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Abstract

Data pipelines that support the processing of Big Data have become the building blocks of modern analytics and are
already achieving critical outcomes for companies that are able to process huge amount of data in a timely, resource
efficient manner. There are a number of tools Amazon Web Services (AWS) offers: Elastic MapReduce (EMR), Redshift,
and Glue that operate as distinct, but linked, data processing tools in the lifecycle. Yet, these services need to be tuned in
terms of parameters, resources and workflow. In this paper, we investigate several optimization strategies such as memory
management, partitioning strategies, concurrency tuning, tradeoffs between cost and performance. Finally, we propose a
novel way for benchmarking and tuning AWS data services that is backed up by empirical performance tests. We
quantitatively analyze the impact of key optimizations on execution time, resource utilization and cost efficiency through
mathematical models and empirical analysis. We validate that strategic tuning of EMR, Redshift, and Glue can improve
performance by up to X% and reduce costs by Y%, meaningfully extending capacity limits and aiding data engineers and
architects alike.

Keywords: Big Data, AWS EMR, AWS Redshift, AWS Glue, Performance Optimization, Cloud Computing, Data
Pipelines, Tuning, Cost Efficiency

1. Introduction

1.1 Background and Motivation

The big data processing frameworks have been promoted by the exponential growth of data. Distributed cloud based data
pipelines extract, transform and analyze huge amounts of data in real and batch time. Scaled up big data processing can
be done using Amazon EMR (Elastic MapReduce), Amazon Redshift, and AWS Glue offered by AWS. However,
suboptimal configurations result in substantial costs, underutilization of resources, and so on which need systematic tuning
strategies to avoid these problems. [1]

AWS EMR is a serviced offering for Hadoop jobs at a large scale, while Redshift is actually a data warehouse on the cloud
for analytical business jobs. On the other hand, glue manages to create a serverless extract, transform, and load (ETL)
environment for the data engineers to automate data transformations. While these services are designed for built in
scalability and can be shaped into practically anything, their performance varies greatly based on all of these factors. [2]

1.2 Problem Statement
Although AWS EMR, Redshift, and Glue packs a powerful punch, some organizations struggle with...

1. The result of misconfigured compute resources which causes suboptimal execution times.

2. The reasons were high operational costs due to an inefficient cluster setsize and data shuffling.

3. Proper distribution keys, sort keys, compression settings leading to poor query performance in Redshift.
4. ETL workflows in Glue are inefficient and repute often, causing high latencies.

The first challenge is addressed in this paper by proposing an optimized tuning framework which maximizes efficiency
with minimum costs.
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1.3 Research Objectives

The main tasks of the research are:
o Determining the key performance bottlenecks in AWS EMR, Redshift, and Glue.

o The means of tuning parametric resonance to develop systematic tuning methodologies which improve
performance and cost efficiency.

o Mathematical models are used to establish for performance evaluation and benchmarking.

. To empirical experiments and performance benchmarks validate optimization strategies.

1.4 Scope of Study

The focus of this research is on dealing with a mixture of batch and interactive workloads on AWS, namely ETL pipelines,
distributed querying, and large scale analytics. The optimizations explored include:

o Selection of EMR instance type and cluster sizing.
o Redshift Compression, Partitioning and Query Tuning.
o There are some random performance improvements like job parallelism and Glue DynamicFrame optimizations,

and memory tuning.
o Comparative cost-performance analysis across different configurations.

1.5 Structure of the Paper

In the following, the paper is structured as follows:

o Section 2 consists of literature review that analyzes existing studies on existing performance tuning for big data.
o Section 3: Methodology — Describes the benchmarking setup, optimization techniques, and mathematical models.
o Performance optimization strategies (Section 4): Contains tuning recommendations for EMR, Redshift and Glue.
o Section 5: Experimental Results and Analysis — Validates tuning strategies against a series of real world

performance benchmarks.

o Section 6 gives the Conclusion and Future Work summary.

2. Literature Review

2.1 Introduction to Big Data Performance Optimization

There is a big evolution in the processing frameworks that can deal with large amount of data. Performance optimization
of distributed computing frameworks including Apache Hadoop, Apache Spark, cloud based services like AWS EMR,
Redshift and Glue is investigated in many studies and also in industrial best practices. While these services can be
optimized for maximum efficiency at all these points (variable workloads, cluster resource allocation, and complexities
of data transformation), it still remains a challenge.[3]

2.2 Performance Optimization in AWS EMR

2.2.1 Resource Management and Cluster Configuration

AWS EMR is a fully managed service with lots of benefits to running Apache Hadoop on AWS. [4] The use of Autoscaling
and choosing instance types and autoscaling policies, as well as cluster topology all impact performance in various ways.

. Generally, memory optimized instances (e.g., r5 series) are better than general purpose instances for Spark loads
because the garbage collection is less overhead.

o It drastically reduces the idle resource wastage in Spark-based processing.
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Using Spot Instances optimizes cost, but they need checkpointing to minimize risk arising from instance terminations.

2.2.2 Data Partitioning and Shuffle Optimization

EMR efficiency is dependent on efficient shuffle operations as well as data partitioning. There are a number of techniques
that will repartition your data, coalesce() and reduceByKey() being just two of them, which will optimize the network I/O
overhead of the shuffle.

The execution time can be very significantly improved for large scale jobs with the shuffle buffer size tuned and with
speculative execution enabled. [5]

Auto Broadcast Join Threshold can configure broadcast joins to reduce their shuffle costs.
2.3 Performance Optimization in AWS Redshift

2.3.1 Query Optimization Techniques

Amazon Redshift, a Massively Parallel Processing (MPP) data warehouse, benefits from columnar storage, compression,
and parallel execution. [6] Optimising performance is one of the huge aspects, query tuning is one of these.

o Distribution keys and sort keys are optimized to improve query performance by reducing the data movement
across the nodes.

o Using query execution plan analysis and detection of suboptimal joins and sequential scans provides a great
solution for optimizing query efficiency overall.

2.3.2 Compression and Storage Efficiency

The speed of query and storage cost are both significantly affected by compression in Redshift. To optimize performance:
o Columns that are frequently accessed should be compressed with LZO and ZSTD.
o Automatic Vacuum and Analyze commands keep storage and query performance at an optimal level.

The choice between DISTSTYLE EVEN vs. KEY based distribution should depend on query access pattern to minimize
data redistribution overhead.

2.4 Performance Optimization in AWS Glue

AWS Glue is a service that does the ETL on top of Glue, which is itself a serverless ETL service that automates discovering
schemas and data transformation. [7] This can perform well when the problem size is large enough that memory tuning,
parallelism, and data serialization are done properly.

o Batch ETL workloads are typically processed faster with DataFrames than with DynamicFrames.

o At purchase, I increased worker nodes and fine tuned spark.sql.shuffle.partitions and slept the whole time. It
nearly cut my glue execution time in half.

2.4.1 Glue Worker Configuration and Parallelism

Optimizing Glue involves:
o Choosing worker types (G.1X vs. G.2X) depending on amount of memory needed and workload requirements.
o Switch to Parquet format to get better read performance and minimize storage cost.

2.5 Summary of Research Gaps

Though there is already so much ways to optimize and pare down to best practices, there are still key gaps.[§]
o There are no holistic optimization framework that focus on EMR, Redshift and Glue at the same time.

o However, there are few or no empirical performance benchmarks available, that systematically quantify the
difference between performances of different tuning strategies.
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o Not much work on cost aware performance optimization techniques devised for budget conscious enterprises has
been done.

In this paper, we argue for the need of such a paradigm, and perform our argument through an integrated performance
tuning framework, described by using mathematical modeling and validated by empirical experiments, to ultimately guide
data engineers or architects of AWS based big data pipeline to achieve maximum efficiency.

3. Methodology

3.1 Research Approach

In this study, we optimize the performance of AWS based big data pipeline through a quantitaive and experimenrial
approach. [9] The research is conducted following a structured methodology consisting in identification of performance
bottlenecks, design of benchmarking framework, systematic application of optimizations, and evaluation of optimizations
in empiric testing. [10] This study attempts to establish a robust framework of performance enhancement tuning strategies
using Amazon EMR, Redshift, and Glue along with picking the right implementation strategies for tuning, with no
compromise on cost efficiency.

First, the research will define key performance metrics, which span workflows of big data and determine their efficiency.
[11] Then, execution times, resource utilizations, as well as cost efficiency in various configurations are benchmarked and
a benchmarking system is established. [12] Optimizations are added in a step by step fashion to be evaluated through
controlled experiments. Mathematical models are also developed to quantify the performance improvements and enable
a prediction of how other tuning strategies can improve the overall system efficiency.

3.2 Experimental Setup

3.2.1 AWS Infrastructure

To that end, the experiments are carried out in a controlled AWS environment, where Amazon EMR, Redshift and Glue
are used for the different workload types. [13] There are different instance types and cluster configurations for AWS EMR
to run Apache Spark and Hadoop workloads. [14] Distribution and sort keys, compression parameters and query
optimization techniques are configured differently on Amazon Redshift. In order to investigate the efficiency of AWS
Glue in ETL operations, AWS Glue is tested with different worker types, parallelism configurations and memory tuning
strategies.

They test each service for different workload scenarios to find the optimal settings for the various configuration. [15]
Datasets in structured, structured semi structured and unstructured formats with sizes ranging from 1TB — 10TB are used
in conducting the experiments. By varying type of big data workload, this guarantees generalizability of the obtained
results.

3.2.2 Performance Metrics

They analyze the performance by applying three metrics: Execution Time (T), Resource Utilization (R) and Cost
Efficiency (C). [16] The total processing duration is referred as execution time, CPU and memory usage efficiency is
reflected by resource utilization and the financial impact per unit processed data is reflected by cost efficiency.

For systematically quantifying the performance improvement a composite performance score (P_opt) is formulated:

a B v
P..=—+—+=
oot =T HRTC

where a, B, and y are weight factors that vary based on workload priorities. This formula allows for an objective
comparison of different configurations, balancing speed, efficiency, and cost.

3.3 Optimization Techniques

3.3.1 Tuning Strategies for EMR

Amazon EMR offers performance tuning primarily for cluster sizing, shuffle, and autoscaling. The research investigates
the different instance types (15 vs. ¢5) and how they will impact Spark workloads. [17] Adjust spark.sql.shuffle.partitions
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and enable dynamic resource allocation (to be minimally responsive to other applications), and shuffle operations will be
optimized not to tie up resources when they are not busy. To have cost effective scalability, autoscaling policies are
implemented that are used to dynamically adjust the number of worker nodes according to workload demands.

3.3.2 Optimization of Redshift Queries and Storage

Distribution keys, sort keys and compression strategies, are all techniques which can be employed to optimize Amazon
Redshift. The study also tests query performance for various DISTSTYLE configurations (EVEN vs. KEY-based
distribution). [ 18] We analyze sort key tuning in order to understand its influence on improving scan efficiency for large
datasets. Query speed and storage efficiency are assessed using compression techniques including LZO and ZSTD.
Moreover, vacuum and analyze commands are employed to guarantee the best possible database performance by
controlling table fragmentation and statistics.

3.3.3 Enhancing AWS Glue Efficiency

Performance of AWS Glue is done around memory tuning, job parallelism and data serialization formats. We test different
worker types G.1X and G.2X since they are good for certain ETL workloads. We compare dynamic DynamicFrames to
DataFrames for identifying the best way to perform data transformation. [19] Moreover, various methods are tested to
assess how JSON vs. Parquet formatting of data has an impact on data retrieval times as well as storage efficiency. The
research aims to find speed execution with minimum resources wasted by fine tuning Spark shuffle operations and Glue
parallelism settings.

3.4 Benchmarking and Validation

3.4.1 Experiment Design

To do so, the experiments employ a before-and-after approach where the baseline performance is measured before
applying optimizations. [20] To create the control dataset, we test each service using default configurations. Subsequently,
we progressively apply optimizations and successively evaluate their performance.

To make sure the conditions of the experiment are experimented consistently and remain same (i.e. instance type, dataset
size and workload complexity are same in every test case), the study makes sure of that. Each test scenario’s execution
times, resource usage and cost metrics are recorded. Comparisons with the results are made to evaluate the amount of
performance gains that can be achieved through tuning.

3.4.2 Statistical Analysis

A paired t-test is performed in order to verify the importance of the performance gains, by calculating execution time
before and after the optimizations. The hypothesis tested is:

HO::Ubefore = Hafter
Hl:.“before > Uafter

where p_before and p_after represent mean execution times before and after tuning, respectively. A confidence level of
95% is used to determine statistical significance. If the p-value is below 0.05, the optimizations are considered to have a
statistically significant impact.

Additionally, cost-performance trade-offs are analyzed using a cost-benefit ratio, which measures the reduction in
execution time relative to the increase or decrease in operational costs. [21] This approach ensures that the proposed tuning
strategies do not just improve speed but also offer cost-effective performance enhancements.

4. Performance Optimization Strategies

4.1 Introduction to Optimization Techniques

Big data pipelines in AWS can be optimised in terms of its performance, i.e. speed, resource utilization and cost through
a variety of tuning strategies. The configuration parameters for each EMR, Redshift and Glue service differ for overall
performance. The potential to gain considerable reductions in processing time and cost can be achieved through a
systematic approach of cluster management, query tuning, and memory optimization.

© 2021, IJSREM | www.ijsrem.com DOI: 10.55041/IJ]SREM10897 | Page 5


http://www.ijsrem.com/

Al 1Y

b %
_ IJ,sﬁEM International Journal of Scientific Research in Engineering and Management (I[JSREM)

W Volume: 05 Issue: 10 | Oct- 2021 SJIF Rating: 6.714 ISSN: 2582-3930

The detailed optimization strategies for each service are presented in this section, their effects include changes in execution
time, scalability and computational efficiency. It aims to discover and execute solutions that will allow the processing
without excessive or unnecessary use of resources under way.

4.2 Optimization Strategies for Amazon EMR

4.2.1 Cluster Sizing and Instance Selection

The EMR efficiency, especially when one is running Apache Spark and Hadoop based workloads, is very much determined
by the cluster configuration. This is one of the critical points; selecting the right instance type is essential as compute
optimized instances (e.g. C5 series) are well suited for the high processing tasks while the memory optimized instances
(e.g. RS series)behave well with large in memory computation tasks. [22]

The effect of selecting instances is assessed by examining CPU utilization, memory consumption and time to execution.
Under-provisioning entails increased data spill for disk, slowing down and over provisioning requires unnecessary costs.
The cluster is made to autp scales by implementing autoscaling policies, which dynamically scale up the cluster during
peak workloads and autp scales down the cluster during the idle times, thereby efficiently using the resources.

4.2.2 Shuffle Optimization and Partitioning

The performance of Spark jobs running on EMR is greatly impacted by Shuftle operations. High network I/O is incurred,
and processing time rises when the shuffle setting is inefficient. Data partitioning techniques are used to eliminate
movement of data across nodes to optimize shuffle performance. Some configurations like spark.sql.shuffle.partitions and
spark.default.parallelism are tuned to have balanced processing efficiency.

Broadcast joins are employed to gain further improvements in terms of shuffle overhead via replication of smaller datasets
to worker nodes instead of shuffling them across the network. Furthermore, speculative execution is leveraged to reexecute
slow tasks so that execution can finish before the remaining slow tasks would if there were no speculative execution and
bottlenecks induced by straggler nodes are eliminated.

4.3 Performance Tuning in Amazon Redshift

4.3.1 Query Optimization and Execution Plan Analysis

Rather, query execution pattern is the major factor that governs the performance of Redshift. Using distribution keys and
sort keys helps reducing data movement across nodes, which in turns leads to faster query execution. An analysis of the
execution plans to the queries allows to detect inefficient table scans, to find the joins that are working poorly and the sort
keys that are missing.

Metadata partitioning is the partitioning of big datasets, using either time based partitioning or categorial partitioning, so
query efficiency can be improved with the optimizer scanning only partitions of relevance for the query. Also, they replace
nested loop joins with merge or hash joins, that are the best choice for large analytical workloads. Materialized views also
shorten query execution time by precomputing the results most often requested.

4.3.2 Compression and Storage Optimization

Its performance is improved by cutting down I/O operations though Columnar storage and compression techniques.
Selective data compression (i.e., ZSTD and LZO), as suited to the data access pattern, is done to strike a balance between
storage savings and query speed. Query execution time is measured before and after compression settings were applied to
understand the impact of compression. [23]

In order to keep the efficiency with Redshift, it requires a regular vacuum and analyze so that the unused rows and table
statistics are updated. Having this means we do not suffer performance degradation from table bloat and are ensuring that
the optimizer is getting up to date metadata in making the accurate query execution decisions.

4.4 Optimizing AWS Glue Performance

4.4.1 Memory and Job Parallelism Configuration
The performance of ETL in AWS Glue depends on how we allocated the memory and parallel processing capability. The

sEeed of job execution 1is directlz affected bz the worker tZBe and number of workers. G.2X workers are used for large
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scale transformations and have more memory and CPU resources; for smaller workloads, G.1X workers are used in an
efficient manner without incurring unnecessary cost.

spark.sql.shuffle.partitions and spark.executor.memory are tuned for the optimal amount of parallelism without
overflowing the system’s memory with memory intensive transformations like joins and aggregations. An increasing
number of partitions is used to test the effectiveness of parallelism.

4.4.2 Data Format and Serialization Efficiency

Glue’s speed of processing and its downstream analytics performance are impacted by the choice of data storage format.
The columnar storage and built in compression of CSV and JSON makes PARQUET and ORC perform better.
Transforming datasets into Parquet allows Glue jobs to cut down on I/O overhead while lowering costs for storage and
increasing query speed in Redshift and Athena.

Data deserialization overhead is fine tuned through Serialization settings. An Evaluation is made as to which format
between Glue DynamicFrames vs Spark DataFrames provide optimal performance for different ETL workflows.
DynamicFrames are flexible in schema evolution, but DataFrames typically run transformations faster, so they should be
used for compute heavy operations.

4.5 Evaluating Cost-Performance Trade-offs

The focus on optimization in the design process is to assure that the improvement of performance will not be balanced off
by unreasonably high costs. The study limits cost versus performance trade-offs by evaluating the decrease in execution
time against the extra cost of using a higher tier instance or increasing the number of workers.

A cost-benefit ratio is calculated as:

_ Tpaseline — Toptimized

Cerr =7

optimized — Cbaseline

where T_baseline and T_optimized represent execution times before and after optimization, while C_baseline and
C_optimized denote corresponding costs. A higher C_eff value indicates a more favorable optimization strategy that
reduces time while maintaining cost efficiency.

5. Experimental Results and Analysis

5.1 Introduction to Experimental Evaluation

To validate the effectiveness of the proposed performance optimization strategies, a series of controlled experiments were
conducted across Amazon EMR, Redshift, and Glue. These experiments measured execution time, resource utilization,
and cost efficiency under both baseline (default) and optimized configurations. By systematically analyzing these metrics,
the study quantifies the impact of tuning on overall big data pipeline performance. [24]

This section presents the empirical results obtained from executing various workloads on AWS services, followed by a
comparative analysis of baseline vs. optimized configurations. Key findings are illustrated through tables and graphs,
highlighting the efficiency gains achieved through targeted optimizations.

5.2 Experimental Setup and Test Scenarios

The experiments were conducted on AWS infrastructure using datasets of 1 TB, 5 TB, and 10 TB, ensuring a diverse
range of workload sizes. The workloads included batch processing on EMR, analytical queries on Redshift, and ETL jobs
on Glue. For each scenario, performance metrics were recorded in both baseline and optimized environments.

The test configurations included:

o Amazon EMR: Comparing default vs. optimized Spark cluster settings, including instance types, shuffle
management, and autoscaling.

o Amazon Redshift: Evaluating query performance with different distribution keys, sort keys, and compression
strategies.
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o AWS Glue: Assessing memory tuning, worker types, and data serialization formats.
Each experiment was repeated multiple times to ensure statistical reliability, with average execution times reported.

5.3 Performance Improvement in EMR

Table 1 presents the results of Spark-based batch processing on EMR before and after applying optimizations.

Workload Default  Execution | Optimized Execution | % Cost Reduction
Size Time (min) Time (min) Improvement | (%)

1 TB 42 29 31.0% 20.5%

5TB 198 134 32.3% 22.7%

10 TB 412 280 32.0% 25.1%

The results indicate that performance optimizations, such as shuffle tuning, speculative execution, and autoscaling, led
to an average execution time reduction of ~32%, with a corresponding cost reduction of up to 25%. The most significant
improvements were observed in workloads with large shuffle operations, demonstrating the effectiveness of optimized
data partitioning and resource allocation.

5.4 Query Performance in Amazon Redshift

Optimizing query execution in Redshift resulted in substantial performance gains, as shown in Table 2.

Default Execution Time Optimized Execution Time %

T
Query Type (sec) (sec) Improvement
Aggregation Query 58 39 32.8%
Join Query (1B rows) 124 78 37.1%
Window Function 76 51 32.9%
Query

The use of distribution keys, sort keys, and proper compression significantly reduced query execution times. Joins
involving large datasets benefited the most, with execution time reductions of up to 37%, mainly due to better data
distribution across nodes.

5.5 Performance Gains in AWS Glue

ETL jobs executed in Glue showed notable efficiency improvements after optimization, as detailed in Table 3.

Default Execution | Optimized  Execution | % Cost Reduction
Workload | . . . .
Time (min) Time (min) Improvement | (%)
1 TB 24 18 25.0% 18.2%
5TB 110 82 25.5% 20.1%
10 TB 245 183 25.3% 21.5%
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By adjusting worker configurations, optimizing parallelism, and selecting efficient data formats (Parquet over
JSON), Glue performance improved by an average of 25%, with cost reductions exceeding 20% in large workloads. The
optimized configurations resulted in more efficient Spark execution, reducing memory overhead and minimizing shuffle
operations.

5.6 Statistical Significance of Improvements

To confirm that the observed improvements were statistically significant, a paired t-test was conducted for execution
times before and after optimization. The null hypothesis (Ho) assumed no significant difference in execution times, while
the alternative hypothesis (Hi) posited that optimization led to reduced execution times. [25]

For all three AWS services, the computed p-values were below 0.05, indicating statistically significant improvements.
The effect size calculations further demonstrated that the optimizations had a meaningful impact on execution
performance.

5.7 Cost vs. Performance Trade-offs
An important aspect of optimization is ensuring that performance gains do not come at disproportionately high costs. The

cost-benefit ratio was analyzed using the following formula:

_ Tpasetine — Toptimized

Cerr =7

optimized ~— Cbaseline

where T baseline and T_optimized represent execution times before and after optimization, while C_baseline and
C_optimized denote corresponding costs.

The results showed that optimized configurations provided an average 30% reduction in execution time while
maintaining a cost increase of only 10-15% in specific cases. In scenarios where cost-efficient configurations were
prioritized, optimizations resulted in both time and cost reductions, making them highly effective for budget-conscious
enterprises.

5.8 Summary of Findings

The experimental results demonstrate that systematic performance tuning in AWS services leads to significant
efficiency improvements. EMR, Redshift, and Glue showed consistent gains in execution speed and cost efficiency when
applying best practices such as resource tuning, optimized query execution, and efficient memory management.
These findings validate the proposed optimization framework and provide actionable insights for real-world big data
pipeline implementations.

6. Conclusion

Improving execution efficiency for big data pipelines on AWS will minimize the total operational cost and maximize
resource utilization. The goal of this study was to address performance tuning strategies for the three key AWS services,
Amazon EMR, Redshift, and Glue, services which have direct utility for large scale data processing. The common
approach was a systematic one that includes infrastructure configuration, workload specific optimizations and cost
performance trade off analysis, and it results in substantial improvements over several test scenarios.

Specifically, the experimental results show that important performance gains can be achieved by tuning cluster
configurations, memory allocation, query execution plans, and data partitioning. Using Amazon EMR, shuffle
optimization and autoscaling strategies reduce execution time by more than 30% and reduce resource inefficiencies. But
for distribution keys, sort keys, and compression, Amazon Redshift cut under query execution time by up to 37 percent.
AWS Glue with optimized worker types, memory tuning and efficient data format use case resulted in up to 25%
improvement in the performance and huge ETL processing cost reduction.

In general, this research reveals the position of the cost—performance balance that must be preserved to optimize cloud-
based big data services. Although faster be it with certain optimizations, it may be more expensive if not controlled
properly. A cost benefit study showed that a well tuned system can reach performance gains and cost reductions causing
optimization methods useful in the presence of constrained budgets to the enterprise.
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Besides allowing individual service improvements, the study emphasizes more holistic optimization which will let
multiple AWS services to interoperate seamlessly across the data pipeline. As a future work, the studies on automated
tuning technologies and optimization models driven by Al, and cross service workload orchestration to improve the
efficiency of cloud based big data processing can be done. With the nature of changes AWS introduces to its ecosystem,
continuous benchmarking and adaptive optimization strategies will be the enablers for keeping data pipelines efficient,
scalable, and cost effective.
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