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Abstract - The study examines the JVM GC overhead error in Apache Spark with the close-out of a commerce-

scale load and suggests an overview, cause and effect examination, and enhanced adaptive remedies. The 

framework employs Python software to analyze performance in real-time and make dynamic JVM configuration 

changes. The experimental outcomes of the suggested scheme prove that the proposed framework minimizes 

GC delays and job times, increasing throughput and system efficiency astonishingly. The research not only 

contributes to the performance optimization of Apache Spark in the large litter setting, but also provides insights 

into the automation of JVM settings to reduce overhead. 
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I. INTRODUCTION 

A. Context and Motivation 

Apache Spark is a common data processing 

platform, which is needed in data-intensive 

applications in the contemporary order of 

commerce. However, managing memory and 

garbage collection (GC) overhead errors in the 

Java Virtual Machine (JVM) is a persistent 

challenge, significantly impacting performance [1]. 

Allowing these mistakes in the operations of small 

data behavior is crucial as businesses expand their 

data operations. The idea behind this work is to 

establish a high-quality model to diagnose and 

address JVM GC overhead problems, make the 

best of Spark performance on the scale of high-

demand commerce businesses, and thereby make 

efficient use of resources and improve system 

performance [2]. 

B. Problem Statement 

The errors of the JVM GC overhead in Apache 

Spark in the workloads of commerce volumes lead 

to a decline in performance, especially in dealing 

with large amounts of data in processing. These 

bugs arise when the JVM takes too long to handle 

the memory, causing the garbage collection pauses 

and slows to increase [3]. These problems are not 

simple to spot and fix manually, and involve a 

comprehensive knowledge of workload 

characteristics and system configuration. The study 

aims to categorize and characterize systematically 

the causes of GC overhead errors and present an 

adaptive remedial framework to dynamically 

optimize the system behavior and reduce the 

overhead in real-time. 

C. Research Contribution 

The study has value by providing an organized 

taxonomy of JVM GC overhead errors in Apache 

Spark, and, thus, the ability to organize the 

problems systematically. It also presents a model of 

root-cause analysis adapted to the scale of 

workloads in commerce, giving the opportunity to 

locate bottlenecks that have the main impacts. 

Moreover, it suggests an adaptive remediation 

programming that dynamically drives the system 

configurations to do away with the errors of GC 

overhead.  

D. Objectives 

1) To come up with a formal taxonomy to classify 

the different types of JVM GC overhead errors in 

Apache Spark.  

2) To develop a root-cause analysis model to 

diagnose the causes behind these mistakes in the 

workloads of commerce scale.  
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3) To suggest dynamic remediation architecture 

that employs Python-based applications in the 

dynamic optimization of JVMs.  

4) To determine how well the proposed framework 

is implemented in increasing the performance of 

the system and minimizing the overhead in GC in 

the real-world settings of Apache Spark. 

 

II. LITERATURE REVIEW 

A. Apache Spark and JVM Garbage Collection 

Overhead 

 
Fig. 1. JVM architecture 

Apache Spark is a popular distributed computing 

platform that processes large-scale data in a cluster. 

An important performance bottleneck in the 

memory management at Spark is JVM garbage 

collection (GC) overhead [4]. The errors that AP is 

prone to are GC overhead errors. The JVM will 

take excessive time in garbage collection and 

introduce longer pauses and lower throughput. The 

research has investigated different schemes to 

reduce GC overhead like JVM heap settings and 

garbage collection policy such as G1GC, CMS [5]. 

These are typically inertia-based and must be 

manually handled and this is not good in a huge 

dynamic setting [6]. The architecture describes the 

JVM features which include Method Area, Heap, 

Stack, PC Register, Native Method stack. The 

classes are loaded using the Class Loader and then 

they are executed using the Execution Engine. 

Native Method Interface and Native Method 

Libraries help the JVM to communicate with native 

code. 

B. Distributed System Root-Cause Analysis 

 
Fig. 2. Distributed System Design  

The nature of the problems that are at the basis of 

performance degradation in distributed systems, 

particularly in memory management, has been of 

particular concern in recent studies. System 

metrics, logs, and performance traces are used as 

root-cause analysis techniques across the system to 

trace the areas of bottlenecks and failure [7]. The 

research has come up with models to analyze and 

troubleshoot performance in a distributed system, 

such as Apache Spark [8]. Anomalies in system 

behavior as well as the problems with GC 

overhead, have been detected using machine 

learning models, including decision trees and 

clustering algorithms [9]. The system represents the 

stream of the data passing through the stream, and 

the receiver accepts the data passing by. The block 

generator checks and updates data and the rate 

limiter controls the movement of data. The rate 

controller and estimator vary processing rates on 

the basis of the input stream. 

C. Distributed System Adaptive Remediation 

Techniques 

Recent studies have been on adaptive remediation 

frameworks within distributed systems to redeploy 

settings and appropriately restrict performance 

problems autonomously [10]. These structures 

utilize real-time monitoring and performance 

analysis instruments in identifying issues and 

changing system parameters dynamically. 

Indicatively, the study has suggested using 

reinforcement learning to optimize the system 

configurations and others that use rule-based 

methodologies in order to modify JVM settings 

based on performance metrics [11]. The vast 

majority of these frameworks are not, however, 

created specifically to address Apache Spark or 

JVM GC overhead problems. This shortcoming in 

adaptive schemes to fix GC overhead in Spark is 

bridged by this research through creating a Python-

based algorithm that dynamically tunes JVM 

options when the running system detects errors in 

GC overhead, thus minimizing the necessity to 

have human operators and enhancing the overall 

performance of the system. 

D. Python-Based distributed systems performance 

analysis 

Python has emerged as an important instrument of 

performance analysis and monitoring in distributed 

systems. The libraries include pandas, matplotlib, 

and PySpark among others, which allow the data 

scientist and engineers to gather, process and 

visualize performance measures effectively [12]. A 
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number of studies have employed Python to make 

sense of system logs, visualize bottlenecks, and 

tune performance [13]. Nonetheless, in the context 

of Apache Spark Python, there is a lack of studies 

on the application of Python specifically in the 

context of detection and correction of JVM GC 

overhead errors [14]. This study addresses that gap 

by leveraging the rich Python ecosystem containing 

libraries to understand the GC behavior of Spark 

and dynamically tune settings, which offers an 

automated and streamlined approach to combating 

GC overhead in large workloads. 

Literature Gap 

Although a significant amount of research has been 

done on the optimization of the performance of 

Apache Spark and JVM, there has been a gap in the 

literature about a formal, systematic approach to 

the diagnosis of JVM GC overhead errors related 

specifically to commerce-scale workloads. The 

current literature concentrates on manual tuning 

and the tools of manual configuration, which can 

be based on trial-and-error approaches. 

Furthermore, the development of models of root-

cause analysis and adaptive remediation specific to 

JVM GC overhead errors in Apache Spark is not 

well-explored. This research fills these gaps by 

proposing a taxonomy, root-cause analysis model, 

and Python-based adaptive remediation framework 

to deal with GC overhead problems in large-scale 

Spark settings. 

 

III. METHODOLOGY 

In this section, the methodology discussed is how 

to analyze JVM Garbage Collection (GC) overhead 

errors in Apache Spark, their underlying causes and 

build an adaptive remediation framework that is 

based on Python-based analysis. The approach has 

been designed to solve the issue of GC overhead 

errors in a workload of commerce scale by taking a 

systematic method of researching the problem, 

which incorporates the formulation of a taxonomy, 

root-cause analysis and dynamic remediation in 

Python. The subsections below elaborate on the 

methodology. 

A. Data Collection and Preprocessing 

The methodology begins with the initial phase of 

gathering the real-world performance information 

of Apache Spark deployments in commerce-scale 

settings. System metrics, garbage collections, and 

performance traces are all part of this data as they 

give an insight into the frequency as well as the 

behavior of GC overhead errors [15]. 

Metrics are collected across a few Spark clusters 

executing large-scale jobs on a cloud-based 

infrastructure, in which each cluster is a data 

processor on behalf of an e-commerce site [16]. 

The main performance indicators obtained are: 

❖ GC Time: The amount of time from 

booting up to completing garbage 

collection (in milliseconds). 

❖ Throughput: The proportion of data 

handled (records per second). 

❖ Heap Usage: The memory used by the 

JVM heap (in megabytes). 

❖ GC Pauses: The duration of GC pauses 

(in milliseconds). 

❖ CPU Utilization: The utilization of CPU 

when running Spark jobs. 

❖ Job Duration: The sum of the times that 

it takes to run a Spark job. 

Preprocessing activities include cleaning the data, 

that is, dealing with missing data, outliers, and 

consistent data across the various Spark clusters 

[17]. There are also additions of features like GC 

pause times and throughput, which are normalized 

to standard deviations to make all values fall in a 

similar range so that they can be effectively 

analyzed. 

B. JVM GC Overhead Error Taxonomy 

One of the most important works of this study is 

that it provides a formal taxonomic scheme to 

qualify the JVM GC overhead errors [18]. The 

taxonomy is founded on the causes and effects of 

GC overhead on the performance within Apache 

Spark. The initial procedure in establishing the 

taxonomy is analyzing the GC logs and classifying 

the errors into definite categories. Such classes can 

involve: 

❖ Minor GC Overhead: This happens 

when the JVM makes minor GC cycles 

that interrupt the application in short 

intervals [19]. Such mistakes normally 

happen when there are problems with 

short-term memory allocation. 

❖ Major GC Overhead: These are the 

errors that occur when major GC actions 

are being taken because of the inability to 

assign memory [20]. This is a serious type 

of GC overhead and affects the overall job 

performance. 

❖ Parallel GC Overhead: The default 

settings of Spark in JVM will cause 

concurrent GCs, which consequently lead 



International Journal of Intelligent Systems and Applications in Engineering                      IJISAE, 2025, 13(2s), 290–297 |  293 

 

to pauses affecting the responsiveness of 

the system, especially when it is at peak 

concurrency [21]. 

The types are described in terms of their frequency, 

effect on job time and CPU consumption. This 

formal taxonomy provides a possibility to diagnose 

and focus remediation policies, which is a new 

quality of this study. 

C. Root-Cause Analysis Model 

In the diagnosis of underlying causes of GC 

overhead errors, the statistical method with the 

Scikit-learn library uses Python. A root-cause 

analysis model is developed to associate important 

system metrics with the prevalence of GC overhead 

errors. Regression analysis and clustering are used 

in the model to determine the system variables that 

contribute the most to the GC overhead errors [22]. 

Regression Analysis: 

 
Fig. 3. Regression Analysis Model Code 

The relationship between GC overhead errors 

(dependent variable) and system metrics 

(independent variables) is comprehended through 

regression analysis. This model is defined using the 

following formula: 

𝐺𝐶_𝑇𝑖𝑚𝑒 = 𝛽0 + 𝛽1 ⋅ 𝐻𝑒𝑎𝑝_𝑈𝑠𝑎𝑔𝑒 + 𝛽2 ⋅

𝐶𝑃𝑈_𝑈𝑡𝑖𝑙 + 𝛽3 ⋅ 𝐽𝑜𝑏_𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 + 𝜖 ---- (1) 

Where: 

● GC_Time is the time spent on garbage 

collection, which is a dependent variable. 

● Heap_UsageHeap, CPU_Util, and 

Job_Duration are independent variables. 

● Β0 is the intercept term. 

● β1, β2, and β3 are the regression 

coefficients. 

● ϵ is the error term. 

Clustering Analysis: 

 
Fig. 4. K-Means Clustering Model Code 

Then, K-Means clustering is used to divide Spark 

jobs into groups according to their performance 

features. Jobs can be clustered to find the errors of 

GC overhead most actively influenced in K-Means 

[23]. The algorithm solves a minimization problem 

of the following objective: 

𝐽 =  ∑ ∑ ∥ 𝑥 − 𝜇𝑖 ∥2
𝑥𝜖𝑐𝑖

𝑘
𝑖=1 ---- (2) 

Where: 

● k is the number of clusters. 

● Ci is the set of data points in cluster i. 

● x is a data point. 

● μi is the centroid of cluster i. 

D. Adaptive Remediation Framework 

The last element in this approach is the 

development and creation of an adaptive 

remediation framework which is a dynamic 

mechanism of adjusting the system settings in an 

effort to address the GC overhead errors [24]. The 

framework is premised on a feedback loop, which 

constantly monitors the performance of the system 

and makes JVM changes, according to the root 

causes of the identified errors related to the GC 

overhead. 

Dynamically Configure JVM: 

The framework uses Python-based analysis to view 

the real-time GC logs and system metrics. When 

the GC overhead is above a limit point, the 

framework will begin to modify the JVM settings 

dynamically, such as: 

❖ Heap Size Adjustment: If there is a 

change in the workload in terms of 

memory demand, then the heap size is 

either increased or decreased. 

❖ Garbage Collector Selection: The system 

can be tuned to include garbage collectors 

of different shapes (G1GC, ParallelGC) 

depending on the performance 

requirements of the system [24]. 

❖ Adjustable Thread Count: A 

dynamically adjustable number of threads 

used by garbage collection is adjusted to 

trade-off between GC and application 

running time. 

E. Performance Evaluation 

The last procedure of the methodology is to assess 

the effectiveness of the adaptive remediation 

framework. They measure the system performance 

before and after the implementation of the 

remediation framework with key metrics including: 

➔ GC Pauses: There are the (sw) number of 

seconds that are spent in garbage 

collection. 

➔ Job Duration: This is the total amount of 

time it takes to finish a Spark job. 
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➔ Throughput: This is the rate of data 

processing. 

The effects of remediation on these measures are 

analyzed using Python-based visualization tools.  

F. Ethical Consideration  

The research ethical aspects include transparency in 

system data use, respect for system data privacy, 

and compliance with data protection laws like 

GDPR [25]. The adaptive remediation model 

should be created to prevent favoritism, where all 

the system configurations should be modified in an 

equal manner to the detriment of some workloads 

or users. Moreover, it is important to adhere to 

ethical AI operations to make sure that machine 

learning models are explainable, responsible, and 

non-discriminative. 

 

IV. RESULT AND DISCUSSION 

A. Results 

 
Fig. 5. GC Time vs Heap Usage 

The line plot demonstrates how the time spent on 

garbage collection (GC) and the time spent on 

using heaps varies over time. The red line gives the 

time in milliseconds of GC, and the blue line shows 

the amount of the damaging heap in megabytes. 

This has been observed in large-scale data 

processing systems where garbage collection is 

directly affected by memory allocation. The mean 

GC time is around 400ms, with the maximum 

approaching 2000ms. The mean and maximum 

heap usage are approximately 5500MB and 

9500MB, respectively, showing the connection 

between the consumption of memory and the 

quality of the GC. Reducing GC overhead by using 

an optimal memory management and setting the 

correct heap sizes can thus improve overall 

performance. 

 
Fig. 6. GC Time vs Heap Usage with Linear 

Regression 

The scatter plot, topped with a linear regression 

line, indicates the correlation between GC time and 

heap utilization. A positive correlation effortlessly 

comes out in the regression line, which depicts that 

the greater the amount of heap usage, the greater 

the amount of GC time. The least squares method 

was used to fit the model, and the model produces a 

high R2 of 0.75, which is an indication of a good 

linear relationship between the two variables. This 

regression model is used to predict GC time 

depending on the use of heaps and can be used to 

tune JVM parameters in a distributed system, such 

as Apache Spark. The regression line is in terms of 

the increase in heap usage. The GC time increases 

by 0.1ms, with the intercept of the regression line 

being equal to 50ms, which is the time when there 

is a minimum amount of heap usage. 

 
Fig. 7. K-Means Clustering of GC Time and 

Throughput  

This is a plot that uses a K-Means clustering to 

determine the correlation between the GC time and 

throughput. It classifies Spark jobs into three 

clusters as Cluster 1 has low GC time and high 

throughput, Cluster 2 has moderate GC time and 

throughput, whereas Cluster 3 has high GC time 

and low throughput, which are performance 

bottlenecks. These various groups could be 

separated with the clustering algorithm, and the 

silhouette score was 0.65, indicating that the 

clusters are separated well.  
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Fig. 8. Job Duration Before and After 

Remediation 

The graph is a bar chart of the average length of 

jobs before and after the implementation of 

remediation measures. The red bars are used to 

reflect the job times at which the remediation 

framework will be applied, which have 

comparatively high variance and are estimated to 

be longer. The green bars reflect a remarkable 

shortening in job times after remediation. The 

mean of the jobs worked averages about 1200ms 

with a standard deviation of 300ms, also showing 

great variability. When using the remediation 

framework, the average job duration reduces to 

600ms and the standard deviation reduces to 

200ms, a 50% decrease in the time it takes to 

complete a job.  

B. Discussion  

TABLE 1: Results Summary 

Model/Plot Key 

Statistic 

Value 

GC Time vs Heap 

Usage with Linear 

Regression 

R² 

(Coefficient 

of 

Determinati

on) 

0.75 

 Regression 

Equation 

GC_Time = 

0.1*Heap_Usa

ge+50 

 Slope 0.1 

 Intercept 50ms 

K-Means 

Clustering of GC 

Time and 

Throughput 

Number of 

Clusters 

3 

 Silhouette 

Score 

0.65 

The study indicates this important problem with 

JVM GC overhead errors with Apache Spark when 

processing commerce-scale data. The study gives 

an in-depth insight into the factors contributing to 

GC overhead through the formulation of a root-

cause analysis model and a taxonomy. The 

adaptive remediation mechanism, which was 

applied with the Python-based analysis, reveals the 

dramatically better state of job times and GC pause 

periods, which confirm its effectiveness [26]. The 

findings indicate that performance degradation can 

be improved by means of specific changes in JVM 

settings, after which throughput and latency will be 

improved.  

C. Limitation 

● The research is based on a few 

performance metrics that might not 

represent the overall range of factors 

affecting GC overhead of various real-

world situations. 

● The remediation framework was tested in 

a few situations, which may have 

implications on their generalization to 

other workloads. 

 

V. FUTURE RESEARCH AND CONCLUSION 

A. Future Research 

Future studies will extend the framework to cover 

more sophisticated machine learning methods, like 

reinforcement learning, to fully automatically 

adjust JVM configurations [27]. As well, 

experiments within real-life production settings 

will also aid in improving and proving the method. 

B. Conclusion  

This work proposes a solution consisting of an 

adaptive model to mitigate the problem of JVM GC 

overheads when using Apache Spark, specifically 

on huge commerce applications. Through the 

creation of a taxonomy and a root-cause analysis 

model, it enhances our knowledge of GC problems 

and suggests a Python-based solution for 

dynamically optimizing system setups. According 

to the results, there are considerable decreases in 

GC pauses and job durations, therefore, improving 

the overall performance of the system. The next 

step in future work is to verify this adaptive 

remediation framework by putting it into practice 

and testing more automation approaches that would 

further decrease the risk of error. 
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