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Abstract

Forecasting high-volume, univariate, and multivariate longitudinal data streams is a critical challenge
in Big Data systems, especially with constrained computational resources and pronounced data vari-
ability. This paper addresses this challenge through the introduction of a dual-level contribution. First,
we propose a theoretical framework for quantifying “data bigness” as a function of statistical, computa-
tional, and algorithmic complexity. This lens allows for more precise formalization of resource-bound
analytics in dynamic environments. Second, we present the Adaptive High-Fluctuation Recursive
Segmentation (AHFRS) framework, which leverages multivariate fluctuation statistics to construct
compact, information-dense training subsets within bounded memory windows. Unlike static or
recency-based methods, AHFRS dynamically selects historical segments with significant variance. This
improves predictive signal retention under strict computational budgets. The framework is validated
using synthetically generated longitudinal datasets across Finance, Retail, and Healthcare domains,
each modeling domain-specific temporal dynamics while controlling for population heterogeneity.
Forecasting is performed on a per-customer basis to simulate individualized inference under con-
strained memory conditions. Experimental results demonstrate that AHFRS consistently improves
predictive performance across learning models and domains. This approach advances the theoretical
modeling of data complexity and the design of adaptive, resource-efficient forecasting pipelines for
real-world, high-volume data ecosystems. The proposed segmentation framework is validated on
both real-world univariate and synthetic multivariate datasets. A univariate case study using Bitcoin
hourly price data demonstrates early effectiveness of the model, which is then extended to multivariate
domains in Finance, Retail, and Healthcare.

Keywords: univariate time series; multivariate time series; big data analytics; Recursive window
segmentation; high fluctuation; Predictive modeling; Data optimization

1. Introduction
The rapid increase in multivariate longitudinal data across industries has created a new era of big

data analytics, presenting both vast opportunities and significant challenges. As data continuously
expand in volume, velocity, and variety, traditional analytical frameworks often fail to address the
complexities of dynamic real-world datasets [1,2]. The need for scalable, context-aware solutions to
extract meaningful insights and improve predictive accuracy has become paramount [3]. Previous
research advanced big data analytics by proposing quantitative definitions of "data bigness" and
the "3Vs" framework (volume, velocity, variety) [4,5]. However, these approaches often overlook
critical multivariate statistical properties such as covariance, skewness, and kurtosis [6,7]. Furthermore,
existing segmentation algorithms designed for univariate scenarios struggle to adapt to the intricate
interdependencies present in multivariate longitudinal datasets [8]. These limitations highlight the
need for methodologies that capture the nuanced statistical variability of data while aligning with the
unique requirements of various industries [3,9]. This paper builds on these foundations by introducing
an enhanced adaptive segmentation framework that integrates statistical variability with traditional
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attributes of big data. Specifically, this paper refines the quantitative definition of "data bigness"
introduced in [8] to include multivariate statistical measures. This enables dynamic computation of
window sizes tailored to individual dataset characteristics [3,10]. This adaptive approach optimally
combines high-fluctuation data segments with recent trends to form robust predictive datasets. This
addresses computational constraints and the complexities of diverse industry applications [8,11]. The
core contribution of this paper lies in the application of advanced multivariate statistical analysis
to dynamically adjust segmentation processes. By incorporating measures such as mean vectors,
covariance matrices, skewness, and kurtosis, the proposed methodology precisely models temporal
and structural patterns across industries [6,7,12]. Empirical evaluations in finance, retail, and healthcare
demonstrate significant improvements in the accuracy of forecasting, underscoring the scalability and
effectiveness of the approach [13–15]. This work not only advances the theoretical understanding
of data bigness but also provides a practical framework for Big Data analytics that bridges the gap
between research and real-world applications. By offering scalable and context-aware solutions for
multivariate longitudinal data challenges, this paper enables more informed decision-making and
innovation across sectors [16].

Although this paper focuses on multivariate forecasting, the foundational segmentation frame-
work is designed to operate both on univariate and multivariate longitudinal data. In prior work
[8], we demonstrated that the AHFRS approach significantly improved forecasting performance for
univariate financial time series (Bitcoin), even under strict processing constraints. This study general-
izes that work, extending the methodology to multivariate contexts with domain-specific temporal
characteristics and interdependencies.

2. Existing Literature Review: Big Data Definition
The explosion of data over recent decades has made Big Data a central focus of research and

application across numerous fields. Despite its widespread use, the term "Big Data" often remains
ambiguous, as multiple definitions attempt to capture its essential characteristics. This section critically
reviews the evolution of Big Data definitions, their strengths, limitations, and relevance to contem-
porary analytics. This review identifies key gaps to establish a foundation for a precise, quantitative
definition of "Big Data" that is tailored to modern data challenges.

2.1. Foundational Frameworks: The "3 Vs" Model

Doug Laney’s seminal "3 Vs" model, introduced in 2001, laid the groundwork for understanding
Big Data [4]. This framework defined Big Data along three dimensions: Volume (the vast amounts
of data generated), Variety (the diversity of data types), and Velocity (the speed at which data are
produced and processed). These dimensions underscored the technological challenges of manag-
ing large-scale datasets and became a cornerstone in both academic and industrial contexts [4,17].
However, the "3 Vs" model has faced criticism for oversimplifying the complexities of modern data
environments. Kitchin and McArdle (2016) argued that this framework overlooks ontological nuances
of "Big Data," such as exhaustivity (comprehensive data capture), indexicality (real-time source align-
ment) and relationality (interconnected data flows) [10]. Their work expands the original framework
by acknowledging the unique characteristics of contemporary data, particularly in domains like social
media and geospatial systems [10,17]. This evolution reflects a growing demand for sophisticated
models that capture the intricacies of modern data ecosystems.

2.2. Expanded Definitions: Moving Beyond the "3 Vs"

To address the limitations of the "3 Vs" model, researchers have proposed more comprehensive
definitions of Big Data. De Mauro et al. (2016) highlighted infrastructural and computational chal-
lenges, defining "Big Data" as datasets "too large, too complex, and too fast" for traditional systems
to process effectively [1]. This definition catalyzed the development of scalable architectures like
Hadoop and Spark, which are now foundational in Big Data analytics [9]. Nonetheless, the absence of
universally accepted thresholds for classifying data as "big" remains a challenge. Many definitions rely
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on arbitrary metrics, such as data volume in terabytes or petabytes, which vary depending on context
and application [1,17]. This variability underscores the need for a universally applicable definition
that incorporates both qualitative and quantitative criteria.

2.3. Industry-Specific Definitions: Real-Time Analytics and Decision-Making

In industry, Big Data definitions often cater to specific use cases, reflecting practical needs. Ajah
and Nweke (2019) highlighted the transformative role of Big Data in enabling real-time analytics,
allowing businesses to dynamically respond to market trends, customer behaviors, and emerging
patterns [2]. This real-time capability is critical in sectors where timely insights drive competitive
advantage. Gandomi and Haider (2015) extended the conversation by emphasizing the growing domi-
nance of unstructured data—such as social media posts, images, and videos—which now constitutes
the majority of Big Data [11]. Analyzing unstructured data presents challenges that require advanced
algorithms and tools to extract actionable insights. This highlights the need for industry-specific
definitions aligned with evolving data characteristics [2,11].

2.4. Critical Challenges and the Need for Standardization

Despite significant advancements, the field continues to grapple with key challenges. A notable
issue is the lack of standardized thresholds for determining when data qualifies as "big." Existing
definitions often use system-specific constraints, hindering the development of universal metrics [1,9].
Furthermore, as technology advances and data complexity increases, traditional frameworks may
struggle to keep pace. De Mauro et al. (2016) and Kitchin and McArdle (2016) stressed that "Big
Data" definitions must be refined to address emerging challenges like data quality, accessibility, and
ethics [1,6]. The rise of artificial intelligence and machine learning further complicates this landscape,
requiring definitions that consider privacy, governance, and ethical dimensions [2,9].

2.5. Toward a Quantitative and Contextual Understanding

The reviewed literature highlights a dynamic and evolving field, underscoring the need for more
robust frameworks. While foundational models like the "3 Vs" remain relevant, they must be expanded
to accommodate the growing complexity of modern data environments. A quantitative definition of
"Big Data," which incorporates measurable parameters for data size, complexity, and variability, would
clarify its academic and industrial applications. This review lays the groundwork for proposing such a
definition, aimed at standardizing the understanding and management of Big Data. By addressing
current gaps, this paper offers a structured, adaptable, and precise framework for meeting the demands
of the digital age.

3. Data bigness: A statistical variability-based framework
Building on prior definitions (Section 2), this section enhances the definition of data bigness

introduced by D. Fomo and A.-H. Sato in [18] by proposing a multi-dimensional framework to
characterize "Big Data" more rigorously and quantitatively. Traditional definitions, often focused
on the "3Vs" (Volume, Velocity, Variety), lack the nuance to capture the full range of modern data
analysis challenges. This framework extends these concepts by integrating three crucial dimensions
of complexity: Statistical, Computational, and Algorithmic (NP-Hard). Thus, "bigness" is evaluated
not just by data scale (volume, velocity) or diversity (variety), but more holistically by its inherent
statistical properties, required computational resources, and the intrinsic difficulty of analytical tasks.
This comprehensive view provides a more operationally relevant and analytically insightful definition,
especially for navigating challenges in data-intensive domains like finance, retail, and healthcare.
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3.1. Multidimensional Quantitative Definition of Big Data

We propose that a dataset X, in the context of a specific analytical task implemented via algorithm
A, qualifies as Big Data if it meets or exceeds predefined context-dependent thresholds (τ) in at least
one of the following complexity dimensions (θ):

θstat ≥ τstat ∨ θcomp ≥ τcomp ∨ θNP-Hard ≥ τNP-Hard (1)

Each dimension is defined more formally as follows:

3.1.1. Statistical Complexity (θstat)

This dimension quantifies complexity from the dataset’s intrinsic statistical characteristics, particu-
larly deviations from simplifying assumptions (like normality or independence) or the presence of high
variability, heterogeneity, or instability. Such characteristics often necessitate more sophisticated or
robust analytical methods. A composite measure, θstat, is proposed in [18], integrating key multivariate
statistical properties:

θstat = ω1||X̄||+ ω2||Σ||+ ω3|β1|+ ω4|β2|+ ω5Tr(Σ) (2)

Where:

• ||X̄||: The norm of the estimated mean vector. Significant magnitude or temporal drift in X̄ can
complicate modeling, especially in non-stationary contexts [6].

X̄ =
1
n

n

∑
i=1

X i (3)

• ||Σ||: The norm of the estimated covariance matrix, representing the overall magnitude of pairwise
linear dependencies and individual variances. High values indicate strong correlations or high
variance, often increasing model complexity or requiring regularization [6,19].

Σ =
1

n − 1

n

∑
i=1

(X i − X̄)(X i − X̄)T (4)

• β1: Absolute multivariate skewness, defined by K.V. Mardia in [7], quantifying the degree of
asymmetry in the multivariate distribution. High skewness violates normality assumptions
common in classical methods and may require data transformations or distribution-agnostic
techniques [22].

β1 =
1
n2

n

∑
i=1

n

∑
j=1

(
(X i − X̄)TΣ−1(X j − X̄)

)3
(5)

• β2: Absolute multivariate kurtosis, defined by K.V. Mardia in [7], assessing the "tailedness" and
peakedness relative to a multivariate normal distribution. High kurtosis indicates heavy tails
(leptokurtosis), suggesting a higher propensity for outliers or extreme events that can destabilize
standard estimators and necessitate robust statistical approaches [23].

β2 =
1
n

n

∑
i=1

(
(X i − X̄)TΣ−1(X i − X̄)

)2
(6)

• Tr(Σ): The trace of the covariance matrix, equivalent to the sum of the variances of individual
variables σii. It provides a simple scalar summary of the total variance or dispersion within the
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dataset [28]. High total variance can be indicative of complexity, particularly in high-dimensional
settings.

Tr(Σ) =
n

∑
i=1

σii (7)

The non-negative weights (ω1, . . . , ω5) allow for domain-specific calibration, emphasizing the most
relevant statistical complexities for an application (e.g., prioritizing kurtosis ω4 for financial risk [15,21,
22] or skewness ω3 for population heterogeneity in healthcare [12]).

3.1.2. Computational Complexity (θcomp)

This dimension quantifies the practical resource requirements associated with executing algorithm
A on dataset X, specifically processing time and memory (space). It directly reflects the computational
burden and scalability challenges.

θcomp = ω6T (X, A) + ω7S(X, A) (8)

where:

• T (X, A): A numerical representation of the algorithm’s asymptotic time complexity (e.g., map-
ping O(n), O(n log n), O(n2), O(2n) to a monotonically increasing numerical scale). High time
complexity signifies that execution time grows rapidly with data size n, potentially exceeding
acceptable latency or processing windows [17,23,24].

• S(X, A): A numerical representation of the algorithm’s asymptotic space complexity. High space
complexity indicates substantial memory needs (e.g., linear, quadratic, exponential), which can
be a critical bottleneck for large datasets, especially for in-memory computations [17,23,24].

The weights ω6 and ω7 permit balancing the relative importance of time versus memory constraints
based on specific system limitations or application requirements.

3.1.3. Algorithmic (NP-Hard) Complexity (θNP-Hard)

This dimension addresses the intrinsic computational difficulty of the analytical problem algo-
rithm A aims to solve, especially if the problem is in a computationally hard complexity class (e.g.,
NP-hard [25,26]). For such problems, finding an exact optimal solution is generally considered in-
tractable for large input sizes within feasible time, necessitating heuristic or approximation strategies.
Many core tasks in Big Data analytics including certain types of clustering, feature selection, graph
partitioning, network analysis, and combinatorial optimization fall into this category.

θNP-Hard = ω8A(A) (9)

where:

• A(A): An indicator reflecting the complexity class of the problem solved by A. For instance,
A(A) could be assigned a high value (e.g., 1) if the problem is NP-hard and typically requires
non-exact methods for large instances encountered in Big Data, and a low value (e.g., 0) if the
problem admits efficient polynomial-time algorithms.

This dimension highlights scenarios where the primary challenge stems from the combinatorial nature
of the problem itself, demanding specialized algorithmic techniques beyond just scalable infrastructure.

3.2. Establishing Domain-Specific Thresholds (τ) and Implication

It is essential to recognize that the thresholds (τstat, τcomp, τNP-Hard) that delineate "Big Data"
within this framework are not universal constants. Instead, they are context-dependent benchmarks
established relative to domain norms, analytical objectives, available infrastructure, and current
algorithmic advancements.
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• Finance: Statistical thresholds (τstat) for high kurtosis might be benchmarked against historical
crisis data [15,21]. Computational thresholds (τcomp) could be dictated by latency requirements
(e.g., algorithms slower than O(n2) deemed too slow). NP-hard complexity (τNP-Hard = 1) could
be triggered by tasks like complex portfolio optimization [22,27,28].

• Retail: Statistical thresholds (τstat) might relate to identifying significant deviations in customer
behavior [29]. Computational limits (τcomp) could be set by the feasibility of daily analyses on
massive transaction volumes (e.g., O(n3) infeasible). NP-hard challenges arise in vehicle routing
or large-scale clustering [30].

• Healthcare: Statistical thresholds (τstat) for kurtosis might link to detecting rare clinical events [12].
Computational complexity (τcomp) becomes paramount with potentially exponential-time al-
gorithms in genomics. NP-hard problems are common in sequence assembly or treatment
planning [31].

Defining appropriate thresholds requires careful consideration, empirical analysis, and domain ex-
pertise. This multi-dimensional framework practically guides the selection of appropriate analytical
strategies. Diagnosing the dominant complexity source(s) leads to targeted interventions:

• High Statistical Complexity (θstat ≥ τstat): Signals the need for robust statistical methods, non-
parametric approaches, data transformations, or adaptive methods like the segmentation strategy
explored in this paper [8,20,21].

• High Computational Complexity (θcomp ≥ τcomp): Necessitates computationally efficient al-
gorithms, parallelization, distributed computing platforms (e.g., Spark, Hadoop), hardware
acceleration, or data reduction techniques [17,23].

• High Algorithmic Complexity (θNP-Hard ≥ τNP-Hard): Requires shifting from exact methods
to well-justified heuristics, approximation algorithms, randomized algorithms, or specialized
solvers [32].

3.3. Contextualizing Statistical Complexity: Positioning θstat within Existing Frameworks

Efforts to formalize complexity have yielded a wide variety of measures across disciplines, each
grounded in specific theoretical frameworks and optimized for different modeling goals. Some aim to
quantify the balance between order and randomness, others assess memory or predictability, and others
reflect the difficulty of learning or compressing data. These perspectives have driven fundamental
progress in physics, information theory, computational mechanics, and neuroscience.

This section situates the proposed measure θstat within this broader methodological landscape. It
does not attempt to generalize, replace, or outperform these well-established frameworks. Instead,
it addresses a growing operational need to quantify statistical heterogeneity in large multivariate
datasets in a computable, interpretable, and useful way for adaptive data handling under resource
constraints.
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Table 1. Comparison of some representative Statistical Complexity Measures.

Measure Purpose Domain Typical Use Case

López-Ruiz-Mancini-
Calbet (CLMC) [33]

Balance between
entropy and

disequilibrium
Statistical physics Identify intermediate

complexity states

Excess Entropy [34]
Quantify mutual

information across
time

Dynamical systems Memory and structure
estimation

Statistical Complexity
(Cµ) [35]

Minimal memory for
optimal prediction

Computational
mechanics Structural modeling

Kolmogorov
Complexity
(KC) [36,37]

Shortest description
length /

compressibility
Universal modeling Algorithmic regularity,

anomaly detection

Decision-Estimation
Coefficient (DEC) [38]

Sample complexity of
decision tasks Interactive learning Regret-bound

estimation

Neural/Integrated
Complexity (Φ) [39]

Causal integration and
differentiation

Neuroscience, systems
biology

Consciousness
quantification

Each of these frameworks depicted in Table 1 formalizes complexity within its respective theo-
retical domain. Some focus on intrinsic system structure, others on descriptive efficiency, and some
on the hardness of learning or predicting under uncertainty. In contrast to these system-oriented or
task-oriented metrics, θstat is defined specifically to characterize segments of multivariate data that
exhibit properties statistically “unfriendly” to modeling. These include:

• Elevated variance (trace or norm of the covariance matrix)
• Non-Gaussian behavior (skewness and kurtosis)
• Strong inter-variable correlation (covariance structure)
• Shifting distributional centers (mean norm)

Each component is a standard multivariate statistic, making θstat transparent, scalable, and compatible
with existing data preprocessing pipelines. Moreover, its weighted form enables domain customization,
where weights ωi can reflect analytic priorities (e.g., tail risk in finance or asymmetry in population
health data). Rather than framing θstat as a general-purpose statistical complexity measure, we position
it as a task-aware diagnostic designed to flag data segments that are statistically complex in ways that
impede efficient modeling. Key distinctions include:

• Objective: Classical complexity measures aim to understand system behavior; θstat aims to support
model selection and window adaptation.

• Granularity: Other measures operate at the level of entire systems or sequences; θstat is local and
segment-level.

• Actionability: Its values directly inform whether a dataset slice warrants specialized modeling
strategies or resource allocation.

This makes θstat particularly valuable in data-intensive applications such as real-time forecasting,
anomaly detection, and adaptive sampling, where decisions must be informed by local statistical
characteristics under strict processing budgets.

The concept of statistical complexity is not monolithic. It must be understood relative to what is
being modeled, what constraints exist, and what outcomes are sought. While Kolmogorov complexity
addresses informational minimalism, Excess Entropy captures structure, and DEC formalizes decision-
making hardness, θstat is designed to answer a different question: Is this segment of data statistically
well-behaved enough for routine modeling, or does it require adaptive treatment? In answering that question,
θstat does not redefine statistical complexity; it retools it for analytics at scale.
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3.4. Advantages of Our Proposed Multi-Dimensional Framework

This framework offers several significant advantages over traditional, often underspecified, "Big
Data" definitions:

• Theoretical Rigor and Comprehensiveness: Provides a more complete, multifaceted, and con-
ceptually sound basis for characterizing the challenges posed by modern datasets, grounded in
statistics and computer science principles.

• Enhanced Interpretability: It clearly separates distinct sources of difficulty (statistical properties,
resource demands, intrinsic problem hardness), allowing a more precise diagnosis of analytical
bottlenecks.

• Actionable Analytical Guidance: It directly informs strategic decisions on selecting appropriate
statistical methods, computational infrastructure, and algorithmic techniques tailored to the
specific complexities encountered.

• Contextual Adaptability: It formalizes the context-dependent nature of "bigness," allowing
calibration to specific domains, analytical objectives, and technological capabilities. This offers
greater flexibility and practical relevance than fixed, universal definitions [1,9].

Adopting this multi-dimensional perspective can help the field develop a more standardized, insightful,
and operationally useful understanding of "Big Data". This facilitates the development and application
of more effective strategies for data analysis and robust data-driven decision-making in an increasingly
complex data landscape.

4. Review of Big Data Analytics Challenges
Building on the multi-dimensional "data bigness" framework from Section 3 (characterizing

statistical (θstat), computational (θcomp), and algorithmic (θNP-Hard) complexities), this section examines
specific, interconnected challenges in big data analytics. While the potential for deriving valuable
insights from vast datasets is immense [40], realizing this potential is frequently hindered by obstacles
stemming directly from the inherent characteristics of Big Data often summarized by the Vs: Volume,
Velocity, Variety, and increasingly, Veracity and Value [41,42]. As highlighted, efficiently managing,
processing, and extracting insights from massive, diverse, and rapidly generated datasets is a primary
hurdle for organizations using big data for forecasting and strategic decisions. These challenges
necessitate sophisticated analytical strategies and robust computational infrastructure.

4.1. Challenges Stemming from Statistical Complexity (θstat) and Data Veracity

A primary set of challenges arises from the intrinsic statistical properties and quality issues within
Big Data. Common in many industries, multivariate longitudinal datasets often show significant non-
stationarity, heterogeneity, and high statistical variability (including complex correlations, skewness,
and kurtosis), which complicates using traditional models. Identifying and modeling these underlying
structures requires advanced analytical approaches adaptable to local data characteristics.

Compounding this statistical complexity is the challenge of Data Veracity, ensuring the quality,
accuracy, consistency, and trustworthiness of the data [41,42]. Big data, often aggregated from diverse
sources, is frequently messy, with issues like incompleteness, noise, errors, inconsistencies, and
duplication [42–45]. Poor data quality is a critical bottleneck, as it can lead to flawed analysis, unreliable
conclusions, and poor decision-making [40,44,46]. Studies suggest a significant percentage of Big
Data projects fail due to data quality management issues [46]. Addressing this requires robust data
governance, rigorous (and potentially computationally intensive) data cleaning and preprocessing,
and validation procedures [40–43,46]. However, automated cleaning techniques often struggle with
the diversity and complexity of real-world datasets [43], necessitating human intervention and domain
expertise [43].

Moreover, our prior work highlighted a challenge: balancing the capture of relevant historical
patterns (e.g., high fluctuations or seasonality in older data) with an emphasis on recent trends,
especially under strict data volume constraints. Naively discarding older data, a common approach
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to manage volume, can lead to a significant loss of information about long-term cycles or rare events
crucial for accurate forecasting.

4.2. Challenges Stemming from Computational Complexity (θcomp), Volume, and Velocity

The defining characteristics of Volume and Velocity translate directly into significant compu-
tational hurdles. Organizations now grapple with petabytes or exabytes of data, rendering tradi-
tional storage solutions inadequate and requiring scalable infrastructure like cloud storage (e.g.,
Amazon S3, Google Cloud Storage, Microsoft Azure), data lakes, compression, and deduplication
techniques [42,45,47]. The sheer volume strains processing capacity, impacting both time complex-
ity (T (X, A)) and space complexity (S(X, A)). Many standard algorithms, particularly traditional
Machine Learning algorithms, scale poorly and become computationally prohibitive as data size
grows [43,48].

The rapid rate at which data is generated (e.g., from IoT devices, social media) and needs
processing demands real-time or near-real-time analytical capabilities [40,42]. This often necessitates
stream processing frameworks (e.g., Apache Kafka, Apache Flink) over traditional batch processing,
adding complexity and cost [40,42]. Efficiently collecting, processing (transforming, extracting),
and analyzing these large, fast-moving datasets is a significant challenge [40,41]. Achieving true
scalability requires efficient distributed computing techniques, parallel processing, data partitioning,
and fault tolerance, which present their own implementation challenges [43,48]. System limitations,
like maximum processable data volume (discussed in prior work), necessitate intelligent data reduction
or selection to preserve information within computational budgets.

4.3. Challenges Stemming from Algorithmic Complexity (θNP-Hard)

Beyond resource constraints, some Big Data analytics tasks, such as specific types of clustering,
feature selection, optimization, or network analysis, are intrinsically difficult due to their underlying
Algorithmic Complexity. Many such problems are NP-hard, meaning exact optimal solutions are
generally intractable for large inputs within feasible timeframes. This necessitates the use of approx-
imation algorithms, heuristics, or randomized methods, which trade optimality for computational
feasibility. Recognizing and appropriately addressing this intrinsic hardness is crucial for selecting
suitable analytical techniques.

4.4. Interrelated Challenges: Variety, Integration, Security, Value Extraction, and Skills

The aforementioned challenges are often compounded by other factors:

• Variety and Integration: Big Data encompasses diverse types (structured, unstructured, semi-
structured) from multiple sources. Integrating these heterogeneous sources for analysis is chal-
lenging, sometimes requiring specialized tools (e.g., NoSQL databases [49]) and potentially
leading to data silos that hinder comprehensive analysis [42,44,45,47].

• Security and Privacy: Protecting vast amounts of potentially sensitive data is paramount [40,41].
Concerns include data breaches, compliance with regulations (e.g., GDPR, CCPA), unauthorized
access, and ensuring privacy throughout the data lifecycle [42,44,45,50]. Big Data environments,
including IoT initiatives, increase the potential attack surface by introducing more endpoints [50].
Robust security measures like comprehensive data protection strategies, encryption, authentica-
tion, authorization, and strict, granular access control are essential but challenging to implement
at scale [41,42,45,50,51].

• Value Extraction and Skills Gap: Extracting meaningful, actionable insights and generating
tangible value from big data is the ultimate goal, yet it remains a significant challenge [41,51].
Furthermore, surveys indicate a lack of skilled personnel (e.g., data scientists) with the expertise
to manage the infrastructure, apply advanced analytical techniques, and correctly interpret results
is a major barrier to adoption [45,50]. Selecting the right tools and platforms is also crucial but
complex, as no single solution fits all Big Data needs [40,44].
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Addressing this complex web of challenges requires multifaceted solutions. Methodologies must
be statistically robust, computationally scalable, algorithmically sophisticated, secure, and flexible.
The adaptive segmentation framework proposed later contributes a strategy to navigate trade-offs
between incorporating rich historical information (including fluctuations) and adhering to processing
constraints. This enhances forecasting model effectiveness for complex multivariate big data.

5. Proposed Methodology: Adaptive High-Fluctuation Recursive Segmentation
5.1. Introduction and Context

To address the big data analytics challenges from Section 4, computational constraints (Ω) limiting
processable data, statistical complexity (θstat) of multivariate longitudinal data and balancing recent
trends with historical fluctuations, advanced data selection strategies are required for effective fore-
casting. A key issue is how to select the most informative subset of data as depicted in Figure 1. Naïve
methods often rely solely on the most recent Ω data points, discarding older but potentially important
patterns [8]. This can lead to missed signals from significant past fluctuations. While data segmentation
plays an important role, existing techniques have notable limitations in this context. To overcome
these, we introduce a new method: the Adaptive High-Fluctuation Recursive Segmentation algorithm
(AHFRS). This approach dynamically combines statistical variability analysis with likelihood-based
segmentation to construct a highly optimized forecasting dataset.

Figure 1. General scenario depicting processing limitation during forecasting. (Given a dataset of size Z records,
m features, and p targets, with a physical processing constraint of Ω.)

5.2. Review of Baseline Segmentation Approaches and Their Limitations

To contextualize our method’s contributions, we review two common baseline approaches for
processing time series data streams (Fixed-Size Sliding Windows and ADWIN). We then evaluate
their limitations regarding our objective: optimizing datasets for multivariate longitudinal forecasting
under processing constraints while preserving historical context.

5.2.1. Fixed-Size Sliding Windows

Overview: This approach, arguably the most conventional and straightforward, applies a sliding
window of fixed length Ω over the time series. As new observations arrive, the window advances
by one step, and forecasting models are trained or updated using only the data within the current
window.

Relevance and Limitations in Multivariate Longitudinal Big Data: Fixed-size windows naturally
extend to multivariate settings by including the most recent Ω multivariate observations. However,
their main limitation is their non-adaptive nature. Multivariate longitudinal datasets, particularly in
domains such as finance, retail, and healthcare, are typically non-stationary, exhibiting dynamic trends,
evolving volatility, and varying seasonality [9,12,15,29]. A static window size cannot accommodate
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these fluctuations effectively. Short windows may fail to capture long-term dependencies or seasonal
cycles present in the historical data. While long windows, conversely, risk smoothing over recent
changes, reducing responsiveness and adaptability. Most importantly, this approach discards all
observations older than Ω, thereby neglecting potentially valuable historical segments. This omission
is problematic when earlier fluctuations contain significant predictive value—an insight our method
leverages [8].

5.2.2. ADWIN (Adaptive Windowing)

Overview: ADWIN [52] is a parameter-free, adaptive algorithm developed to detect concept drift
in data streams by monitoring changes in the mean or distribution. It maintains a dynamic window
of recent data and reduces its size when a statistically significant difference is observed between
sub-windows. For multivariate data, ADWIN typically requires modification, such as monitoring a
univariate proxy derived from the multivariate input (e.g., Mahalanobis distance, model prediction
error, or combined variance metrics).

Relevance and Limitations in Multivariate Longitudinal Big Data: Compared to fixed-size win-
dows, ADWIN introduces adaptivity by reacting to changes in data distribution and is thus a more
sophisticated baseline. However, its design and objectives are not fully aligned with the requirements
of our task, for the following reasons:

• ADWIN is optimized for detecting recent changes and retaining data from the current distribution.
In contrast, our approach identifies historically significant segments with pronounced statistical
fluctuation and integrates them with recent observations to form a forecasting-optimized dataset.

• Upon detecting change, ADWIN discards the older portion of its window to maintain adaptability.
In contrast, our method explicitly retrieves and reuses historical segments, selecting those with
statistically significant fluctuation for inclusion in the forecasting dataset. Thus, where ADWIN
forgets, our approach remembers selectively.

• ADWIN primarily bases its adaptation on changes in means or simple distributional statistics.
Our method incorporates a richer multivariate statistical characterization, leveraging higher-
order moments such as skewness and kurtosis. This design allows our method to adapt to
complex features like volatility, asymmetry, and tailedness, which are important in real-world,
high-dimensional forecasting across diverse industries [7,21,53].

In summary, while both Fixed-Size Sliding Windows and ADWIN serve as important baselines, they
are not fully equipped to address the dual challenges of statistical adaptivity and historical context
utilization under constrained conditions. Our method overcomes these limitations by using likelihood-
ratio segmentation to identify significant past fluctuations. It also utilizes higher-order statistical
adaptation for window sizing and segment replacement, and explicitly constructs an optimized
forecasting dataset by selectively combining historical and recent data.
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Figure 2. Proposed Solution Architecture. (Phase 1 represents the scope of this paper while phase 2 represents the
next phase of our proposal)

5.3. Foundational Recursive Segmentation (Likelihood Ratio)

The core segmentation technique employed in our proposed architecture (Figure 2) for identifying
high-fluctuation segments is a likelihood-based recursive segmentation algorithm, originally proposed
by Sato [54] and used in our prior work [8]. This method builds on principles from change point
detection [55,56], aiming to detect time points where the statistical properties of a time series exhibit
abrupt shifts.

Let us consider a multivariate time series segment of length Z, represented by its M-dimentional
fractional changes wit, where i = 1, . . . , M and t = 1, . . . , Z (with M = m + q). For each candidate
split point t ∈ [ρ, Z − ρ], where ρ denotes the minimum segment length, the algorithm computes a
likelihood ratio ∆t. This statistic compares the likelihood under a two-segment model (with a split at
time t) against a single-segment model.

Assuming approximate multivariate normality within segments, the statistic is computed via the
determinants of the estimated covariance matrices for the entire segment (Ĉ), the left segment (ĈL(t)),
and the right segment (ĈR(t)), as detailed in [8] and [18]:

∆t ≈
Z
2

log |Ĉ| − t
2

log |ĈL(t)| − Z − t
2

log |ĈR(t)|. (10)

The covariance matrices are estimated from wit as:

Ĉij =
1
Z

Z

∑
s=1

(wis − µi)(wjs − µj)

ĈL
ij(t) =

1
t

t

∑
s=1

(wis − µ̂L
i )(wjs − µ̂L

j )

ĈR
ij (t) =

1
Z − t

Z

∑
s=t+1

(wis − µ̂R
i )(wjs − µ̂R

j )

(11)

The optimal split point u∗ is identified as the value of t that maximizes ∆t:

∆∗ = ∆u∗ = max
ρ≤t≤Z−ρ

∆(t). (12)

A larger ∆∗ indicates a more statistically significant deviation between sub-segments, suggesting a
high fluctuation change point. This binary splitting is applied recursively to the resulting segments.
The process terminates when ∆∗ for a potential split falls below a predefined statistical significance
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threshold, typically based on the χ2 distribution [8]. The result is a partition of the series into statistically
homogeneous segments, denoted by the set of boundaries Sbound.

5.4. Adaptive Window Size Determination

A central innovation introduced in [18] is the adaptive replacement of the fixed window percent-
age x% used in [8] with a dynamically computed window size, denoted as dwsize. This addresses the
limitation that a fixed percentage (x%) may not adequately capture the statistical stability or variability
of the recent segment SL (length Ω).

The method identifies the largest, most recent, contiguous sub-segment within SL that shows
high internal statistical similarity. The segment is assumed to be relatively stable and less informative
compared to high-fluctuation historical periods.

For all possible partitions of SL into left (SLeft, from start to time t) and right (SRight, from t + 1 to
end), two similarity metrics are computed:

• Preliminary Similarity (φinit) which captures differences in central tendency and overall variance:

φinit = α1||X̄Left − X̄Right||+ α2|Tr(ΣLeft)− Tr(ΣRight)|, (13)

where X̄Left and Tr(ΣLeft) represent the norm of the mean vector and the trace of the covariance
matrix for data segment SLeft respectively. X̄Right and Tr(ΣRight) represent the same for data
segment SRight.

• Detailed Similarity (φdetail) which measures difference in higher-order moments using the com-
posite variability metric ψ defined in [18], which includes skewness and kurtosis and ensures that
the two segments are also aligned in their distributional characteristics, such as shape, asymmetry,
and tail behavior [7,21,54]:

φdetail = α3|ψLeft − ψRight|, (14)

where ψLeft and ψRight represent the weighted aggregation composite metrics (defined in [18]) for
data segment SLeft and SRight respectively.

The partition that minimizes the combined similarity score constitutes the final window size (dwsize)
which is computed as follows:

dwsize = Size

(
argmin

Top Subsets
{φinit + φdetail}

)
(15)

The argmin operation identifies the specific data subset within the Top Subsets that yields the minimum
combined similarity score. In this context, Top Subsets represents a set of candidate data segments
derived from SL that have the lowest preliminary similarity (φinit), suggesting high internal statistical
stability. The Size(·) function returns the length (number of observations) of the data subset.

The adaptive percentage x is then defined as:

x =
dwsize

Ω
, (16)

which reflects the fraction of SL considered statistically stable and subject to replacement.
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Figure 3. Segmentation Based Proposal. (Given a dataset of size Z records, m features, and q targets, with a
physical processing constraint of Ω)

5.5. High-Fluctuation Segment Selection and Optimal Dataset Construction

With the adaptive percentage x computed, the algorithm constructs the optimized dataset SOpt by
incorporating relevant historical context as depicted in Figure 3.

• Target Set for Segmentation (Sτ): Constructed by combining the full past segment SP of size
Z − Ω with the earliest portion of the recent segment SL(x%) of length x × Ω:

Sτ = SP ∪ SL(x%) (17)

• Recursive Segmentation: Apply the likelihood-ratio segmentation algorithm (Section 5.3) on Sτ ,
yielding a set of statistically significant boundaries:

Sbound = {u∗ | ∆u∗ = max
u

∆u} (18)

• Top-k Segment Selection: Rank boundaries u∗ by descending ∆u∗ and select the top k. For each
u ∈ topk, extract a segment ϕu around it. The value of k and chunk sizes are chosen such that:

|StopK| = ∑
u∈topk

|ϕu| where |StopK| = |SL(x%)| = x × Ω (19)

• Optimal Dataset Construction:
SOpt = StopK ∪ SL(1−x%) (20)

This ensures SOpt retains the original window size Ω while integrating statistically significant historical
fluctuations.

5.6. Advantages and Scalability

The adaptive window segmentation algorithm presented here and summarized in Figure 4 is
designed with scalability as a key consideration, making it suitable for large, high-dimensional datasets
typical in big data scenarios. Computationally intensive aspects, like recursive segmentation and
calculating multivariate statistical properties (covariance, skewness, kurtosis), can significantly benefit
from parallel execution. By distributing these computations across multiple processing cores or nodes
within a cluster, the overall runtime can be substantially reduced.

For potential real-time or near-real-time applications, the methodology can be further optimized
by leveraging distributed computing frameworks like Apache Spark or Hadoop [23,47]. These plat-
forms enable efficient data partitioning, allowing independent processing of data segments before
merging the final segmentation results. This parallelization capability is particularly advantageous
in data-intensive domains such as finance and healthcare, where rapid data ingestion and timely
analysis are often critical. Further investigation into implementing and benchmarking the algorithm
within these distributed frameworks is warranted to empirically validate its scalability across diverse,
large-scale datasets [18].
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Figure 4. Segmentation based Proposal Process Flow.

6. Evaluation Across Univariate and Multivariate Forecasting
This section presents the empirical validation of the AHFRS framework across both univariate and

multivariate longitudinal time series scenarios. We begin by evaluating performance on a real-world
univariate financial dataset, followed by assessments on synthetically generated multivariate datasets
simulating domain-specific temporal patterns in Finance, Retail, and Healthcare.

6.1. Univariate Forecasting: Bitcoin Case Study

This experiment evaluates the performance of AHFRS in a univariate forecasting context using
hourly Bitcoin price data. The goal is to assess the impact of statistically guided segmentation on
forecasting accuracy under memory constraints.

6.1.1. Dataset and Forecast Objective

The dataset contains 37,196 hourly Bitcoin Weighted Price values (USD) spanning the period
2017-01-01 to 2021-03-30. The time series exhibits complex non-stationarity, volatility clusters, and
seasonal structures common in high-frequency financial data. The forecasting target is the period
2021-03-01 to 2021-03-30. To simulate operational constraints, the training dataset size is limited to
Ω = 14, 878 observations—approximately 40% of the full history. This constraint is applied uniformly
across both univariate and multivariate evaluations.

6.1.2. Experimental and Environment Setup

The Adaptive High-Fluctuation Recursive Segmentation (AHFRS) algorithm identifies segments
with high statistical complexity from earlier history and combines them with a proportion of the
most recent data. This composite training set is constructed such that its size remains within the Ω

constraint.
Suppose that univariate time series {z1, z2, . . . , zn}. For univariate time series, the statistical

complexity metrics Eq. (2) are simplified as:

θstat = ω1µ + (ω2 + ω5)σ
2 + ω3β1 + ω4β2 (21)

• Mean norm becomes scalar mean µ = 1
n ∑n

i=1 zi.
• Covariance matrix norm is reduced to sample variance σ2 = 1

n ∑n
i=1(zi − µ)2.

• Skewness and kurtosis are, respectively, reduced to their standard univariate forms as β1 =
1
n ∑n

i=1(zi − µ)3 and β2 = 1
n ∑n

i=1(zi − µ)4.
• Trace of covariance matrix is equivalent to the sample variance σ2.

The weights for this univariate Bitcoin case study were determined through empirical simulations
on prior data. We set ω1 = 0.01, (ω2 + ω5) = 0.01, ω3 = 1.0, and ω4 = 1.0. This weighting scheme
emphasizes the higher-order moments, skewness and kurtosis. This is crucial for financial time
series like Bitcoin, which are characterized by significant non-Gaussian behavior, fat tails, and abrupt,
extreme price fluctuations that often hold key predictive information for market volatility. By contrast,
lower weights for the mean and variance acknowledge that their contribution to identifying critical
high-fluctuation periods is less pronounced in highly non-stationary and volatile financial contexts,
enabling the algorithm to focus on segments with genuinely significant deviations.
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As our proposed algorithm, segments are identified using a recursive likelihood-ratio test defined
in Eqs. (10) to (12) which for univariate dataset are simplified as follow:

∆(t) ≈ Z
2

log |σ2| − t
2

log
∣∣∣σ2

L(t)
∣∣∣− Z − t

2
log
∣∣∣σ2

R(t)
∣∣∣ (22)

The variances are estimated from wt as:

σ2 =
1
Z

Z

∑
s=1

(w(s)− µ)2

σ2
L(t) =

1
t

t

∑
s=1

(w(s)− µL)
2

σ2
R(t) =

1
Z − t

Z

∑
s=t+1

(w(s)− µR)
2

(23)

Here, µ, µL, and µR are the sample means of the entire dataset, the left segment, and the right segment,
respectively. The optimal split point u∗ is still identified as the value of t that maximizes ∆(t), as per
Eq. (12). This adaptation allows the recursive segmentation process to accurately identify statistically
significant change points in univariate data streams.

The top-K historical segments are selected and combined with the dynamically computed latest
x% of data to form the final training window. Forecasting is performed using the Holt-Winters
exponential smoothing method configured as:

• Trend: multiplicative
• Seasonal: multiplicative
• Seasonal period: 365 (to capture daily seasonal cycles)

While the Holt-Winters exponential smoothing model is not inherently designed to capture the high
volatility and non-linear dynamics typical of financial time series such as cryptocurrency prices,
it is employed in this univariate evaluation as a deliberately constrained forecasting setup. The
objective is not to achieve state-of-the-art predictive performance, but rather to isolate and quantify
the contribution of the proposed AHFRS segmentation strategy within a consistent and controlled
modeling framework. A baseline model using the most recent Ω points without segmentation (“No
Segmentation”) is used for comparison.

6.1.3. Forecasting Results

A. Dynamic Window Computation
To comply with the system-imposed memory constraint of Ω = 18, 956 time steps, the AHFRS
framework constructs a training dataset by combining two complementary segments:

• SL(1−24.62%): the most recent 14,288 observations, representing (1 – 24.62%) of the memory
budget Ω, and

• StopK: a set of non-contiguous high-fluctuation historical segments totaling 4,668 observa-
tions, accounting for the remaining 24.62%.

These high-fluctuation segments are identified using the likelihood ratio–based recursive seg-
mentation method developed in our earlier work. This approach partitions the time series into
statistically homogeneous intervals by computing likelihood ratios between adjacent windows
and selecting breakpoints where a significant statistical shift is detected. The segments are then
ranked by their fluctuation intensity, and the top-K segments are chosen based on their relative
contribution to the total variability, all while respecting the global memory constraint Ω.
Figure 5 illustrates this segmentation layout for the univariate Bitcoin dataset. At the end of the
series, the contiguous recent segment SL(1−24.62%) provides short-term contextual information.
Interleaved across the earlier timeline are the selected high-variability segments StopK, which
capture historically significant behavioral shifts. The combination ensures that the training
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dataset contains both up-to-date signals and long-range fluctuation patterns that might otherwise
be excluded under recency-based schemes. This segmentation strategy distinguishes AHFRS
from conventional sliding window methods. Instead of discarding older data outright, AHFRS
selectively incorporates historically significant segments based on structural changes in the
series. This dynamic windowing capability allows the framework to construct a statistically
optimized and computationally feasible training dataset that retains both short-term trends and
long-term variability patterns critical to accurate forecasting.

Figure 5. Comparison of data selection strategies for the Bitcoin time series (2017-01-01 to 2021-02-28). (Top) The
time series illustrating the ’No Segmentation’ baseline approach, which utilizes only the most recent data segment
SL (red box) within the Ω constraint. (Bottom) The time series showing the dynamically constructed optimal
dataset SOpt using the Adaptive High-Fluctuation Recursive Segmentation (AHFRS) framework. This dataset is
composed of the recent, statistically stable segment SL(1−x%) (black box) and the k=5 high-fluctuation historical
segments StopK (colored boxes) selected via likelihood-ratio-based recursive segmentation. These segments
account for the dynamically computed x% = 24.62% of the training data.

B. Forecasting Generation and Evaluation Metrics
The forecasting process involves training the Holt-Winters exponential smoothing model (config-
ured as detailed in Section 6.1.2) on the respective training datasets: either the ’No Segmentation’
baseline (the most recent Ω observations) or the ’AHFRS-enhanced’ dataset (SOpt). Once trained,
the model generates multi-step-ahead predictions for the defined forecast horizon, which is the
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period 2021-03-01 to 2021-03-30 for the Bitcoin dataset. These predicted values, alongside the
actual test data, are visually presented in Figure 6.
Figure 6 illustrates the actual Bitcoin Weighted Price (TEST Data), the predictions from the
’No Segmentation’ baseline, and the predictions from the AHFRS-enhanced approach for the
evaluation period. It highlights how the AHFRS framework leads to predictions that more
closely track the actual price movements compared to the baseline. To quantitatively assess and
compare the accuracy of these generated forecasts, we utilize three well-established metrics:

• Root Mean Squared Error (RMSE):

RMSE =

√
1
m

m

∑
i=1

(yi − ŷi)2 (24)

• Mean Absolute Error (MAE):

MAE =
1
m

m

∑
i=1

|yi − ŷi| (25)

• Mean Absolute Percentage Error (MAPE):

MAPE =
100%

m

m

∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (26)

Where m is the number of predictions, yi is the actual value for the i-th prediction, and ŷi is the
predicted value for the i-th prediction.

Figure 6. Comparison of Actual and Predicted Bitcoin Weighted Prices for March 2021: Baseline vs. AHFRS-
Enhanced Holt-Winters Forecasting.

C. Performance Summary
The univariate forecasting results provide strong empirical evidence of the AHFRS framework’s
effectiveness in memory-constrained environments. By combining recent data with historically
significant, high-fluctuation segments, the training dataset constructed by AHFRS achieves su-
perior statistical diversity and predictive quality compared to a purely recent-window baseline.
As shown in Table 2, the AHFRS-enhanced configuration yields consistent improvements across
all three evaluation metrics:

• RMSE is reduced from 5743.12 to 4517.31, reflecting a 21.34% improvement,
• MAE drops from 4916.20 to 3553.85, a 27.71% improvement,
• MAPE decreases from 8.69% to 6.33%, representing a 27.15% relative reduction.

These gains highlight the forecasting benefits of retaining select, high-fluctuation historical
segments—rather than relying solely on recency—especially in volatile time series contexts
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like cryptocurrency pricing. The forecasting model used in this univariate scenario is the Holt-
Winters exponential smoothing method, configured with multiplicative trend and seasonality.
Notably, despite the model’s relative simplicity, the predictive performance is significantly
enhanced when paired with AHFRS, highlighting the importance of adaptive, informative input
segmentation over model complexity alone.
In summary, AHFRS significantly boosts univariate prediction accuracy under strict compu-
tational constraints. These findings affirm the framework’s relevance and lay the empirical
foundation for its subsequent application to multivariate forecasting.

Table 2. Forecasting Performance of proposed AHFRS in comparison to Baseline.

Dataset Model Scenario RMSE MAE MAPE(%)

Hourly Bitcoin Weighted Price (USD) Holt-Winters Baseline 5743.12 4916.20 8.69

Proposal 4517.31 3553.85 6.33

6.2. Multivariate Forecasting

We now evaluate AHFRS in multivariate contexts using synthetic datasets that simulate real-
world dynamics in three domains: Finance, Retail, and Healthcare. The empirical evaluation of the
AHFRS framework (Section 5) is designed to test its ability to enhance multivariate forecasting in
resource-constrained environments. While the "data bigness" framework (Section 3) models statistical
(θstat), Computational (θcomp), and Algorithmic (θNP-Hard) complexity, this evaluation isolates θcomp as
the primary constraint. We assess how effectively AHFRS extracts forecasting value when limited by
strict computational constraints on data volume and processing throughput.

6.2.1. System Constraint and Forecasting Objective

Modern data-driven systems in finance, retail, and healthcare often face architectural limits in
memory, computation, and latency. These limitations impose practical upper bounds on the historical
data available for model training and inference. We define this constraint through a fixed, per-entity
training window Ω, representing the maximum allowable volume of past observations that may be
processed for forecasting.

To ensure comparability with the univariate case, we apply the same training data constraint of
Ω = 40% of full historical observations. While multivariate series contain additional variables per time
step, the constraint reflects a system-level limitation on the number of observations (rows) that can be
stored or processed, rather than the total number of data values. This design choice allows consistent
evaluation of AHFRS performance across both data modalities, isolating the effect of segmentation
strategy rather than varying memory budgets.

Each of the three domain-specific datasets (Finance, Retail, and Healthcare) used in this paper
contains 100 customers, with 2,282 daily multivariate records per customer. To simulate θcomp-bounded
environments, we cap the training data per customer at Ω = 913 records, precisely 40% of their
historical timeline. The forecasting target representing the next 46 observations (5% of Ω), a horizon
aligned with operational lead times in most predictive systems.

The core hypothesis tested in this setting is that not all historical data within Ω are equally
informative. The AHFRS algorithm constructs an optimized training subset SOpt by identifying
segments with high informational density based on multivariate feature space fluctuations. AHFRS
aims to outperform naïve recency-based strategies under identical θcomp volume constraints, thus
demonstrating better use of the same data budget.

6.2.2. Domain-Specific Synthetic Datasets Definition

To ensure control, reproducibility, and domain diversity, we utilize three synthetically gener-
ated, yet statistically realistic, multivariate time series datasets, each aligned with a key real-world
application domain:
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• Finance Dataset: Features include age, income, credit_score, loan_amount,
loan_duration_months, interest_rate, default_risk_index.
It simulates financial volatility, abrupt credit score shifts, and latent risk cycles.

• Retail Dataset: Features include age, spending_score, number_of_purchases,
average_purchase_value, churn_likelihood.
It embeds patterns of consumer engagement, reactive purchase bursts, and promotional seasonal-
ity.

• Healthcare Dataset: Features include age, bmi, blood_pressure, cholesterol_level,
exercise_hours_per_week, disease_risk_score. It models longitudinal health trajectories with
gradual physiological changes and sporadic clinical risk spikes.

Each dataset maintains the same structural format and customer indexation, enabling direct perfor-
mance comparisons while controlling for population heterogeneity. The synthetic design incorporates
varying levels of skewness, kurtosis, and inter-feature covariance to provide AHFRS with meaningful
statistical landscapes for segmentation.

Using synthetic datasets and focusing on θcomp stems from four key methodological priorities:
(1) Controlled Evaluation under Fixed Constraints; (2) Cross-Domain Generalization with Common
Cohort; (3) Reproducibility and Ethical Neutrality; (4) Complexity-Oriented Dataset Engineering.

6.2.3. Experimental and Environment Setup

A. Comparative Method: Latest-Ω Baseline The Latest-Ω strategy represents a common industry
practice where the model is trained on the most recent Ω observations. This method assumes
that recent data contains the most relevant patterns, but it discards older segments that may
contain valuable structural information.

B. Evaluation Metrics and Model Selection Rationale
Forecasting performance is evaluated using RMSE, MAE, and MAPE. These metrics are first
computed for each individual customer i and then averaged across all customers to derive
consolidated performance measures (Mean_RMSE, Mean_MAE, and Mean_MAPE).

RMSEi =

√√√√ 1
mi

mi

∑
j=1

(yij − ŷij)2 (27)

MAEi =
1

mi

mi

∑
j=1

|yij − ŷij| (28)

MAPEi =
100%

mi

mi

∑
j=1

∣∣∣∣∣yij − ŷij

yij

∣∣∣∣∣ (29)

Mean_Metric =
1
N

N

∑
i=1

Metrici (30)

Where mi is the number of predictions for customer i, yij is the actual value, ŷij is the predicted
value, and N is the total number of customers.
We conducted experiments using two tree-based ensemble learning methods: Random Forest
Regressor (RF) and Gradient Boosting Regressor (GB). These non-parametric models are robust
to non-linearity and heterogeneity, common in real-world data [57,58]. Their effectiveness is
well-documented in finance [59,60], healthcare [61,62], and retail [63,64]. They are also computa-
tionally tractable and compatible with distributed frameworks like Spark and Hadoop [57,65],
making them suitable for Ω-constrained pipelines.

6.2.4. Results and Discussion

A. Industry-Specific Dynamic window computation
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Figure 7 illustrates the average proportion of the dynamic window selected by AHFRS across
the three industries. The variation (Finance: 18.06%, Retail: 25.07%, Healthcare: 24.1%) high-
lights AHFRS’s dynamic adjustment based on statistical variability. This aligns with the data
bigness model, where statistical complexity (θstat) interacts with resource constraints (θcomp).
In industries like Finance, with abrupt shifts, the model selects concise, fluctuation-rich seg-
ments. Conversely, domains like Retail and Healthcare, with more gradual shifts, warrant
longer segments.

Figure 7. Mean dynamic window size as a percentage of the constrained historical buffer Ω across industries.

B. Comparative Forecasting Performance
Table 3 presents the comparative forecasting performance of RF and GB models under baseline
and AHFRS-enhanced regimes. Key observations:

• Substantial Accuracy Gains with AHFRS: Across all industries and metrics, models trained
using AHFRS-selected windows consistently outperform their baseline counterparts. For
example, in the Finance industry, the RF model’s Mean_RMSE decreases from 0.72 (baseline)
to 0.27 with AHFRS—a relative reduction of over 62.5%.

• Retail Domain Sensitivity: Despite already low error values in the retail baseline, AHFRS de-
livers notable improvements, emphasizing its efficacy even in domains with high-frequency
and potentially noisy data.

• Robustness in Healthcare: The Healthcare dataset benefits markedly from AHFRS segmen-
tation. RF’s Mean_MAPE improves from 15.83% to 5.96%, enhancing reliability in critical
health forecasting.

• Model-Agnostic Benefits: Both RF and GB models benefit from AHFRS, suggesting the
strategy enhances predictive capacity through upstream data selection, independent of the
downstream model architecture.
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Table 3. Forecasting Performance Comparison Across Industries and Models.

Industry Model Scenario Mean_RMSE Mean_MAE Mean_MAPE(%)

Finance
RF Baseline 0.72 0.58 21.79

Proposal 0.27 0.21 8.05

GB Baseline 0.70 0.56 21.20
Proposal 0.55 0.44 16.80

Retail
RF Baseline 0.03 0.03 18.34

Proposal 0.01 0.01 6.84

GB Baseline 0.03 0.03 17.94
Proposal 0.02 0.02 14.47

Healthcare
RF Baseline 4.48 3.59 15.83

Proposal 1.70 1.35 5.96

GB Baseline 4.25 3.42 15.16
Proposal 3.41 2.73 12.05

6.2.5. Summary of Evaluation

This evaluation strongly supports our core hypothesis: intelligent, statistically guided segmenta-
tion under volume-based computational constraints can significantly enhance multivariate longitudinal
forecasting. The AHFRS framework demonstrates:

• Dynamic Adaptability: Selection of optimal historical windows varies by industry, highlighting
that effective forecasting under constrained resources requires context-sensitive segmentation.

• Consistent Predictive Improvements: Across all industries, AHFRS-enhanced training sets yield
lower forecasting errors.

• Model-Independent Gains: The segmentation benefits are robust across both RF and GB models,
affirming the general applicability of AHFRS.

These findings underscore the practical utility of the AHFRS framework in Big Data environments
where processing volume must be minimized while preserving predictive performance.

7. Conclusion
This paper introduces the Adaptive High-Fluctuation Recursive Segmentation (AHFRS) frame-

work as a robust solution for accurate univariate and multivariate longitudinal forecasting under
computational constraints—a critical and pervasive challenge in big data systems across finance,
healthcare, and retail. Based on a multidimensional concept of "data bigness" that formalizes statistical
(θstat), Computational (θcomp), and Algorithmic (θNP-Hard) complexities, our approach focuses on θcomp

as the primary constraint in this evaluation. Using a carefully constructed empirical design with
synthetic datasets (engineered to capture each industry’s statistical features and temporal dynamics),
we validate AHFRS’s ability to dynamically identify and use high-information segments within con-
strained training buffers (Ω). By selectively combining significant historical segments with recent
data, AHFRS constructs optimally informative training windows. These yield superior forecasting
performance (RMSE, MAE, MAPE) compared to common recency-based strategies.

Key findings demonstrate that:

• Dynamic adaptability in historical window sizing, guided by statistical variability, significantly
improves forecast accuracy over fixed-length or naively adaptive baselines.

• AHFRS consistently reduces forecasting error across all three industries, with reductions in
Mean_RMSE reaching up to 62.5% in finance and Mean_MAPE improvements exceeding 10
percentage points in healthcare.

• The framework’s effectiveness is model-agnostic, delivering performance gains across both
Random Forest and Gradient Boosting regressors without relying on architecture-specific opti-
mizations.
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• Most importantly, AHFRS adheres to the imposed processing budget (Ω), thus validating its
scalability and practicality in real-world resource-constrained analytical environments.

These outcomes establish AHFRS as an operational strategy for big data forecasting, not just a statistical
segmentation technique, as it maximizes predictive utility per unit of computational effort. It connects
the theoretical θcomp framework with tangible, domain-versatile forecasting improvements, offering a
blueprint for designing intelligent data preprocessing pipelines under resource constraints. Future
work will extend the AHFRS methodology to real-time and streaming contexts, integrating it with
distributed computing platforms such as Apache Spark to support high-throughput deployments.
Furthermore, exploring its synergy with deep learning models—especially in scenarios with sufficient
label density and tolerable latency—may unlock even greater accuracy in high-frequency forecasting.

Ultimately, this paper contributes a scalable, statistically grounded, and empirically validated
framework that advances multivariate big data analytics, offering both theoretical insight and practical
forecasting value.
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