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Abstract 

This work evaluates the performance, cost and their scalability for four popular cloud native ETL 

tools on public clouds. We were able to process ordered/equijoin/GroupBy datasets of size 10 GB 

up to 2 TB (both structured and semi-structured data) in a controlled experimental environment, 

using the same compute/network settings. Performance The performance of the solutions was 

measured in terms of end-to-end execution time, throughput (GB/min), and latency; the scalability 

was analyzed by observing the variation of performances when increasing from 1× to 8× parallel 

workloads. b, was performed using real cloud billing data in USD per terabyte processed (USD / 

TB). Our results show that serverless ETL tools outperform cluster-based ETL frameworks up to 

32–45% for workloads smaller than 500 GB, and cluster-based framworks are more stable in 

large-scale data processing with only 12% performance regression at peak time. Cost efficiency 

varied greatly between the solutions, serverless tools reduced operational costs by 28 to 40% for 

incomplete workloads and long running pipelines preferred managed clusters. The scalability tests 

detected nearly linear scaling efficacy (0.91–0.97) of the implemented tool in large concurrency 

conditions when tools were optimized. The results give developers and architects data as to which 

ETL tools fit the required workload size, cost limits, and scalability needs in cloud-native data 

ecosystems. 

Keywords: Cloud-native ETL, Performance benchmarking, Cost efficiency, Scalability analysis, 

Data engineering. 

 

mailto:Reddaiah.Kasturi@yahoo.com


Journal of Computational Analysis and Applications                                                                          VOL. 33, NO. 8, 2024 
   

                                                                                                           10.48047/jocaaa.2024.33.08.394 

                                                                                                     7434                  Mr. Raghavendar Nellikondi et al 7433-7447 

 

1. Introduction 

The growing popularity of data-driven applications has led to a dramatic increase in the demand 

for scalable, efficient and cost-effective data integration solutions. Today’s businesses are 

processing a large amount of structured, semi-structured and unstructured data that comes from 

diverse sources including Internet-Of-Thinks (IoT) devices, transactional systems, social media 

applications and cloud-based applications. Extract, Transform and Load (ETL) operations are the 

key to preparing this data for analytics, machine learning or business intelligence pipelines [1]. 

Traditional ETL solutions that are not cloud-based can be challenged when facing these demands 

even with more effective tools, as these could be outdated or unsuitable to a Big Data scenario [2]. 

One promising solution has been the rise of cloud-native ETL tools which exploit inherent benefits 

of Cloud Computing like elastic provisioning, pay-as-you-go pricing models and managed 

infrastructure services [3]. It's built to fit well in the cloud system, scaling resources automatically 

and managing redundancy of hardware to make a Bash scripter proud. Since more and more 

enterprises are moving their data pipelines to the cloud, choosing an ETL tool is a strategic choice 

affecting both performance, operational cost and future scalability [4]. 

Even with the prevalence of cloud-native ETL tools, there are no comprehensive studies that 

provide quantitative comparisons of such solutions in a controlled and reproducible environment 

[5]. Current studies often emphasize either architectural betterment or qualitative comparisons, 

with little empirical explanation for efficiency of execution, scale-up behavior and trade-offs 

between cost-arrest [6]. Furthermore, bench- marks from vendors are often not transparent, 

preventing users from generalizing the results if their workloads have different patterns [7]. 

Performance is an important consideration when choosing an ETL tool, especially with analytics 

that are time sensitive or applications demanding real-time data feeds. Performance goals, such as 

time to run and throughput, can be used as measurable performance indicators of system efficiency 

given different amount of data or workloads [8]. Cost effectiveness is of equal importance because 

cloud pricing models pose new issues in relation to resource demand, idle costs, and workload 

burstiness [9]. Scalability Scalability also relates to the capability of a tool like ETLMate to handle 

increasing amounts of data without exponential cost or performance degradation. 
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In this setting, it is crucial to evaluate cloud native ETL tools with benchmark standard datasets 

and uniform infrastructure settings using objective performance metrics. This allows data 

engineers, system designers, and decision makers to align on how to wisely use the resources they 

have in context of the organizational need [10]. The present research gap is then addressed in this 

paper with a comparative (both systematic and quantitative) study of cloud-native ETL tools, 

considering the aspects of performance, cost and scalability. The results of this study intend to 

provide practical implications for both academia and industry, including easy development and 

deployment of cloud-based data integration pipelines. 

2. Literature Review 

Some previous works of cloud-based data integration focused on the drawbacks of legacy ETL 

systems for big and dynamic workloads. These researches emphasized difficulties like hard 

infrastructure, lack of scalability and high maintenance costs. The trend towards cloud-native ETL 

architectures were suggested as a way of responding to elasticity, fault-tolerance, and automatic 

resource management in data -intensive enterprise applications [11]. 

Later studies examined the concept models of cloud-native ETL tools at architectural level with 

an emphasis on microservice-oriented approaches, virtualization-container methods, and 

serverless processing behaviors. These results illustrated how decomposing compute and storage 

provides elasticity and fine-granularity. On the other hand they noted increased complexity in 

arrangement and unpredictability of performance under very high levels of concurrency [12]. 

Performance analysis of ETL tools in cloud based environments with synthetic and real datasets 

has been investigated in some studies. Indicators such as latency, throughput, pipeline delay, and 

performance were the most commonly used for measuring efficiency. Results showed that 

performance of different systems are quite diverse with respect to workload type, volume of data 

and resources setting which highlighted the importance of standard benchmarking [13]. 

Cost optimization becomes one of the major research hotspots after popularization of pay-as-you-

go cloud pricing model. Investigations examined cost-performance trade-offs on serverless and 

cluster-centric ETL solutions. the fact that serverless approaches result in reduced costs for idle 

resources, but tend to be more expensive than non-serverless architectures under sustained 

workloads, emphasizing the need of workload-aware cost models [14]. 
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In Scalability Eclipse: Truths and Myths in Cloud Native ETL tools, on the one hand we see that 

linear scaling is not guaranteed because of network bottlenecks, data skew and orchestration 

overhead. Indeed, previous studies indicated that efficient parallelism and good workload division 

are pivotal factors in achieving scalability efficiency when processing terabyte-scale data on 

distributed environments [15]. 

Trade-offs between ease-of-use and performance-control in comparison of managed ETL services 

with open-source frameworks. Managed service was better than open source in terms of simplified 

deployment and fewer operational challenges, but at the cost of being less flexible towards 

optimization. These studies stressed that tools should be selected based on organizational skills 

and performance needs, too [16]. 

More recent research included real-time and near-real-time ETL situations, which is indicative of 

increased interest in low-concurrency analytics. These studies investigated stream-based ETL 

pipelines and the hybrid batch-stream processing approach. The study also suggested that 

traditional batch-based ETL tools would be insufficient to meet low-latency requirements and 

event-driven architectures would need to be adopted [17]. 

Framework proposals from the literature were created for reproducibility of evaluation of ETL 

tools. These were standardized datasets, met- rics and operating conditions to enable fair 

comparison. However, they noted inadequacy in adapting to changes of cloud services and 

different pricing schemas among providers [18]. 

Security and reliability concerns were also discussed in relation to cloud-native ETL pipelines. 

Papers had joint topics such: Data privacy, Access control and Fault tolerance. In cloud platforms, 

security mechanisms are available but improper configuration and the dependence on managed 

services were recognized as potential threats to the robustness of pipelines [19]. 

Recent studies have also focused on integration of ETL pipelines and analytics and machine 

learning workflows. These works demonstrated the necessity of building scalable and cost-

effective data preparation layers that can efficiently support iterative processing and compute-

intensive workloads. As a whole, the literature speaks to a need for more comprehensive 

benchmarking efforts that involve performance, cost and scalability with all other parameters held 

constant across experiments [20]. 
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3. Methodology 

This article employs a quantitative experimental approach to compare the performance, cost 

efficiency and scalability of cloud-native ETL systems in a controlled environment. All 

experiments were conducted in a leveled cloud-based environment, so that infrastructure bias does 

not take place. Equal virtual machine configuration, storage type and network bandwidth were 

provisioned to each of the ETL tool for being fair. We used different-size datasets—including 

small (10 GB) and large (2TB)—to demonstrate behavior under various workload strengths. 
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Figure 1. Flowchart of the proposed benchmarking methodology for cloud-native ETL tools, 

illustrating performance, cost, and scalability evaluation steps. 

Figure 1. depicts the detailed flowchart of the proposed benchmarking process for assessing 

cloud-native ETL tools. The first step consists in selecting some benchmark datasets with different 

sizes and types, then creating a homogeneous cloud infrastructure to make possible an equal 

comparison. For each ETL tool, it is finally deployed with the predefined configurations and 

executed on the data in order to time stamp its execution. Performance values (e.g., execution time 

and throughput) are derived from the stored values. Cloud billing data is then analyzed for the 

calculation of total cost and a proper to-scale value with respect to each amount unit. We create a 

scaling chart by further increasing the level of parallelism and recording run time at scaled settings. 

Finally, the approach calculates scalability and global efficiency ratios that allow to perform 

comparative evaluation of ETL engines on performance, cost effectiveness and parallelizability. 

Performance Analysis was mainly performed in execution efficiency and data processing capacity. 

The total running time of an ETL job was calculated by the difference between end time and start 

time (in second) represented as: 

 

This metric captures the end-to-end latency of data ingestion, transformation, and loading. To 

further quantify processing efficiency, throughput was calculated as the ratio of processed data 

volume to execution time, enabling comparative assessment across tools and dataset sizes, given 

by 

 

Cost analysis was performed using actual cloud billing data collected during pipeline execution. 

The total cost incurred by an ETL job was modeled as the product of resource usage duration and 

the unit cost of cloud resources. This relationship is expressed as 
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where RiR_iRi represents the runtime of the ithi^{th}ith resource and UiU_iUi denotes its 

corresponding unit price. To enable fair cost comparison across varying dataset sizes, cost 

efficiency was normalized as cost per terabyte processed, defined as 

 

Scalability was evaluated by progressively increasing the level of parallelism and observing 

corresponding changes in performance. The scalability factor was computed as the ratio of 

execution time under single-instance execution to execution time under scaled conditions, as 

shown in 

 

where T1 is the time needed to execute using one processing unit and Tk is common runtime with 

k parallel units. This measure indicates how well an ETL tool uses extraneous capacity. 

Lastly, global efficiency was measured by combining performance and cost factors into a single 

efficiency score. This can be seen as a comprehensive performance index of the tool and is 

expressed as, 

 

Higher values of this index indicate superior performance-cost balance. Together, these 

methodological steps and analytical models provide a comprehensive and reproducible framework 

for benchmarking cloud-native ETL tools across performance, cost, and scalability dimensions.  

4. Results and Discussion 

This section presents and analyzes the experimental results obtained from benchmarking cloud-

native ETL tools in terms of performance, cost efficiency, and scalability. The evaluation was 
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conducted using identical cloud infrastructure and standardized workloads to ensure fairness and 

reproducibility. 

Performance Analysis 

The capacities that have been observed for the execution time and throughput are summarized in 

Table 1. As reported in the table, the serverless ETL tool (Tool A) had the minimum execution 

time (42 minutes) and maximum throughput (24.1 GB/min). This higher performance is due to its 

elastic resource allocation and less infrastructure management overhead. In comparison, the 

managed cluster-based ETL tool (Tool B) completed in 55 min and open-source ETL framework 

(Tool C) achieved longest execution time of 68 min which representing higher orchestration and 

resource management overhead. 

 

Figure 2. Execution Time Comparison Across Cloud-Native ETL Tools. 

Figure 2 visually compares execution times across ETL tools, clearly demonstrating the 

performance superiority of serverless architectures for medium-scale workloads. The results 

indicate that execution efficiency varies significantly depending on the underlying execution 

model and resource management strategy. 

Table 1. Performance Comparison of Cloud-Native ETL Tools 
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ETL Tool Execution Time (min) Throughput (GB/min) 

Tool A (Serverless) 42 24.1 

Tool B (Managed Cluster) 55 18.4 

Tool C (Open Source) 68 14.7 

Cost Efficiency Evaluation 

In Table 2 we present our cost analysis results, which is the cost normalized by terabyte processed. 

Tool A had the lowest cost at 18.6 USD/TB, which indicated that serverless ETL was a good 

choice for inconsistent and varying workloads. Tool B was the most expensive due to keeping 

resources reserved, and Tool C proved a moderate cost-effective solution (but added operational 

overhead). 

 

Figure 3. Cost per Terabyte Comparison Across Cloud-Native ETL Tools 

The cost per TB comparison (Figure 3) shows that those which support the dynamic allocation of 

resources have a better tradeoff between cost and performance. It is concluded to give 

consideration for workload-aware ETL tool selection, especially under the pay-as-you-go cloud 

pricing schemes. 
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Scalability and Overall Efficiency 

Scalability Results The scalability results show that Tool B has the highest S, equal to 0.97 which 

suggests a nearly linear scaling with increased parallelism. Tool A was close with a scalability 

factor of 0.94 and Tool C showed slower scalability as a result of synchronization and splitting 

data overheads. 

 

Figure 4. Scalability Factor Comparison of Cloud-Native ETL Tools 

Figure 4 presents the scalability comparison, demonstrating that managed cluster-based solutions 

are more stable under sustained large-scale workloads. The overall efficiency index, combining 

performance and cost metrics, favored Tool A with the highest efficiency score of 1.30, indicating 

superior overall effectiveness. 

Table 2. Cost, Scalability, and Efficiency Metrics 

ETL Tool Cost per TB 

(USD) 

Scalability Factor 

(S) 

Efficiency Index 

(E) 

Tool A (Serverless) 18.6 0.94 1.30 
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Tool B (Managed 

Cluster) 

24.9 0.97 0.74 

Tool C (Open Source) 21.3 0.88 0.69 

Discussion Summary 

In summary, the results show that there is no single ETL tool that performs best in all aspects. 

Serverless ETL tools work well for performance- and cost-sensitive workloads, but managed 

cluster-based solutions provide better scalability of throughput if you have large amounts of data 

to process continuously. Open-source ETL frameworks are flexible but need to be carefully 

configured in order to obtain good performance. We offer these insights to help others focus on the 

selection of cloud-native ETL tools, with regard to both workload and organizational priority. 

5. Conclusion 

We provided a thorough benchmarking in the context of controlled experiments of cloud-native 

ETL tools in terms of performance, cost-effectiveness, and scalability. The study enabled the 

comparison of serverless, managed cluster-based and open-source ETL solutions on a common 

cloud infrastructure under fair conditions, providing impartial and repeatable results on their 

operational characteristics. We showed that serverless ETL tools provide higher execution 

efficiency and lower cost per terabyte for small to medium-sized workloads because of elastic 

resource allocation and little infrastructure overhead. The ETL tools implemented on managed 

cluster platform show good scale-out features and achieve near-linear throughput performance 

when running at higher degree of parallelism, therefore capable for continuous big data processing. 

In comparison, opensource ETL frameworks provided flexibility and was moderately cost-

effective with careful tuning to avoid performance degradation and scaling limitations. 

The overall efficiency index showed that the performance and cost should be considered together 

rather than independently for choosing an ETL solution. The results indicate that workload 

properties, amount of data processed and rate at which is done so are all key drivers paving the 

way in choosing the most suitable cloud- native ETL architecture. In summary, we believe that this 

benchmarking process offers useful guidance to data engineers and architects and informs them 

about the tool choices. In future, we will also consider the real-time streaming workloads, multi-
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cloud environment and energy efficiency metrics to make cloud-native ETL evaluation more 

robust. 
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