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Abstract. This study presents a comparative analysis of data parallelism technologies for implementing
statistical analysis functions using the Apache Spark big data processing framework. As data volume and
complexity continues to grow exponentially, selecting the right parallel processing framework is crucial for
efficient big data analysis. Through a comprehensive methodology, we evaluate the performance and suitability
of Spark's data parallelism capabilities for implementing descriptive, exploratory, and inferential statistical
functions. By comparing Apache Spark with Hadoop MapReduce, the study highlights Spark's superior
performance, especially in handling complex and iterative analytical tasks. The findings show significant
performance gains with Spark, positioning it as the preferred framework for a variety of statistical analysis
needs in the big data era. The findings of this research offer valuable insights for researchers and practitioners
looking to optimize their data analysis workflows and leverage the full potential of big data technologies.
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1. Introduction

The exponential growth of data in recent years, fueled by technological advancements, has initiated the
era of Big Data. This vast and diverse data presents enormous opportunities across various industries, from
healthcare and finance to marketing and social media [1]. However, extracting meaningful insights from Big
Data requires sophisticated analysis techniques that can handle its inherent challenges. Statistical analysis plays
a crucial role in unlocking the potential of Big Data. Descriptive statistics provide summaries and key
characteristics of the data, while exploratory analysis helps uncover patterns and relationships. Inferential
statistics allow us to draw conclusions about larger populations based on samples, leading to actionable insights
[2]. However, traditional statistical methods struggle with the sheer size and complexity of Big Data,
necessitating advanced solutions. Fortunately, technological advancements have also brought innovative data
processing models like MapReduce and Spark. These distributed computing frameworks enable parallel
processing across multiple nodes, significantly improving the performance and scalability of Big Data analysis.
Despite its power, MapReduce suffers limitations in handling complex analytical tasks and iterative algorithms.
This has paved the way for Spark, a more versatile framework offering in-memory computing and a rich set
of libraries for efficient data manipulation and analysis [3] [4].

To establish a strong foundation for our study, we will first undertake a thorough review of the existing
literature. This review will explore the evolution of methodologies and technologies used for big data analytics,
tracing the journey from older approaches like MapReduce to the cutting-edge capabilities of modern
frameworks like Spark. Following this, we will delve into the specifics of our methodology, detailing the
process of selecting and implementing various statistical functions within the chosen framework. Subsequently,
a rigorous performance analysis will be conducted to assess their effectiveness. The Discussion section will
then serve as a platform to interpret the results, highlighting key findings and offering valuable insights into
the strengths and limitations of these technologies for statistical analysis.

Our primary contribution lies in comprehensively analyzing the capabilities of two mature parallel
processing technologies, Hadoop MapReduce and Apache Spark, for implementing a diverse range of
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statistical functions on Big Data. By analyzing their capabilities and validating our findings through evaluating
the performance of the superior technology in depth, this study aims to provide valuable guidance to companies
and individuals, empowering them to select the most suitable framework for their specific statistical analysis
needs within the big data landscape.

2. Literature Review

The vast amount of data generated by modern sensors and online interactions has created a new era of Big
Data. This huge and varied collection of information offers many opportunities for companies and researchers,
but its size and complexity make it difficult to analyze without special tools. Big Data Analytics (BDA) has
permeated nearly every facet of modern life, revolutionizing industries ranging from accounting and
agriculture to healthcare and finance. Its applications extend far and wide, offering deep insights into customer
behavior, market trends, and operational efficiency [5] [6]. Several studies delve into the power of BDA,
highlighting its applications and impact in specific fields. However, a common thread emerges: the crucial role
of efficient and scalable data processing frameworks. MapReduce, a pioneering technology, paved the way,
offering advantages like simplicity, fault tolerance, and scalability. Its batch processing prowess made it
particularly efficient for large-scale data analysis. However, limitations arose, including a rigid paradigm,
unsuitability for iterative algorithms and real-time streaming, and reliance on disk I/O, which hampered
performance in certain scenarios [7-9]. Several optimization techniques have been proposed to address these
issues, tackling job execution, data locality, resource management, MapReduce workflows, skewed data
handling, and machine-learning based algorithms [10-14].

The arrival of Spark marked a significant shift. Studies comparing the two frameworks [15] [18] reveal
how Spark addresses MapReduce’s shortcomings. It offers a unified platform for both batch and real-time
processing, efficiently handling iterative algorithms through in-memory capabilities and Resilient Distributed
Datasets (RDDs). This empowers faster development and execution of tasks like machine learning using MLib
library and graph processing using GraphX. Additionally, Spark’s lineage-based recovery mechanism offers
superior fault tolerance compared to MapReduce’s task re-execution approach. Furthermore, its richer API
with higher-level abstractions like RDDs, DataFrames, and SQL datasets simplifies and streamlines
programming compared to MapReduce’s low-level key-value pairs. Extensive investigations have compared
their performance [16] [17] [19], revealing that while Spark generally excels, MapReduce might hold
advantages in specific scenarios. For straightforward batch processing of large, uniform datasets with low
latency concerns, MapReduce’s simpler model and lower overhead can be efficient. Similarly, in cases with
limited memory resources or older clusters, its disk-based processing might outperform Spark’s in-memory
approach. Additionally, highly specialized tasks or established MapReduce workflows may be better served
by their respective tools. However, the overall trend favors Spark as the preferred choice for most big data
processing tasks due to its flexibility, performance optimizations, and wider range of capabilities [20] [21].

This paper explores statistical analysis using Apache Spark’s data parallelism, focusing on its broad
applicability across various data-intensive fields. Unlike previous works on user interface testing [22], software
engineering metrics [23], or geophysical data management [24], this research emphasizes Spark’s ability to
handle diverse statistical computations efficiently. It complements user behavior analysis studies [25-26], [34-
35] by focusing on statistical methods and their parallel execution in Spark. This showcases the versatility of
data parallelism in scientific computing, in contrast to infrastructure discussions [27].

In conclusion, while MapReduce laid the foundation for big data processing, its limitations prompted the
evolution towards Spark. By offering greater flexibility, in-memory processing, and language support, Spark
empowers data analysts to delve deeper into big data, extract more meaningful insights, and unlock the true
potential of statistical analysis in the big data era. While existing big data research mentioned above explores
various components and tools, it often overlooks the specific needs of statistical analysis. This study fills this
gap by evaluating suitable frameworks for implementing and measuring the performance of various statistical
functions (descriptive, exploratory, inferential) on Big Data. Our focus on statistical analysis within the big
data landscape helps researchers and practitioners choose the most effective tools for their specific needs.
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3. Methodology

To ensure a robust evaluation, this methodology section outlines a multi-step process. First, we
meticulously select appropriate statistical functions for implementation. Next, we prepare the chosen dataset
to ensure its compatibility with the chosen big data processing technology. Crucially, a comprehensive
comparison is then conducted to identify the most suitable technology for our analysis needs. Finally, we
establish a rigorous evaluation methodology to assess the performance of the chosen framework when
executing the selected functions.

3.1. Identifying Functions and Preparing Data

The first step involved pinpointing the most frequently used and potent statistical functions that form the
backbone of data analysis. We meticulously selected functions that fell into three distinct categories:
descriptive (mean, median, variance, correlation, cumulative sum, mode), exploratory (min-max, percentile,
histogram, skewness and kurtosis), and inferential (chi-square test, linear regression). This categorization
ensured that our study encompassed a diverse range of statistical tools commonly employed across various
disciplines. As for the dataset, we opted for the widely-used Iris dataset due to its advantageous properties for
our experimental study. Firstly, its prevalence enables direct comparison with existing literature, facilitating
assessment of our findings’ generalizability and ensuring alignment with established practices. Its four
numerical features (sepal and petal length/width) and three distinct classes (iris setosa, virginica, and versicolor)
provide a fertile ground for exploratory data analysis and meaningful visualizations. Furthermore, while not
perfectly balanced, the class sizes within the Iris dataset are close enough to enable valid statistical comparisons
and hypothesis testing. To simulate the challenges of big data, we meticulously enlarged the Iris dataset by
factors of 10,000 and 100,000, creating datasets of 1.5 million and 15 million rows respectively.

3.2. Framework Selection

Following a detailed examination and literature review, it was concluded that Apache Spark was the
optimal framework. Our decision to leverage Apache Spark over MapReduce stemmed from a comprehensive
evaluation of their strengths and weaknesses. MapReduce, characterized by its distributed processing paradigm,
tackles the big data challenge by splitting data into manageable chunks (“maps™) processed across multiple
nodes. These individual “maps” then underwent a “reduce” phase where the results were aggregated, unlocking
key benefits. Its parallel processing power across multiple nodes significantly reduces processing time. The
distributed architecture ensures fault tolerance by automatically re-assigning tasks on failures, guaranteeing
uninterrupted analysis despite hardware hiccups. Finally, its memory-conscious design, processing data in
chunks and relying on disk storage, makes it efficient on systems with limited memory, broadening its
accessibility [28] [29].

While MapReduce undeniably shines in some aspects, its limitations became significant roadblocks in our
pursuit of in-depth statistical exploration. One of the key constraints of MapReduce is its rigid map-reduce
programming paradigm. This approach, while effective for specific tasks, can be restrictive for expressing
complex statistical logic inherent in many analytical models. This rigidity would have limited our ability to
implement the nuanced statistical algorithms. Furthermore, MapReduce’s reliance on disk storage for iterative
algorithms creates a significant performance bottleneck. Since many statistical analyses involve iterative
calculations, this reliance on disk 1/0 would have resulted in slower processing times. Finally, the low-level
programming requirement of MapReduce, primarily in Java, presents a barrier to entry for data analysts who
are more accustomed to higher-level languages like Python or R [30] [31].

In contrast, Apache Spark emerged as a more suitable framework due to its advancements that specifically
address the limitations of MapReduce in statistical analysis. Spark’s core strength lies in its ability to build
upon the foundation of MapReduce while overcoming its shortcomings. One of the most significant advantages
of Spark is its flexibility that extends beyond the map-reduce logic. Spark offers built-in libraries like Spark
SQL and MLib, which provide a rich collection of pre-implemented statistical functions. This vast library
empowers us to explore a wider range of sophisticated statistical methods. Additionally, Spark’s in-memory
processing capability tackles the performance bottleneck that plagued MapReduce’s iterative algorithms. By
storing intermediate data in memory, Spark significantly reduces disk 1/O, leading to faster analysis within a
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shorter timeframe. Finally, Spark’s language versatility through APIs in Python, R, Java, and Scala fosters
wider accessibility for data analysts [32] [33]. In conclusion, Spark’s ability to overcome MapReduce’s
limitations in statistical analysis makes it the ideal framework for our study.

3.3. Performance Evaluation

To gauge the effectiveness of the chosen framework, we calculated speedup values by executing the
selected functions on a single node and then scaling to clusters of 2 and 3 nodes. Execution time served as the
primary performance metric, providing a clear measure of efficiency. Each function was meticulously run three
times, and the average execution time was calculated to ensure higher reliability and mitigate the impact of
potential outliers. To maintain system stability and ensure consistent results, we implemented stringent
measures, ensuring the difference in execution time across runs remained consistently within 2%. This
meticulous approach helped us draw reliable conclusions about the performance gains achieved through
parallel processing. Furthermore, we leveraged the Spark Dashboard as a valuable tool to monitor job
specifications, performance metrics, and resource utilization, providing real-time insights into the execution
process.

4. Implementation and Results

To harness the power of Spark, we opted for Python (PySpark), considering its readability and popularity
among data scientists. Our development environment was PyCharm IDE. Spark offers various data structures,
and we chose DataFrames for their structured nature and high-level API. After loading the data into
DataFrames, we applied the functions using Spark SQL and ML.ib libraries. Spark SQL handled functions like
Mean, Median, Variance, and more, while MLib tackled Linear Regression, Chi-Squared Test, and Correlation.

Our experimental setup utilizes a single core of AMD Ryzen 5 2500U processor for each node in the
cluster. As a recap, a Spark job comprises client and Spark sides. The client side houses the driver program
(our code). On the Spark side, a cluster exists with a single master node (cluster manager) and worker nodes
(containing executors that receive tasks). For this study, we employed the default Spark Standalone Cluster
Manager. Each worker node was assigned 2GB of memory, with 1GB of overhead. We executed the code in
three configurations: single node, 2-node cluster, and 3-node cluster.

The provided Table 1 showcases the calculated speedup values achieved when transitioning from a single
node to clusters of 2 and 3 nodes.

Table 1. Execution time and Speedup values in 3 different configurations.

Funetion Nodes Dataset (433 MB) Dataset (43 MB)
Time (s) | SpeedUp | Time (s) | SpeedUp

1 142.8 0% 20.3 0%

Mean 2 92.2 35% 14.5 29%

3 68.5 52% 13.0 36%

1 169.0 0% 23.8 0%

Median 2 116.7 31% 15.9 33%
3 81.8 52% 14.1 41%

1 141.0 0% 19.9 0%

Min-Max 2 91.2 35% 14.7 26%
3 70.0 50% 12.9 35%

1 67.7 0% 14.2 0%

Histogram 2 45.7 32% 11.7 18%
3 36.5 46% 11.1 22%
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1 136.7 0% 19.0 0%

Cumulative Sum 2 85.5 37% 14.3 25%
3 64.4 53% 12.7 33%

1 91.5 0% 14.2 0%

Percentile 2 55.7 39% 11.0 23%

3 44.8 51% 10.4 27%

1 417.4 0% 48.6 0%

Correlation 2 272.9 35% 32.7 33%

3 187.1 55% 26.4 46%

1 151.0 0% 23.4 0%

Skewness and Kurtosis 2 100.2 34% 17.4 26%
3 75.7 50% 15.5 34%

1 141.5 0% 20.4 0%

Variance 2 933 34% 14.8 28%

3 69.5 51% 13.5 34%

1 61.8 0% 16.5 0%

Chi-Square test 2 41.0 34% 12.4 24%
3 33.6 46% 11.7 29%

1 114.2 0% 21.9 0%

Linear Regression 2 86.4 24% 16.6 24%
3 70.1 39% 14.9 32%

1 168.5 0% 29.1 0%

Mode 2 113.8 32% 16.2 44%

3 82.0 51% 13.7 53%

1 21.7 0% 8.1 0%

Count 2 16.4 25% 7.5 8%

3 13.5 38% 7.3 9%

Analyzing the bar charts provided in Figure 1 allows us to compare the average execution times of each
function (in seconds) across different cluster configurations (single node, 2-node, and 3-node). Interestingly,
a consistent pattern emerges for both datasets: correlation function exhibits the longest execution time by a
significant margin, while count function consistently takes the least time. This disparity can be attributed to
the inherent complexity of calculating correlations compared to the simpler counting operation. Other
functions fall between these extremes, with their execution times influenced by factors such as the number of
iterations required and the amount of data involved.
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Fig. 1: Bar charts for comparing execution time of selected functions.
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Fig. 2: Line charts for comparing Speedup values of selected functions.

The line charts in Figure 2 showing speed-up values (in percent) offer compelling insights into the
performance benefits of parallel processing within Spark. As expected, transitioning from a single node to a
2-node cluster leads to significant improvements for all functions in both datasets. This observation
underscores the effectiveness of Spark in leveraging multiple cores to accelerate computations. Notably, the
jump from 1 to 2 nodes is more pronounced than the subsequent jump from 2 to 3 nodes, as evidenced by the
steeper slopes in the lines. This suggests that adding the first additional node has the most significant impact,
potentially due to factors like reduced data shuffling and improved task distribution within the cluster.
Additionally, the dataset size influences the observed speedup values. While the smaller 1.5 million row dataset
exhibits a wider spread (ranging from 8% to 53%), indicating varying degrees of benefit from parallelization
across different functions, the larger 15 million row dataset consistently shows higher speedup values (24% to
55%) for all functions. This suggests that larger datasets tend to benefit more uniformly from the increased
processing power offered by a cluster, due to amortizing the overhead associated with coordination and
communication within Spark. These findings offer valuable insights into the impact of both dataset size and
cluster configuration on the performance of various statistical functions within Spark.

5. Discussion

Spark’s versatility surpasses MapReduce, particularly for statistical analysis. While it can efficiently utilize
MapReduce logic for basic functions like mean or median, Spark excels when dealing with more complex
tasks. For functions that involve shuffling, merging, or sorting — like calculating percentiles, skewness, or
kurtosis — Spark’s in-memory processing delivers substantial performance boosts. This advantage extends to
iterative algorithms like linear regression, where Spark’s efficiency shines. Overall, Spark’s adaptability and
ability to leverage in-memory processing solidify its position as the preferred framework for tackling a wider
range of statistical analysis tasks on big data.
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While our research has established Spark as the preferred framework for most statistical analysis tasks on
big data, it is crucial to acknowledge scenarios where MapReduce might still hold an advantage. For simple,
large-scale batch processing jobs, or when dealing with very large, static datasets residing in the HDFS
(Hadoop Distributed File System), MapReduce can be a more cost-effective option. Given that the data is
readily available in HDFS, the in-memory processing that Spark offers becomes unnecessary in such
circumstances. This approach eliminates the overhead associated with managing Spark clusters, in-memory
data structures, and data shuffling. Additionally, it reduces network traffic and avoids the need for expensive
infrastructure required for in-memory processing of massive datasets. Therefore, when budget constraints are
a significant concern, and the task aligns well with MapReduce’s strengths, it remains a viable choice.

Our analysis of the results revealed a noteworthy trend: the speedup achieved when transitioning from 1
to 2 nodes was generally higher than the improvement observed from 2 to 3 nodes. This phenomenon can be
attributed to several factors. As the number of nodes increases, communication and synchronization overhead
can grow, potentially impacting performance gains. Additionally, imbalanced data distribution across nodes
can lead to inefficiencies. Furthermore, Amdahl’s Law states that the task’s inherent sequential nature limits
the potential speedup from parallelization. As more nodes are added, the benefits of further parallelization
diminish, even for highly parallelizable tasks.

Our work focuses on the suitability of Spark for statistical analysis while evaluating its performance.
Achieving speedup values of up to 55%, effectively halving the execution time, highlights the remarkable
potential of Spark as an exceptionally efficient data parallelism and big data processing tool.

6. Conclusion and Future Works

This study investigated Apache Spark’s effectiveness for Big Data statistical analysis. Spark’s advantages
in library offerings, high-level APIs, language support, in-memory processing, and flexibility were evident
when compared to other frameworks. The performance evaluation further solidified these advantages,
demonstrating significant improvements across various statistical functions and datasets. Our findings can be
valuable for data analysts and programmers who need to choose the appropriate framework for their specific
tasks. Additionally, businesses gain valuable insights into how each framework tackles the challenges of big
data and the extent to which these issues can be mitigated.
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