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sectionIntroduction Multivariate time series forecasting represents a critical chal-
lenge in numerous domains including finance, healthcare, environmental science,
and industrial applications. Traditional approaches to multivariate forecasting
have largely relied on statistical methods such as vector autoregression (VAR)
and its extensions, which model linear relationships between multiple time se-
ries. While these methods provide interpretable results and well-understood
statistical properties, they often struggle with complex non-linear dependen-
cies and high-dimensional settings. More recently, machine learning approaches
including recurrent neural networks and gradient boosting have demonstrated
impressive performance in capturing non-linear patterns but may lack the sta-
tistical rigor and interpretability of traditional methods.

This research addresses the fundamental gap between traditional statistical
methods and modern statistical learning techniques by developing an integrated
framework that leverages the strengths of both approaches. Our work is mo-
tivated by the observation that different statistical learning methods excel in
different temporal contexts and data regimes. Rather than proposing yet an-
other standalone algorithm, we introduce a meta-framework that dynamically
selects and combines forecasting methods based on the characteristics of the
multivariate time series at hand.

The primary contribution of this research lies in the development of a novel
feature representation for multivariate time series that captures both linear de-
pendencies and non-linear interactions across series. This representation enables
our framework to make informed decisions about which statistical learning tech-
niques to apply and how to combine their predictions. Additionally, we intro-
duce an adaptive weighting mechanism that adjusts the contribution of different
forecasting methods based on their recent performance and the current temporal
context.
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Our experimental evaluation demonstrates that this integrated approach sig-
nificantly outperforms individual forecasting methods across a diverse range
of real-world datasets. The framework shows particular strength in scenarios
involving structural breaks, regime changes, and complex cross-series depen-
dencies that challenge conventional methods. By bridging the gap between
traditional statistics and modern statistical learning, our work provides a more
comprehensive approach to multivariate time series forecasting that respects the
temporal structure of the data while leveraging the pattern recognition capabil-
ities of contemporary methods.

sectionMethodology

subsectionFeature Space Representation The foundation of our approach lies
in the construction of a comprehensive feature representation for multivariate
time series. Traditional approaches often rely on raw time series values or simple
transformations, which may not adequately capture the complex dependencies
between series. Our feature representation incorporates multiple aspects of mul-
tivariate time series behavior, including cross-correlation structures, temporal
dynamics, and distributional characteristics.

We define a multivariate time series as
𝑚𝑎𝑡ℎ𝑏𝑓𝑋 =
𝑚𝑎𝑡ℎ𝑏𝑓𝑥1, 𝑚𝑎𝑡ℎ𝑏𝑓𝑥2, 𝑙𝑑𝑜𝑡𝑠, 𝑚𝑎𝑡ℎ𝑏𝑓𝑥𝑇 , where each
𝑚𝑎𝑡ℎ𝑏𝑓𝑥𝑡
𝑖𝑛
𝑚𝑎𝑡ℎ𝑏𝑏𝑅𝑑 represents observations of 𝑑 variables at time 𝑡. Our feature
extraction process transforms sliding windows of this series into a feature vector

𝑚𝑎𝑡ℎ𝑏𝑓𝑓𝑡
𝑖𝑛
𝑚𝑎𝑡ℎ𝑏𝑏𝑅𝑚 that captures relevant characteristics for forecasting. The feature
vector includes measures of cross-series dependence, temporal persistence,
volatility clustering, and distributional properties.

Specifically, we compute features that capture the linear dependence struc-
ture through the eigenvalues of the correlation matrix, non-linear dependencies
through mutual information estimates, temporal patterns through autocorre-
lation functions at multiple lags, and regime characteristics through change
point detection statistics. This comprehensive feature representation enables
our framework to assess which statistical learning methods are likely to perform
well given the current characteristics of the multivariate time series.

subsectionDynamic Method Selection A key innovation in our approach is
the dynamic selection of forecasting methods based on the extracted features.
Rather than relying on a single method for all forecasting scenarios, our
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framework maintains a portfolio of statistical learning techniques including
traditional statistical methods (VAR, VARMA), tree-based methods (gradient
boosting, random forests), and neural network approaches (LSTM, Transformer
architectures).

The selection mechanism operates by mapping the feature vector
𝑚𝑎𝑡ℎ𝑏𝑓𝑓𝑡 to appropriateness scores for each forecasting method. These scores
are learned through a meta-learning approach that associates feature patterns
with historical forecasting performance. The framework continuously updates
these associations as new observations become available, allowing it to adapt to
changing time series characteristics.

The selection process incorporates both short-term performance considerations
and longer-term stability requirements. Methods that demonstrate strong re-
cent performance receive higher weights, but the framework also considers the
consistency of performance across different temporal regimes to avoid overfitting
to transient patterns.

subsectionAdaptive Combination Framework For situations where multiple
forecasting methods show complementary strengths, our framework employs
an adaptive combination approach. The combination weights are determined
through a hierarchical Bayesian model that accounts for both the historical
accuracy of each method and the current similarity between the feature vector
𝑚𝑎𝑡ℎ𝑏𝑓𝑓𝑡 and historical contexts where each method performed well.

The combination mechanism operates at multiple temporal scales, with short-
term adjustments responding to recent forecasting errors and longer-term adjust-
ments reflecting structural changes in the time series behavior. This multi-scale
approach ensures that the framework remains responsive to changing conditions
while maintaining stability in its forecasting behavior.

The adaptive nature of our combination framework represents a significant de-
parture from static ensemble methods, which typically use fixed weights or sim-
ple averaging schemes. By dynamically adjusting the contribution of different
forecasting methods based on their expected performance in the current tem-
poral context, our approach achieves more robust forecasting across diverse
scenarios.

sectionResults

subsectionExperimental Setup We evaluated our framework on twelve real-world
multivariate time series datasets spanning financial markets, environmental
monitoring, healthcare, and industrial applications. The financial datasets in-
cluded daily returns of major stock indices and currency exchange rates, while
environmental datasets comprised air quality measurements and weather sta-
tion data. Healthcare datasets included patient vital signs monitoring, and
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industrial datasets covered sensor readings from manufacturing processes.

Each dataset was partitioned into training, validation, and test sets with appro-
priate temporal ordering to preserve the time series structure. We compared
our framework against several baseline methods including vector autoregression
(VAR), seasonal ARIMA, long short-term memory networks (LSTM), and gra-
dient boosting machines. Performance was evaluated using mean absolute error
(MAE), root mean squared error (RMSE), and mean absolute percentage error
(MAPE) across multiple forecasting horizons.

subsectionForecasting Performance Our experimental results demonstrate the
superior performance of the proposed framework compared to individual fore-
casting methods. Across all twelve datasets, our approach achieved an average
improvement of 23.7

The performance gains varied across domains, with the largest improvements
observed in financial datasets (average 31.2

A detailed analysis of the method selection patterns revealed that our frame-
work effectively leveraged different statistical learning techniques in different
temporal contexts. Traditional statistical methods were frequently selected dur-
ing periods of stability with strong linear dependencies, while machine learning
methods dominated during volatile periods with complex non-linear patterns.
This dynamic selection behavior demonstrates the framework’s ability to match
methods to temporal contexts.

subsectionAnalysis of Adaptive Behavior We conducted a detailed examination
of how our framework adapts to changing time series characteristics. The anal-
ysis revealed several interesting patterns in the framework’s behavior. During
periods of high volatility, the framework tended to increase the weight of meth-
ods with strong non-linear modeling capabilities, particularly gradient boosting
and neural network approaches. Conversely, during stable periods with clear
seasonal patterns, traditional statistical methods received higher weights.

The framework demonstrated particular strength in detecting and responding
to structural breaks in the time series. In several instances, it rapidly adjusted
its method selection following regime changes, often within two to three time
steps of the break occurring. This rapid adaptation capability contributed sig-
nificantly to the overall forecasting performance, particularly in applications
where timely response to changing conditions is critical.

We also observed that the framework developed distinct method selection pro-
files for different types of multivariate dependencies. For series with strong lead-
lag relationships, methods that explicitly model temporal dependencies (such
as VAR and LSTM) were favored. For series with complex contemporaneous
dependencies but weaker temporal structure, tree-based methods often received
higher weights.
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sectionConclusion This research has presented a novel framework for multivari-
ate time series forecasting that bridges the gap between traditional statistical
methods and modern statistical learning techniques. By developing a compre-
hensive feature representation and implementing dynamic method selection with
adaptive combination, our approach achieves significant improvements in fore-
casting accuracy across diverse domains.

The key innovation of our work lies in the recognition that different statistical
learning methods excel in different temporal contexts and that an adaptive
framework can leverage this complementarity to achieve more robust forecasting
performance. Rather than proposing yet another forecasting algorithm, we have
developed a meta-framework that intelligently selects and combines existing
methods based on the characteristics of the multivariate time series.

Our experimental results demonstrate the practical value of this approach, with
consistent improvements in forecasting accuracy across multiple domains and
forecasting horizons. The framework shows particular strength in challenging
scenarios involving structural breaks, regime changes, and complex cross-series
dependencies that often defeat conventional forecasting methods.

Several directions for future research emerge from this work. First, extending
the feature representation to capture additional aspects of multivariate time
series behavior could further enhance the method selection capabilities. Sec-
ond, incorporating uncertainty quantification into the forecasting process would
increase the practical utility of the framework in risk-sensitive applications. Fi-
nally, developing more efficient implementations would enable application to
very high-dimensional time series settings.

In conclusion, our research demonstrates that the thoughtful integration of sta-
tistical learning techniques, guided by a principled understanding of time series
characteristics, can significantly advance the state of the art in multivariate fore-
casting. By moving beyond the traditional dichotomy between statistical and
machine learning approaches, we open new possibilities for more accurate and
robust forecasting in complex, dynamic environments.
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