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Big Data Science has emerged as a transformative field driven by the 

rapid growth of large, complex, and high-dimensional datasets. This 

review examines the key mathematical and statistical principles that 

support the analysis, interpretation, and use of such data. In 

particular, it highlights the roles of linear algebra in data 

representation, probability theory in modeling uncertainty, 
optimization in large-scale computation, and statistical inference in 

drawing reliable conclusions. The review synthesizes existing studies 

into an integrated theoretical framework linking mathematical 

structure, statistical inference, and computational scalability. The 

literature was selected through a narrative review of publications 

indexed in Scopus, Web of Science, and Google Scholar, with a 

focus on studies published between 2005 and 2024. Relevant works 

were identified using keywords related to big data, mathematical 

foundations, statistical inference, and high-dimensional analysis. The 

review also discusses major challenges, including scalability, high 

dimensionality, data heterogeneity, noise, and limitations of 

traditional inferential methods. Finally, emerging approaches such as 
statistical learning, graph-based models, and the integration of 

mathematics with machine learning are highlighted as promising 

directions for future research. 
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1. INTRODUCTION  

Data Science is a cross-disciplinary field that collects, processes, and analyzes data 

to gain knowledge or support decision-making [1-3]. It merges statistics, computer science, 

and domain knowledge to analyze and interpret complex data by discerning large patterns, 

trends, and predictions in the data from various types, such as structured or unstructured 

[4, 5]. In contrast, big data comprises vast quantities of complex, unwieldy data that cannot 

be observed through conventional mechanisms [6, 7]. It is described with three key V’s – 
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voluminous, velocity, and variety of data, and necessitates sophisticated technologies and 

analytics techniques to store, retrieve, process, and analyze it [8-10]. 

Mathematics and statistics are fundamental to data-driven science, providing tools 

for interpreting data. They allow investigators to simulate real-world phenomena, deduce 

structures and relationships, measure uncertainty, and verify solutions. With statistical 

techniques and mathematical models, the data-based study has the potential to provide 

trustworthy findings for decision support [2, 11-13]. 

Despite how big the shift was, with all those changes in computing — distributed 

frameworks, hardware acceleration, and libraries that can scale — foundations have never 

been so important. More computation can also increase the speed at which errors are 

amplified, biases proliferate, or spurious correlations become further embedded at scale. 

Models with high capacity can memorize rather than generalize if not provided with 

adequate inductive bias and assumption [14, 15]. Streaming and multimodal data demand 

new concentration bounds, robust estimators, and online learning guarantees. Privacy, 

fairness, and interpretability require formal criteria—differential privacy, causal inference, 

fairness constraints, and explainability metrics—that are inherently mathematical-statistical 

in nature. In short, computation makes analysis possible; foundations make it trustworthy 

[16]. Unlike previous surveys that focus primarily on computational tools, this review 

emphasizes the theoretical integration between mathematical structure, statistical inference, 

and large-scale learning systems. 

 

2. NOVEL CONTRIBUTIONS OF THIS REVIEW 

This review aims to summarize the key mathematical and statistical foundations of 

big data science and to examine the major theoretical and methodological challenges posed 

by large-scale, high-dimensional, and complex data. The scope includes fundamental 

mathematical frameworks and statistical principles relevant to big data analysis, with 

emphasis on scalability, high dimensionality, and computational constraints. The article 

focuses on foundational concepts rather than domain-specific applications, highlighting 

open problems and future research directions in big data science. 

The main contribution of this review lies in providing an integrated perspective that 

connects mathematical theory, statistical inference, and computational considerations 

within the context of Big Data Science. Unlike many existing reviews that focus primarily 

on applications or specific algorithms, this work emphasizes the underlying theoretical 

structure that supports reliable data analysis. In addition, the review highlights key open 

problems and emerging research directions, offering a conceptual framework that may 

guide future developments in theory-driven big data analytics. 

 

3. LITERATURE REVIEW METHODOLOGY 

This study is a narrative review that synthesizes key mathematical and statistical 

foundations of Big Data Science. Relevant literature was identified through academic 

databases such as Google Scholar, Scopus, and Web of Science using keywords related to 

big data, mathematical foundations, statistical inference, and high-dimensional data 
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analysis. The selection focused on influential, widely cited publications that advance 

theoretical understanding of big data analytics. The review primarily considers studies 

published during the last two decades, while also including earlier foundational works 

where necessary. The goal is to provide a conceptual synthesis of theoretical developments 

rather than a systematic review with strict inclusion or exclusion criteria. 

 

4. OVERVIEW OF BIG DATA SCIENCE 

Big Data Science focuses on extracting meaningful insights from large, complex, 

and rapidly generated datasets. A defining feature of big data is commonly described 

through four key characteristics: volume, velocity, variety, and veracity (Figure 1) [10]. 

Volume refers to the massive scale of data generated from sources such as social media, 

sensors, and transactional systems, which exceeds the capacity of traditional data-

processing methods. Velocity refers to the speed at which data are generated, collected, 

and analyzed, often requiring real-time or near-real-time processing. Variety captures the 

diversity of data types, including structured, semi-structured, and unstructured data such as 

text, images, and graphs. Veracity addresses the uncertainty, noise, and quality issues 

inherent in large datasets, emphasizing the need for robust analytical methods that can 

handle incomplete, biased, or unreliable data [10, 17, 18]. 

 

 
Figure 1. The 4Vs of Big Data—Volume, Velocity, Variety, and Veracity—illustrate the key characteristics 

that define large-scale data systems 

 

The data science pipeline provides a structured framework for transforming raw 

data into actionable knowledge. It typically involves data acquisition from multiple 
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sources, followed by data cleaning and preprocessing to address missing values, 

inconsistencies, and noise [19]. Feature extraction and data representation transform raw 

data into forms suitable for analysis, often using mathematical techniques such as linear 

algebra and dimensionality reduction. Modeling and analysis apply statistical, 

mathematical, and machine learning techniques to uncover patterns and relationships [20]. 

Finally, model evaluation, interpretation, and deployment ensure that insights are reliable, 

explainable, and practically useful.  

The effectiveness of each stage of the pipeline is closely connected to underlying 

mathematical and statistical principles. For example, linear algebra supports data 

representation and dimensionality reduction, probability theory provides tools for modeling 

uncertainty, and optimization techniques enable efficient parameter estimation in large-

scale models [21, 22]. Statistical inference is essential for validating results and ensuring 

that findings generalize beyond the observed data. 

Analytical paradigms in Big Data Science range from descriptive and exploratory 

analysis to predictive and prescriptive modeling, incorporating both traditional statistical 

approaches and modern data-driven methods such as machine learning and deep learning 

[23]. Together, these paradigms highlight the interdisciplinary nature of Big Data Science 

and underscore the critical role of mathematical and statistical foundations in addressing its 

inherent challenges [24]. 

Despite these advances, traditional big data approaches face several important 

limitations. Many methods struggle with scalability when processing extremely large or 

rapidly evolving datasets [25]. High-dimensional data can lead to issues such as 

overfitting, instability of estimates, and increased computational complexity [26]. In 

addition, heterogeneous and noisy data may reduce model reliability and interpretability, 

while purely data-driven models sometimes lack strong theoretical guarantees. These 

challenges emphasize the need for stronger integration between mathematical theory, 

statistical inference, and scalable computational techniques [27, 28]. 

To support this review, relevant literature was collected from major academic 

databases, including Scopus, Web of Science, and Google Scholar. The search process 

used keywords such as “Big Data Science,” “mathematical foundations of data science,” 

“statistical inference for big data,” “high-dimensional data analysis,” and “computational 

statistics.” The review mainly considers publications from 2005 to 2024, while also 

including several earlier foundational works where necessary. Studies were selected based 

on their relevance to the theoretical and methodological foundations of Big Data Science, 

their contribution to mathematical or statistical developments, and their influence in the 

field. The selected literature was then synthesized thematically to identify key concepts, 

challenges, and emerging research directions related to mathematical modeling, statistical 

inference, and computational scalability in big data environments. 

 

5. MATHEMATICAL FOUNDATIONS OF DATA SCIENCE 

Data science is grounded in several core areas of mathematics that collectively 

provide the theoretical foundation for data representation, modeling, and analysis. Among 

these, linear algebra serves as the backbone of data science and machine learning, 
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providing a systematic framework for representing and manipulating data (Figure 2). As 

Strang (2022) emphasizes, vectors and matrices provide a natural language for representing 

datasets, transformations, and model parameters [29]. Dimensionality reduction techniques 

such as Principal Component Analysis (PCA), formally developed by Jolliffe (2011), rely 

on eigenvalues and eigenvectors to project high-dimensional data into lower-dimensional 

subspaces while preserving variance [30]. In the context of machine learning, Goodfellow, 

Bengio, and Courville (2016) highlight that neural networks fundamentally consist of 

layered matrix operations, making linear algebra essential for both theoretical 

understanding and computational scalability [31] . For example, in recommendation 

systems used by online platforms, user–item interactions are often represented as large 

matrices, and matrix factorization techniques are applied to identify latent patterns and 

generate personalized recommendations. 

Calculus and optimization play a central role in model training and performance 

improvement. According to Boyd and Vandenberghe (2004), optimization theory—

particularly convex optimization—provides strong guarantees for convergence and 

solution optimality in many learning problems [32]. Gradient-based methods, which rely 

on partial derivatives and multivariate calculus, are the foundation of widely used 

algorithms such as gradient descent and stochastic gradient descent. Nocedal and Wright 

(2006) demonstrate how these optimization techniques underpin regression models, 

support vector machines, and deep learning architectures, linking mathematical theory 

directly to practical learning algorithms. In large-scale machine learning applications, such 

as training deep neural networks for image recognition or natural language processing, 

gradient-based optimization enables efficient adjustment of millions of model parameters 

[33] .  

Probability theory supplies the formal framework for modeling uncertainty and 

randomness inherent in real-world data. Foundational results such as the Law of Large 

Numbers and the Central Limit Theorem, rigorously presented by Casella and Berger 

(2002), justify statistical inference and learning from large samples [34]. Probabilistic 

modeling approaches, including Bayesian inference, are extensively discussed by Bishop 

(2006), who shows how probability distributions enable uncertainty quantification and 

robust decision making. These ideas are especially critical in big data settings, where 

variability, noise, and incomplete information are unavoidable. For instance, probabilistic 

models are widely used in fraud detection systems, where uncertainty must be quantified to 

distinguish legitimate transactions from suspicious activity [35]. 

Graph theory and discrete mathematics extend mathematical foundations to 

relational and structured data. As described by Newman (2010), graph-based 

representations allow complex systems—such as social networks or biological 

interactions—to be modeled as nodes and edges [36]. Discrete mathematical structures 

underpin graph learning algorithms, including link prediction and community detection, 

which are increasingly important in large-scale data science applications. Barabási (2016) 

further demonstrates how network science provides insights into connectivity, dynamics, 

and information flow in massive datasets. For example, social media platforms use graph-
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based algorithms to identify communities, recommend new connections, and analyze 

patterns of information diffusion [37]. 

Collectively, these mathematical foundations form an integrated framework that 

enables modern data science. Linear algebra supports representation and computation; 

calculus and optimization drive learning; probability theory handles uncertainty; and 

discrete mathematics captures structure. Importantly, these components are deeply 

interconnected: optimization algorithms rely on derivatives from calculus and matrix 

operations from linear algebra, while probabilistic models often depend on optimization 

techniques for parameter estimation. Graph-based models similarly integrate linear algebra 

and probability to analyze large network structures. Together, as argued by Hastie, 

Tibshirani, and Friedman (2005), these disciplines bridge theory and practice, allowing 

data science to scale effectively while maintaining interpretability and rigor [38]. 

 
Figure 2. Core mathematical foundations of Big Data, highlighting the central role of linear algebra, 

probability, optimization, and computational methods. 

 

6.  STATISTICAL FOUNDATIONS OF DATA SCIENCE 

Building on the mathematical foundations of data science—particularly linear 

algebra, probability theory, and optimization—statistical methods provide a principled 

framework for inference, uncertainty quantification, and data-driven decision making. As 

emphasized by Hastie, Tibshirani, and Friedman (2009), statistical learning theory 

connects mathematical modeling with empirical data analysis, enabling reliable prediction 

in complex environments. While mathematical tools support efficient representation and 

large-scale computation, statistical reasoning addresses the fundamental question of how 

meaningful and reliable conclusions can be drawn from high-dimensional and 

heterogeneous datasets. In Big Data Science, statistical methodology therefore plays a 

central role in summarizing data, quantifying variability, and validating predictive models 

under uncertainty [34] . 
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At the initial stage of analysis, descriptive and exploratory statistics provide 

essential tools for understanding large datasets. Classical summary measures such as 

means, variances, and correlations provide compact representations of complex data 

structures and form the basis of exploratory data analysis (EDA), as originally formalized 

by Tukey [39]. These methods help identify patterns, anomalies, and relationships that 

guide subsequent modeling. However, the scale and dimensionality of big data pose 

substantial challenges for visualization and interpretation. As discussed by Jolliffe (2011), 

dimensionality reduction techniques such as Principal Component Analysis (PCA) are 

often required to extract meaningful structure from high-dimensional data, linking 

statistical exploration directly to linear algebraic methods [30]. 

Beyond exploration, statistical inference provides formal procedures for estimation 

and hypothesis testing. The theoretical foundations of inference—including point 

estimation, confidence intervals, and hypothesis testing—are systematically developed in 

Casella and Berger [34]. In large-sample settings typical of big data, classical inferential 

procedures rely heavily on asymptotic results such as the Law of Large Numbers and the 

Central Limit Theorem. These results justify statistical estimation under repeated sampling, 

as emphasized in standard probability theory texts such as Billingsley [40]. However, 

modern large-scale data analysis presents new challenges, including dependence among 

observations, data heterogeneity, and multiple testing problems. As noted by Efron (2012), 

large-scale inference requires methodological adjustments to maintain statistical validity 

when performing simultaneous tests across massive datasets [41]. 

Regression and predictive modeling form the core of many data science 

applications by linking explanatory variables to outcomes of interest. Linear and 

generalized linear models provide interpretable and mathematically tractable frameworks 

for prediction, as extensively discussed by McCullagh and Nelder [42] and Hastie, 

Tibshirani, and Friedman [38]. These models are closely tied to linear algebra and 

optimization, as parameter estimation typically involves minimizing loss functions through 

numerical optimization techniques. In high-dimensional settings, the bias–variance trade-

off becomes a central concern, affecting model complexity and generalization 

performance. Regularization approaches such as ridge regression and the lasso, introduced 

by Hoerl and Kennard (1970) and Tibshirani (1996), respectively, play a crucial role in 

controlling model complexity and improving predictive stability [43, 44]. 

Bayesian statistics provides a complementary framework by modeling uncertainty 

through probability distributions over model parameters and incorporating prior knowledge 

into inference. Foundational work by Gelman et al. (2013) and Bishop (2006) demonstrates 

how prior and posterior distributions enable coherent uncertainty quantification and 

sequential learning [35, 45]. Bayesian methods are particularly well-suited to dynamic and 

data-rich environments, where information is updated as new observations become 

available. Historically, computational limitations restricted Bayesian inference in large-

scale settings, but advances in scalable algorithms—such as variational inference and 

Markov chain Monte Carlo (MCMC) methods—have made Bayesian learning increasingly 

practical for big data applications [46]. These developments illustrate how modern 
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statistical methodology integrates probabilistic modeling with optimization and 

computation to enable efficient large-scale inference. 

 

7. COMPUTATIONAL AND ALGORITHMIC CHALLENGES 

The rapid growth in data volume and dimensionality poses significant 

computational and algorithmic challenges for Big Data Science, often rendering traditional 

methods infeasible. Scalability and computational complexity are central concerns, as 

many classical algorithms exhibit polynomial or exponential growth in time and memory 

requirements [25]. Even theoretically sound mathematical and statistical methods may 

become impractical when applied to massive datasets, necessitating the development of 

scalable algorithms that balance computational efficiency with analytical accuracy. To 

address these limitations, distributed and parallel computing paradigms have become 

essential components of modern data science infrastructures [47]. By partitioning data and 

computations across multiple processors or computing nodes, distributed frameworks 

enable large-scale data processing and model training that would otherwise be 

computationally prohibitive [48]. Techniques such as parallel matrix operations, 

distributed optimization, and data-parallel learning algorithms allow mathematical and 

statistical models to scale effectively while maintaining acceptable performance and 

convergence properties [49]. Randomized and approximate algorithms offer an additional 

strategy for managing computational constraints by trading exactness for efficiency. 

Methods such as random sampling, sketching, and stochastic optimization reduce 

computational and memory costs while preserving key statistical properties [50]. These 

approaches are particularly valuable in high-dimensional and streaming data settings, 

where exact computation is infeasible. When carefully designed, randomized and 

approximate algorithms provide reliable solutions with quantifiable error bounds, making 

them indispensable for scalable and efficient big data analysis [51]. 

The computational and algorithmic challenges of Big Data Science have been 

extensively addressed in the literature through the development of scalable, distributed, 

and approximate methodologies. Dean and Ghemawat (2008) introduced the MapReduce 

framework, which laid the foundation for distributed data processing and enabled large-

scale computations across commodity clusters [52]. Leskovec, Rajaraman, and Ullman 

(2020) provided a comprehensive treatment of scalable algorithms for mining massive 

datasets, emphasizing the importance of algorithmic efficiency and approximation in real-

world applications [53]. Bottou, Curtis, and Nocedal (2018) examined optimization 

methods for large-scale machine learning, highlighting the role of stochastic gradient-

based techniques in reducing computational complexity while maintaining convergence 

guarantees [54]. Hastie, Tibshirani, and Wainwright (2015) discussed the interplay 

between statistical modeling and computational feasibility, particularly in high-

dimensional learning settings where regularization and algorithmic trade-offs are essential 

[55]. Mahoney (2011) demonstrated how randomized algorithms for matrix computations 

enable efficient approximation of large-scale linear algebra problems, which are central to 

data science workflows [51]. Bühlmann and van de Geer (2011) addressed the statistical 

and computational challenges of high-dimensional data, emphasizing the need for methods 
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that balance inferential accuracy with scalability [56]. Boyd et al. (2011) contributed 

distributed optimization frameworks, such as the alternating direction method of 

multipliers, which facilitate parallel learning across large datasets [57]. Finally, Vempala 

(2005) highlighted the effectiveness of random projection techniques for dimensionality 

reduction, offering computationally efficient solutions with strong theoretical guarantees 

[58]. Together, these works illustrate that addressing scalability in Big Data Science 

requires a close integration of distributed computing, randomized approximation, and 

mathematically grounded optimization techniques. 

 

8. CHALLENGES IN BIG DATA SCIENCE 

One of the most fundamental challenges in Big Data Analysis is high 

dimensionality and data sparsity, where the number of variables often grows faster than the 

number of observations. Bellman (1961) first described this phenomenon as the curse of 

dimensionality, highlighting how traditional statistical and computational methods degrade 

in high-dimensional spaces [59]. Bühlmann and van de Geer (2011) further demonstrated 

that sparsity assumptions are essential for making inference feasible in such settings, 

thereby motivating the development of regularization techniques and dimension-reduction 

methods [56]. Hastie, Tibshirani, and Friedman (2005) emphasized that high 

dimensionality not only increases computational burden but also amplifies the risk of 

overfitting, necessitating careful bias–variance trade-offs in model design [38]. 

Data heterogeneity and non-stationarity present additional challenges, particularly 

in modern applications where data are collected from multiple sources and evolve over 

time. Fan, Han, and Liu (2014) highlighted that heterogeneity across populations, sensors, 

or platforms can invalidate classical modeling assumptions and reduce predictive reliability 

[60]. Similarly, Gama et al. (2014) examined concept drift in streaming data, showing that 

non-stationary distributions require adaptive learning algorithms that continuously update 

models [61]. These challenges underscore the limitations of static statistical models and 

motivate integrating online learning and dynamic inference techniques in Big Data 

Science. 

Noise, bias, and data quality issues further complicate big data analysis by 

undermining the validity of statistical conclusions. Meng (2016) demonstrated that large 

sample sizes do not necessarily compensate for biased or low-quality data, coining the 

concept of the Big Data Paradox, where increased data volume can amplify systematic 

errors [62]. Gelman et al. (2013) emphasized that measurement error, missing data, and 

selection bias can significantly distort inference if not properly accounted for [63]. 

Together, these studies highlight that data quality and bias correction are as critical as 

algorithmic scalability, reinforcing the need for robust statistical methodologies and careful 

data preprocessing in Big Data Science. 

 

9. EMERGING METHODS AND RECENT ADVANCES 

Recent advances in Big Data Science have been driven by significant progress in 

statistical learning theory and optimization methodologies that address scalability, 

generalization, and computational efficiency. Vapnik (1999) laid the theoretical 
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foundations of statistical learning by formalizing the principles of empirical risk 

minimization and structural risk minimization, which continue to guide modern learning 

algorithms [64]. Building on this framework, Shalev-Shwartz and Ben-David (2014) 

provided a unified treatment of learning theory and optimization, emphasizing the role of 

convexity, regularization, and stochastic optimization in large-scale learning [65]. Bottou 

et al. (2018) further advanced this area by analyzing stochastic gradient and variance-

reduction methods, demonstrating their effectiveness in training complex models on 

massive datasets while maintaining convergence guarantees [54]. 

Graph-based and network models have emerged as powerful tools for analyzing 

relational and structured data commonly encountered in big data applications. Newman 

(2010) provided foundational insights into network theory, highlighting how graph 

representations capture complex interactions among entities [36]. More recently, advances 

in graph-based machine learning have extended these ideas to predictive modeling. Kipf 

and Welling (2016) introduced graph convolutional networks, which integrate graph 

structure with neural network architectures to enable semi-supervised learning on networks 

[66]. Hamilton, Ying, and Leskovec (2017) further developed scalable representation 

learning methods for large graphs, demonstrating their applicability to social networks, 

recommendation systems, and biological networks [67]. 

A key emerging trend in data science is the deeper integration of mathematical 

theory with machine learning practice, leading to more principled, interpretable, and robust 

models. Bartlett, Foster, and Telgarsky (2017) analyzed the theoretical properties of deep 

learning models, shedding light on generalization behavior beyond classical statistical 

assumptions [68]. Poggio et al. (2020) emphasized the role of mathematical structures—

such as invariance, stability, and compositionality—in understanding deep neural networks 

[69]. Together, these works illustrate a growing convergence between mathematical 

analysis and machine learning, where theoretical insights inform algorithm design and 

empirical success motivates new mathematical questions. This integration is increasingly 

essential for advancing Big Data Science beyond heuristic-driven approaches toward 

theoretically grounded and reliable methodologies. 

 

10. OPEN PROBLEMS AND FUTURE RESEARCH DIRECTIONS 

Despite significant advances in Big Data Science, substantial theoretical gaps and 

limitations remain in existing mathematical and statistical frameworks (Table 1). Breiman 

(2003) highlighted the tension between traditional statistical modeling and algorithmic 

approaches, arguing that many successful data-driven methods lack rigorous theoretical 

justification [70]. This concern persists in modern machine learning, particularly in deep 

learning, where models often achieve remarkable empirical performance despite limited 

understanding of their generalization behavior. Bartlett et al. (2017) and Poggio et al. 

(2020) emphasized that classical learning theory is insufficient to fully explain the success 

of overparameterized models, highlighting unresolved questions about complexity, 

stability, and implicit regularization [68, 69]. 

Another major limitation lies in extending classical statistical inference to high-

dimensional, heterogeneous, and non-independent data settings. Fan, Han, and Liu (2014) 
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argued that many inferential tools rely on assumptions—such as sparsity, independence, 

and stationarity—that are frequently violated in real-world big data applications [60]. 

Similarly, Bühlmann and van de Geer (2011) noted that existing high-dimensional 

statistical methods often struggle to balance interpretability, scalability, and inferential 

validity. These limitations indicate a need for new theoretical tools capable of handling 

dependence structures, non-stationary processes, and complex data-generating mechanisms 

[56] . 

Looking forward, there is a growing need for novel mathematical and statistical 

frameworks that unify learning, optimization, and uncertainty quantification at scale. 

Jordan et al. (2019) called for a new foundation for data science that integrates statistical 

inference with computational constraints and algorithmic design [71]. Meng (2018) further 

emphasized that future research must address data quality, bias, and representativeness, as 

increasing data volume alone does not guarantee reliable inference [62]. In this context, the 

development of mathematically principled methods that incorporate robustness, fairness, 

and interpretability alongside scalability represents a critical direction for future research. 

Overall, these open problems suggest that advancing Big Data Science requires 

moving beyond incremental algorithmic improvements toward deeper theoretical 

integration across mathematics, statistics, and machine learning. Addressing these 

challenges will be essential to developing reliable, transparent, and theoretically grounded 

data-driven systems capable of supporting high-stakes decision-making. 

 

Table 1. Conceptual roadmap of open problems and future research directions in Big Data 

Science 

Current Challenges Theoretical Gaps Future Research Directions 

High dimensionality and 

overparameterization 

Limited generalization theory for 

modern ML models 

New learning theories for 

overparameterized and deep models 

Data heterogeneity and non-

stationarity 

Inference under dependence and 

evolving distributions 

Adaptive and online statistical 

frameworks 

Scalability constraints 
Separation of statistical accuracy 

and computational feasibility 

Joint optimization–inference 

frameworks 

Noise, bias, and data quality 

issues 

Weak robustness guarantees in 

large-scale inference 

Robust, bias-aware, and fairness-

aware statistical methods 

Black-box model behavior Lack of interpretability theory 
Mathematically grounded 

interpretability and explainability 

 

11. CONCLUSION 

This review examines the core mathematical and statistical foundations of Big Data 

Science, with particular emphasis on linear algebra, probability theory, optimization, and 

statistical inference. These disciplines provide the fundamental tools for representing large-

scale datasets, developing efficient algorithms, modeling uncertainty, and drawing reliable 

conclusions from complex, high-dimensional data. Together, they form the theoretical 

backbone that supports modern data analysis and ensures that data-driven methods remain 

rigorous, interpretable, and scientifically valid. Addressing the challenges associated with 

big data remains a critical priority. Rapid growth in data volume, velocity, and variety 
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introduces difficulties related to scalability, high dimensionality, heterogeneity, and non-

stationarity. Without strong theoretical foundations, these issues may lead to unstable 

models, biased results, and misleading conclusions. Therefore, continued attention to 

mathematical rigor and sound statistical reasoning is essential for building reliable and 

robust analytical frameworks. Looking forward, the future of Big Data Science depends on 

deeper interdisciplinary collaboration among mathematics, statistics, computer science, 

and machine learning. Advances in these areas will support the development of scalable 

algorithms, improved inferential techniques, and more interpretable models. Such 

integration will strengthen the reliability, transparency, and practical impact of data-driven 

research while enabling more effective solutions to increasingly complex data challenges. 
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