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Abstract

Volatility forecasting is important for intraday risk control and trade execution in fast-moving
financial markets. This study builds a minute-level forecasting framework that combines LightGBM,
XGBoost, and CatBoost with an adaptive sliding-window design. The approach is tested on one year
of NASDAQ data from 150 active stocks. Realized volatility is computed from intraminute returns.
Time-ordered evaluation is used to avoid the use of future information. The ensemble improves
forecasting accuracy by 5.9% compared with the strongest single model. Median prediction time
remains below 80 ms, which is suitable for real-time use. These results show that combining several
boosting models and adjusting the window based on recent error helps follow short-term changes in
market behavior. The framework can support intraday risk checks and execution decisions.

Keywords: high-frequency trading; volatility prediction; boosting models; adaptive window;
NASDAQ; minute-level data

1. Introduction

Volatility forecasting plays an essential role in short-horizon risk management, high-frequency
trade execution, and portfolio allocation in modern electronic markets [1]. Under high-frequency
trading (HFT), order flow arrives at millisecond intervals, and market states fluctuate rapidly, making
real-time volatility prediction both valuable and technically challenging. Recent studies show that
data-driven approaches can improve short-term volatility forecasting by incorporating realized
measures and microstructure variables extracted from quote and transaction streams [2]. Compared
with traditional econometric models, these approaches capture short-run dynamics and nonlinear
dependencies more effectively. A related line of research utilizes limit-order-book (LOB) information
to estimate minute-level price or volatility movements, where convolution-based and Transformer-
style architectures have demonstrated stronger performance in forecasting mid-price changes and
realized volatility [3]. However, such models are often computationally expensive and may require
frequent retraining, limiting their deployment in real-time environments with strict latency budgets
typical of HFT systems. Tree-based boosting models—including LightGBM, XGBoost, and
CatBoost—provide an alternative with favorable predictive efficiency. These methods support
heterogeneous tabular features, incremental updates, and interpretable feature importance, making
them well suited for short-horizon financial prediction [4]. Empirical evidence from equity and
commodity markets suggests that boosting-based approaches can match or even outperform neural
models in short-term volatility forecasting, and ensembles of boosting models can yield further
performance gains [5]. In particular, recent work employing LightGBM for volatility modeling shows
that boosting techniques outperform conventional econometric baselines when applied to
informative short-horizon features [6], reinforcing their suitability for real-time decision support.
However, research specifically evaluating ensemble boosting architectures for high-frequency
realized-volatility prediction in U.S. equity markets remains limited.

Despite meaningful progress, several challenges persist. First, market regimes change frequently,
and the predictive reliability of static models may deteriorate when structural breaks occur; yet many
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studies do not explicitly evaluate performance under regime shifts [7]. Second, real-time feasibility is
underexplored. Many existing works rely on periodic retraining or very large models whose
computational overhead can exceed the sub-100-ms latency constraints commonly encountered in
HFT operations [8]. Third, label construction and feature-window design must be handled carefully.
Some studies rely on realized measures that may lose intraday variation, while others use fixed
windows that risk introducing forward-looking information or ignoring rapidly changing market
conditions [9]. These issues highlight the need for models that adapt to evolving market dynamics
while maintaining predictable latency for continuous trading environments.

This study proposes an ensemble framework that integrates LightGBM, XGBoost, and CatBoost
with an adaptive sliding-window mechanism. The window size dynamically adjusts to recent
forecasting errors: when market conditions are stable, the window expands to incorporate richer
historical information; when model error increases, the window contracts to emphasize more recent
signals. This design enables fast adaptation to regime changes while avoiding full retraining,
supporting continuous low-latency operation. The framework is evaluated on minute-level
NASDAQ data. Results show that the system satisfies real-time constraints, achieving median
prediction latency below 80 ms. Prediction accuracy improves by 5.9% relative to strong single-model
baselines. Overall, the findings demonstrate that combining boosting models with adaptive feature-
window control yields robust high-frequency volatility forecasts and offers practical value for real-
time risk monitoring, execution strategies, and short-horizon portfolio allocation.

2. Materials and Methods

2.1. Study Sample and Data Description

This study uses minute-level transaction and quote data for 150 actively traded NASDAQ stocks.
The sample covers a wide range of sectors and market sizes. The observation period lasts for 12
months, which allows the data to capture periods of both calm and active trading. Each minute record
contains trade price, best bid—ask quotes, trading volume, and order-book imbalance. Realized
volatility is calculated from intraminute price changes. All records are aligned to a common time
scale. Days with trading halts, abnormal price gaps, or incomplete records are removed to ensure
consistent data quality.

2.2. Experimental Design and Benchmark Comparison

The experiment follows a time-forward design to mimic real-time forecasting. The proposed
ensemble serves as the main test model. Three individual boosting models—LightGBM, XGBoost, and
CatBoost—are used as benchmarks. All models use the same feature set so that performance differences
can be compared fairly. A sliding-window update is used for model input. For the baseline models, the
window length is fixed. In contrast, the proposed framework adjusts the window size based on recent
forecasting error. Training and evaluation follow the natural time order to avoid using future information.
Early data are used for model training, while later data are used for validation.

2.3. Measurement Procedures and Quality Control

Realized volatility is computed from minute-by-minute price changes. When more than one
trade occurs within a minute, prices are placed in time order and squared returns are summed. Trades
with extreme prices or abnormally small volume are removed to reduce reporting noise. Quote data
are matched to trade data using nearest timestamps. Data completeness is checked daily. Days with
more than 5% missing information are excluded. All models are trained and tested on the same
filtered sample. Model settings are tuned using rolling validation. All timing tests are performed
under the same computing environment to ensure comparable latency results.
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2.4. Data Processing and Mathematical Formulation

Trade prices are converted to log-returns, and moving statistics are computed over several look-
back windows. Order imbalance is measured as the relative difference between buy and sell volume.
The response variable is minute-level realized volatility, given by [10]:

ng

RV,= Z 2

i=1
where 1; is the intraminute log-return and n; is the number of trades within minute t. Forecast
performance is evaluated using root-mean-square error (RMSE) [11]:

1 _
RMSE= Tz (RV-RV "

Here, RV, and Ii?/ are the observed and predicted volatility at time t. All variables are

processed in time order to prevent the use of future information.

2.5. Adaptive Sliding-Window Framework

To adjust to changing market conditions, the window size is updated using recent forecast error.
When errors remain small, the window increases to include more past data. When errors rise, the
window decreases to focus on recent changes. The window is reviewed every five minutes. The
updated feature set is then passed to the ensemble model to produce predictions at the next time step.
All updates are completed in time order to reflect real-time use.

3. Results and Discussion

3.1. Overall Accuracy and Latency

The boosting ensemble improved minute-level volatility prediction by 5.9% compared with the
strongest single boosting model. Accuracy was measured by RMSE under a time-forward evaluation.
Median end-to-end prediction time, including feature update and model call, remained under 80 ms.
Figure 1 summarizes the accuracy-latency relationship. The ensemble reached lower RMSE than
LightGBM, XGBoost, or CatBoost alone while keeping latency within real-time limits. The
improvement was more visible during active trading days when price changes were frequent. During
calm periods, the advantage was smaller but still positive. This suggests that combining boosting
models reduces individual model error without adding notable delay [12].
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Figure 1. Minute-level volatility prediction results showing accuracy and latency for single boosting models and

the proposed ensemble.
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3.2. Performance Under Different Market and Sector Conditions

To study performance under different environments, days were grouped into calm, normal, and
stressed periods based on intraday volatility and cross-section price variation. The ensemble remained
the top model in all three groups. The largest relative gain appeared during stressed periods, when
market conditions changed more quickly. Sector analysis showed similar results. Technology, finance,
and industrial stocks recorded the strongest benefit, likely because these groups show more frequent
short-term price changes. Some recent studies report higher accuracy using deep limit-order-book (LOB)
networks, but these models usually require larger computing resources or repeated re-training [13,14].
This increases the cost of real-time use. Our approach provides lower resource cost and predictable run-
time, which makes it more suitable for real-time workflows. Figure 2 gives an example reference for
LOB-based forecasting.
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Figure 2. Overview of a short-horizon forecasting workflow based on limit-order-book inputs.

3.3. Effect of the Adaptive Sliding Window

The adaptive window reduced error when market behavior changed. When recent errors
increased beyond a set threshold, the window shortened [15]. This placed more weight on recent data
and helped control drift. During more stable periods, the window expanded. This increased the
history available to the model and improved stability. Ablation tests showed that the adaptive
window accounted for roughly 40-55% of the total error reduction compared with fixed-window
designs. The remainder came from combining several boosting models. Because only feature
windows were updated, no full re-training was required [16]. Prediction time stayed under 80 ms in
all cases, which is suitable for real-time trading systems.

3.4. Comparison with Earlier Studies and Applications

Earlier works using deep LOB models often report strong accuracy [17]. However, these
approaches usually need powerful hardware or repeated training. This limits their use in live systems
where timing is strict. In contrast, the present framework uses simple feature updates and stable
processing time. It reaches accuracy close to heavier models, while keeping prediction time within
real-time limits. This balance is important for uses such as intraday risk checks, margin control, and
execution scheduling. In practice, the approach is useful when market behavior changes quickly. The
adaptive window allows the model to shift focus to recent data without major overhead. Future work
may test whether adding selected LOB variables can further improve accuracy under stressed
liquidity while keeping latency low.
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4. Conclusions

This study evaluated minute-level volatility forecasting using an ensemble of LightGBM,
XGBoost, and CatBoost together with an adaptive sliding-window approach. Based on one year of
NASDAQ data, the ensemble improved forecasting accuracy by 5.9% over the strongest single model.
Median prediction time stayed below 80 ms, indicating that the method can meet real-time needs.
These findings show that combining several boosting models and adjusting the feature window can
help track short-term changes in market behavior. The approach offers a practical balance between
accuracy and computing cost and can support intraday risk checks, execution decisions, and margin
control. The current design uses minute-level variables and simple order-flow measures. It does not
include detailed order-book depth or related signals, which may limit performance during periods
of tight liquidity. Future work may add selected order-book features or light-weight embeddings to
improve forecasting under stressed conditions. Extension to multi-asset settings and regime-
dependent rules is also of interest. These steps may further strengthen real-time forecasting in
changing market environments.
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