and other price-derived
variables describe trend, short-term fluctuation, and temporal
dependence. Since the study does not include an ablation
over feature groups, the individual contribution of feature
construction relative to the original market variables is not
separately quantified here.

The study addresses future market uncertainty as a volatil-
ity classification task rather than as an estimation of exact
future price changes. Volatility clustering introduces temporal
structure into the target variable, allowing machine learning
classifiers to distinguish between relatively low- and high-
volatility conditions using historical information. Within the
scope of the present experiment, this formulation produces
consistent classification performance across several different
model families.

From an application perspective, volatility classification
may provide useful information for financial decision-support
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systems. Predictions of high-volatility conditions can in-
form adjustments to risk exposure, position sizing, or other
investment-related decisions. The present study does not di-
rectly evaluate such downstream strategies, but the classifi-
cation results provide a basis for considering volatility-state
predictions as an input to broader financial decision-making
processes.

The findings should nevertheless be interpreted in light
of several limitations. The analysis relies on historical price
variables and technical indicators and does not incorporate
macroeconomic information, geopolitical developments, or
textual sentiment data. In addition, the rolling-volatility target
contains temporal dependence that may contribute to the ob-
served predictability. These factors restrict the extent to which
the current results can be generalized to other forecasting
environments.

The study also evaluates model performance using classifi-
cation metrics rather than within a complete trading frame-
work. Transaction costs, liquidity, slippage, and execution
delays are therefore not reflected in the reported results. High
predictive accuracy consequently should not be interpreted as
direct evidence of trading profitability.

In summary, under the experimental setting examined here,
market volatility classes can be identified with comparable
effectiveness by a diverse collection of machine learning
algorithms. Gradient Boosting records the highest accuracy
and F1-score, RBF SVM the highest precision, and Ridge
Classifier the highest recall, while the narrow performance
range across the ten classifiers indicates that model choice
should be guided by the evaluation measure most relevant to
the intended application rather than by accuracy alone. These
conclusions are bounded by the dataset, the volatility target
definition, and the experimental configuration considered in
this study; the section on future work outlines the extensions
that would be needed to test whether they hold more broadly.

XI. FUTURE WORK

Future research can extend the present study by incorporat-
ing a broader range of explanatory variables. Macroeconomic
information, including interest rates, inflation, employment
statistics, and central bank policy indicators, could provide
additional context for changes in market volatility. Textual
information obtained from financial news, earnings-call tran-
scripts, and social-media content could also be analyzed
through sentiment-based features to capture market reactions
that are not directly represented by historical price observa-
tions. Structured corporate information, including earnings re-
ports, balance-sheet variables, and revenue growth, represents
another potential source of explanatory information. Cross-
market variables derived from market indices, commodities,
bonds, and foreign-exchange markets could further be consid-
ered to capture relationships among different financial markets.

A second extension is to move beyond the current binary
definition of volatility. Instead of separating observations only
into low- and high-volatility classes, future experiments could
define additional categories such as low, moderate, high, and
extreme volatility. A multi-class formulation would provide a

more detailed description of market conditions. Alternatively,
future volatility could be modeled directly as a continuous
variable through regression, allowing the models to estimate
volatility magnitude rather than assigning each observation to
a discrete class.

Two further directions follow directly from the limitations
of the present design. The first concerns the feature repre-
sentation: an ablation study that removes individual feature
groups, such as technical indicators, moving averages, lagged
returns, and volatility measures, would make it possible to
quantify how much each group contributes to classification
performance and to separate the effect of feature construction
from that of the original market variables. The second con-
cerns the evaluation baseline: complementing the comparison
among machine learning classifiers with simple persistence-
based rules and with traditional econometric volatility models
would indicate how much predictive value the learning-based
approaches add beyond established benchmarks.

Future studies could also compare the traditional machine
learning algorithms considered in this work with deep learning
architectures designed specifically for sequential data. Long
Short-Term Memory (LSTM) networks have demonstrated
strong performance in realized volatility forecasting and in
cross-sectional financial market prediction [35], and hybrid
designs that ensemble such networks with econometric models
have also been explored. Gated Recurrent Units and related
recurrent variants have been examined for cryptocurrency
volatility, while Transformer-based time-series models have
been investigated for multi-market volatility prediction [36]
and for exploiting intraday commonality. These architectures
are capable of representing temporal dependencies and non-
linear sequential relationships, and their performance could be
compared directly with simpler machine learning approaches
to determine whether their additional computational and struc-
tural complexity leads to meaningful predictive improvements.

Another important direction is to evaluate volatility predic-
tions within practical financial systems. Predicted volatility
states could be incorporated into trading strategies, portfolio
optimization procedures, or risk-management frameworks. For
example, forecasts could be used to modify position sizes, ad-
just stop-loss thresholds, or change asset allocations according
to expected market conditions. Such experiments should also
account for realistic constraints, including transaction costs,
slippage, liquidity limitations, and execution delays, in order
to determine whether improvements in predictive performance
translate into measurable financial benefits.

Further investigation is also needed to examine robustness
under changing market regimes. Financial markets can tran-
sition among bull markets, bear markets, crisis periods, and
other states with substantially different volatility characteris-
tics. As noted in Section IX, the results reported here rest on a
single chronological partition of the data, so that the stability
of the observed ranking across different time periods has not
been examined. Evaluating the same classifiers over successive
or rolling time windows, and applying approaches such as
online learning, rolling model retraining, and regime-switching
methods, would therefore indicate whether the models adapt
when the underlying market environment changes.
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Finally, future research could examine model interpretability
and explainability in greater detail. Feature-attribution and
other model-agnostic explanation methods could be applied
to investigate the variables that contribute most strongly to
low- and high-volatility predictions, and to examine the inter-
nal behaviour of hybrid forecasting models whose individual
components are difficult to interpret. A clearer understanding
of individual model decisions would improve transparency and
could make machine learning-based volatility classification
more suitable for financial applications in which accountability
and interpretability are important.
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