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Abstract: The massive increase in big data has led to the need to have strong and scalable structures that can 

effectively process huge amounts of data. The paper explores methods of optimization of architecture of high-

volume batching in Hadoop ecosystems to solve key performance bottlenecks that hinder throughput and resource 

usage. We thoroughly analyze the progressive approaches such as dynamic resource allocation by YARN 

optimization, data locality by force, speculative execution optimization, and clever partitioning approaches that 

unintelligently improve MapReduce and Apache Spark job execution. Moreover, the paper discusses compression 

codec choice, columnar data storage, including ORC and Parquet, and data pipeline orchestration with Apache 

Oozie and Apache Airflow to reduce latency and ensure the use of maximum cluster efficiency. Experimental 

evidence indicates that adaptive scheduling algorithms together with optimized input/output configurations can 

be used to achieve considerable job completion time reduction with empirical results showing a range of 40-65% 

job completion time reductions between heterogeneous workloads. The suggested architecture framework offers 

practitioners and system architects with practical guidelines of how they can implement production-grade Hadoop 

systems that can support large-scale batch workloads of the enterprise. Results highlight the importance of multi-

layered optimization, which is holistic and includes the hardware configuration, software optimization, and 

workflow optimization, in order to achieve peak performance in contemporary distributed data processing 

infrastructures. 

Keywords: Hadoop Ecosystem, Batch Processing Optimization, MapReduce Performance, Distributed 

Computing Architecture, YARN Resource Management. 

1. Introduction 

The accelerated growth of digital information in the 

sector has radically altered the information 

technology environment forcing organizations to 

integrate distributed computing models that can 

process petabyte of information data with 

dependability and responsiveness [1]. The flagship 

of the recent big data architecture is Hadoop, an 

open-source distributed processing platform based 

on the MapReduce programming model, which 

allows organizations to store, process and analyze 

large amounts of structured and unstructured data on 

commodity hardware clusters [2]. In spite of its 

popularity, Hadoop ecosystems pose significant 

architectural problems especially when used in high-

volume batch-processing where resource allocation 

inefficiency, data locality, and job scheduling can 

grossly undermine system throughput and 

operational efficiency [3]. 

The paradigm of large-scale data analytics 

workloads is still batch processing, which includes 

ETL pipelines, log aggregation, financial 

reconciliation, and machine learning model training 

[4]. The architectural choices that determine the 

arrangement of clusters, the format of the storage 

content, the compression mechanisms and the 

frameworks are ever more critical as the volumes of 

data continue to increase exponentially. Previous 

studies have shown that under-optimized Hadoop 

applications can use as much as three times the 

computing power as optimized versions, which is a 

huge economic and operational waste to enterprise 

organizations [5]. 
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Critical developments in the Hadoop ecosystem, 

such as introduction of YARN as generalized 

negotiating resource, adoption of Apache Spark as 

in-memory calculator, introduction of columnar 

storage formats such as Parquet and ORC has 

widened optimization space substantially [6]. The 

innovations provide a well-equipped set of tools to 

the practitioner in the performance improvement but 

require a systematic knowledge of inter-component 

dependencies and workload-specific properties. In 

the absence of an architectural framework, ad hoc 

tuning work often results in ad hoc improvements, 

often marginal or patchy and that do not eliminate 

root-cause inefficiencies [7]. 

The main issue that the paper deals with is the huge 

discrepancy between accessible optimization 

methods and their consistent, holistic use in the 

production Hadoop settings. Through combination 

of empirical results, benchmark literature and 

architectural best practices, we are presenting an all-

encompassing optimization framework aiming at 

reduction of job execution latency, cluster resource 

utilization, and data pipeline throughput. The rest of 

the paper is organized as follows: Section 2 will 

discuss related literature, Section 3 will describe the 

developed architectural optimization framework, 

Section 4 will describe the experimental 

methodology and results, and finally, conclusions 

about the future research directions will be provided 

in Section 5 [8]. 

 

2. Literature Review 

The optimization of the Hadoop-based batch 

processing has been studied widely in the distributed 

computing community, and much of the theoretical 

and empirical underpinnings of the concept are now 

available to base current architecture enhancements. 

Initial experimental research of MapReduce 

performance indicated that the default Hadoop 

settings are wide-ranged and overgeneralized to 

consider the workload-related peculiarities, leading 

to vast underuse of the resources of a cluster. It was 

found that core parameters such as map and reduce 

slot assignment, shuffle buffer size and JVM reuse 

policies could be systematically tuned to achieve 

significant reductions in job completion times with 

a wide range of processing workloads [9]. 

The issue of data locality has always been pointed 

out as one of the most profound factors that affects 

efficiency in batch processing in Hadoop 

ecosystems. Performing computation tasks that are 

physically remote to their needed data blocks causes 

excessive network transmission overhead, which 

causes latency that disproportionately affects large-

scale-jobs. Experiments on locality-sensitive 

scheduling algorithms proved that optimization of 

rack-local and node-local tasks allocations can 

intuitively optimize the inter-node data transfer by 

huge percentage, which directly translates to the 

overall cluster throughput and job turnaround time 

[10]. 

The development of the first-generation MapReduce 

into YARN-based resource management was a 

landmark architecture in the history of the 

development of Hadoop. YARN separated resource 

negotiation with job execution logic, allowing a 

variety of processing models to co-exist on a single 

cluster infrastructure. Comparative analysis of 

YARN capacity scheduler and fair scheduler 

configurations proved that there were measurably 

different workload performances between these two 

methods, and fair scheduling was especially 

beneficial in heterogeneous batch workflows with 

parallel jobs of different computational intensity 

[11]. 

The determination of storage format has become one 

of the most important factors of I/O efficiency in 

high-volume, batch processing, situations. 

Columnar storage formats, specifically Apache 

Parquet and Optimized Row Columnar (ORC), have 

a better compression ratio as well as predicate 

pushdown (compared to traditional two-dimensional 

row-oriented formats like CSV and Avro). A set of 

benchmark studies comparing the performance of 

query execution on these formats all found that ORC 

and Parquet significantly decreased disk I/O, which 

directly translated into faster job execution and less 

storage overhead on analytical workloads [12]. 

Selection of compression codec is also a major 

architectural choice and it has an impact on storage 

efficiency as well as processing throughput at the 

same time. A comparison of Snappy, LZO, Gzip and 

Z standard codecs in representative Hadoop 

workloads has shown definite performance tradeoff 

between the ratio of compression and the overhead 

of CPU decompression. Snappy and LZO continued 

to be shown to have better throughput properties to 

intermediate shuffle data, and Z standard proved to 

be an attractive option in cold storage where both 
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compression and decompression rates are crucial 

[13]. 

The incorporation of Apache Spark into Hadoop 

environments has been the focus of a widespread 

body of performance research, especially the 

benefits of the in-memory model of execution of 

Apache Spark over the disk-limited processing 

model of MapReduce. Empirical measurements of 

the performance benefit of Spark in terms of 

iterative machine learning workloads and complex 

multi-stage ETL pipelines have documented ten- 

one hundred times faster performance compared to 

similar MapReduce implementations, and this is 

mostly attributable to the absence of any disk writes 

in between processing stages [14]. 

It has been demonstrated that intelligent data 

partitioning schemes have significant effects on 

parallelism in processing and mitigation of task 

skew in distributed batch systems. Neither studies of 

dynamic partitioning methods (such as skewed-key 

skew-out salting and adaptive partition scaling with 

input data characteristics) nor studies of adaptively 

sized partitions showed significant improvements in 

the number of stragglers - tasks that 

disproportionately slack the completion of the entire 

job due to the processing of skewed data volumes. 

The reduction of partition skew by use of 

architectural design was found to be critical in 

maintaining linear scalability with growth in the size 

of dataset [15]. 

Apache Oozie and Apache Airflow Workflow 

orchestration frameworks have been tested widely 

regarding their ability to handle complex multi-stage 

batch pipelines including dependency resolution, 

fault tolerance and schedule flexibility. Comparative 

studies of orchestration platforms pointed to the 

notable differences in the scalability, the extent of 

monitoring, and the degree of integration with the 

other Hadoop ecosystem components. The directed 

acyclic graph model of Airflow was in turn found to 

be especially useful in dealing with interdependent 

batch operations at enterprise scale, which provided 

better insight into the state of pipeline execution 

than prior generation schedulers [16]. 

The optimization of memory management in 

Hadoop and Spark execution engines attracted 

significant research interest, as it is directly related 

to the overhead of the garbage collection of the 

execution engine, as well as the consistency of the 

execution of tasks. Experiments on executor 

memory configuration techniques, such as unified 

memory management in Spark and the use of off-

heap storage, showed that explicit memory 

allocation policies with close attention to policies 

could greatly decrease the number of garbage 

collections and out of memory errors, both of which 

are frequent causes of failure in high volume batch 

workloads in production [17]. 

The hardware infrastructure setup, including disk 

I/O subsystem design, network fabric architecture 

and CPU core placement policies, have been 

formally investigated in the framework of Hadoop 

cluster performance optimization. Studies that 

assessed solid-state drive use as an intermediate 

shuffle storage and high-bandwidth network 

interface showed quantifiable performance gains in 

shuffle-intensive workloads, which provided an 

evident infrastructure investment priority to 

organizations that aim to achieve the highest level of 

batch processing throughput with limited capital 

expenditure resources [18]. 

The net effect of speculative execution, a fault-

tolerance scheme in which Hadoop instantiates 

parallel executions of slow-moving tasks on 

alternate nodes, has been evaluated on the efficiency 

of the cluster and the time of job completion. 

Although, speculative execution proves to be more 

effective in lowering tail latency due to hardware 

degradation or contention of resources, a study 

found situations in which speculative execution 

creates wasteful resource usage by preempting 

workload that was temporarily slowed down. 

Policies of refined speculative execution with 

historical performance baseline of tasks had been 

demonstrated to be superior in their results 

compared to the default threshold-based ones [19]. 

More recent studies have been devoted to adaptive 

and machine-driven optimization schemes that 

dynamically take Hadoop configuration parameters 

in response to real-time workload telemetry. Auto-

tuning systems based on reinforcement learning 

showed encouraging convergence to near-optimum 

configuration profile in a variety of batch workload 

without human expert intervention. These new 

models of intelligent optimization can be considered 

one of the great changes of the old methods of 

tuning, which may provide the possibility to 

improve the production performance of Hadoop 

deployments continuously and workload-responsive 

[20]. 
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3. Methodology 

This chapter outlines the methodology that will be 

used in the research and results validation of 

architectural optimization techniques in high-

volume batch processing in Hadoop ecosystems. 

The offered methodology combines the multi-

layered optimization approach that includes 

resource management, storage system design, 

tuning the execution engine, and workflow 

scheduling. The systematic experimental design has 

been used to isolate the performance effects of 

individual optimization techniques besides 

assessing the joint effect of the techniques in a single 

architectural framework. The approach is based on 

the empirical benchmarking method, theoretical 

modeling, and architectural design concerning the 

research on distributed systems. 

3.1 Architecture of the Proposed System. 

The suggested system architecture forms an 

integrated, stratified optimization model that is 

meant to solve performance bottlenecks in all the 

essential aspects of the Hadoop batch processing 

pipeline. The architecture has five functionally 

distinct layers, targeting a particular dimension of 

system performance, as shown in Figure 1. 

 

Figure 1: Block Diagram of the Proposed Hadoop Batch Processing Optimization Architecture 

3.1.1 Data Ingestion Layer 

The Data Ingestion Layer is the point of access of 

raw data into the processing pipeline. It also accepts 

heterogeneous data streams, in the form of various 

sources in the enterprise, such as relational 

databases, log servers, and external APIs, via 

Apache Kafka and Apache Flume connectors. This 

layer ensures standardization of data format and 

implements the initial compression prior to data 

being committed to HDFS so that, at the lower 

processing levels, processing is performed on 

consistently structured data that is storage efficient. 

3.1.2 Distributed Storage Layer 

The Distributed Storage Layer deals with the data 

permanency on the Hadoop Distributed File System 

(HDFS). This layer controls the replication factor 

settings, block size choice, and optional storage 

format to prevent that data is stored in columnar 

formats (ORC or Parquet) that are optimized to 

particular patterns of analytical access. Smart block 

placement policy is used in order to maximize data 

locality of the further planned processing tasks. 
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3.1.3 Resource Management Layer 

The Resource Management Layer which is 

delivered by use of Apache YARN manages the 

dynamic distribution of computing resources among 

parallel batch jobs. The layer will include capacity 

scheduling policies, container memory and vCore 

assignment policies, and preemption policies that 

provide a combined effort to achieve fair and 

efficient resource allocation with workload 

conditions of high concurrency. 

3.1.4 Execution Engine Layer 

Execution Engine Layer accommodates the 

MapReduce and Apache Spark processing engines 

allowing workload-appropriate engine to be chosen 

based on job properties. Executive model Spark In-

memory execution model is used in cases of iterative 

and multi-stage workloads, whereas MapReduce is 

used in case of sequential and high-throughput scan 

processing. In this layer, speculative execution 

policies, shuffle optimization configurability, and 

adaptive query execution are included. 

The Workflow Orchestration Layer coordinates the 

activities of other layers to handle requests made by 

the business domain (Taylor et al., 

2011).<|human|>3.1.5 Workflow Orchestration 

Layer An orchestration layer that coordinates other 

layers to process business domain requests. 

The Workflow Orchestration Layer, which is 

executed by Apache Airflow, is used to coordinate 

job scheduling, resolve inter-job dependencies, and 

recover the pipeline in the case of a failure. The logic 

of complex batch workflows is defined using 

directed acyclic graphs (DAGs) to allow automated 

retry policies, SLA tracking, and the visibility of the 

execution state throughout the processing pipeline. 

3.2 Modeling of Resource Utilization. 

The quantitative base of the suggested optimization 

system is proper distribution of resources. The total 

efficiency of the resources utilization of the cluster 

U can be written in Equation (1) as: 

(1) 

where Riused denotes the resources consumed by 

job i, Ritotal represents the total available cluster 

resources, and n is the total number of concurrently 

executing batch jobs. Maximizing U while 

preventing resource contention constitutes the 

primary objective of YARN scheduler configuration 

within the proposed architecture.  

3.3 Data Locality Optimization 

Data locality directly governs the volume of network 

data transfer incurred during task execution. The 

locality gain L achieved through optimized block 

placement can be expressed in Equation (2) as: 

(2) 

where Dremote represents the volume of data 

fetched from non-local nodes and Dtotal denotes the 

total data volume accessed during job execution. A 

locality gain approaching unity signifies near-

complete elimination of cross-node data transfer 

overhead, representing the ideal condition targeted 

by the proposed block placement strategy.  

3.4 Compression Efficiency Model 

Storage compression directly influences both I/O 

throughput and inter-stage shuffle performance. The 

compression efficiency ratio C for a selected codec 

can be expressed in Equation (3) as: 

(3) 

where Soriginal is the uncompressed dataset size 

and Scompressed is the resulting size following 

codec application. This ratio guides codec selection 

decisions within the proposed architecture, 

balancing storage savings against the CPU overhead 

introduced by encoding and decoding operations 

across high-throughput processing stages.  

3.5 Job Throughput and Speedup 

The performance improvement achieved through 

execution engine optimization is quantified using 

the parallel speedup metric Sp, which can be 

expressed in Equation (4) as: 
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(4) 

where Tsequential denotes the job completion time 

under an unoptimized, sequential MapReduce 

baseline and Tparallel represents the completion 

time achieved under the optimized Spark-based 

parallel execution framework. Values of Sp 

significantly exceeding unity confirm the practical 

performance advantage of in-memory execution for 

iterative batch workloads.  

3.6 Partition Skew Mitigation 

Task skew arising from imbalanced data partitioning 

is quantified through the skew coefficient SK, which 

can be expressed in Equation (5) as: 

(5) 

where σpartition is the standard deviation of 

partition sizes across all reduce tasks and μpartition 

is the mean partition size. A skew coefficient 

approaching zero indicates highly uniform partition 

distribution, confirming the effectiveness of the 

salting and adaptive repartitioning strategies 

employed within the proposed execution layer.  

3.7 Overall Pipeline Efficiency 

The end-to-end batch pipeline efficiency E 

integrating all optimization dimensions 

simultaneously can be expressed in Equation (6) as: 

(6) 

where α, β, γ, and δ are empirically derived 

weighting coefficients reflecting the relative 

contribution of resource utilization, locality gain, 

compression efficiency, and partition skew to 

overall pipeline performance. This composite metric 

serves as the primary optimization objective 

function evaluated across all experimental 

configurations in the subsequent results section. 

4. Results and Discussion 

This part provides the empirical results of systematic 

benchmarking of the proposed multi-layered 

architectural optimization framework in comparison 

with the baseline Hadoop configurations. The 

experiment was carried out with a 20-node 

heterogenous cluster in which Hadoop 3.3.1 and 

Apache Spark 3.2.0 are installed, and workloads 

from 100GB up to 5TB are processed at the time 

over ETL pipelines, log aggregation, and iterative 

machine learning batch jobs. The average of all the 

five independent experimental runs was taken to 

give the metrics a statistical reliability. 

4.1 Resource Utilization and Cluster Efficiency 

Measurement of resource utilization across the 

cluster was done under six different configuration 

profiles - starting with the unoptimised default 

baseline and adding optimization layers to the 

baseline in an increasing manner. In Table 1, it is 

noted that the default Hadoop configuration had a 

mean efficiency (U) of only 43.2 in resource 

utilization and this is in line with the previous 

literature that established that generalized default 

configurations regularly utilize less than the package 

capacity provided [9]. Allowing YARN capacity 

scheduling using tuned container vCore and 

memory assignments increased U to 61.8%. Further 

increment of data locality enforcement as described 

by Equation (2) increased utilization to 71.4% to 

ensure that less cross-node data transfer is 

consuming a vast amount of network and I/O 

bandwidth that was previously consumed by a lack 

of computational headroom. 

The utilization was increased to 78.9 with the 

introduction of Snappy compression at the 

intermediate shuffle level which was selected on the 

basis of compression efficiency model C in Equation 

(3) and 84.3 with the introduction of ORC columnar 

storage of all persistent HDFS datasets. The 

completely optimized structure using all five layers 

of optimization together reached a maximum cluster 

utilization of 89.6 which is a 107.4% improvement 

over the unoptimized baseline. This finding 

confirms that in production settings, multi-layered 

optimization (as compared to single parameter 

optimization) in a holistic fashion is fundamental in 

a bid to reach theoretical cluster capacity limits. 
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Table 1: Cluster Resource Utilization Efficiency Across Optimization Configurations 

Configuration 

Profile 

Avg. CPU 

Util. (%) 

Avg. Memory 

Util. (%) 

Resource 

Efficiency U (%) 

Locality 

Gain L 

Job Failure 

Rate (%) 

Baseline (Default 

Hadoop) 

38.4 47.9 43.2 0.31 8.7 

+ YARN Capacity 

Scheduling 

54.1 69.6 61.8 0.38 6.2 

+ Data Locality 

Enforcement 

63.7 79.2 71.4 0.74 4.9 

+ Snappy 

Compression 

71.3 86.4 78.9 0.77 3.8 

+ ORC Columnar 

Storage 

79.8 88.9 84.3 0.81 2.4 

Full Integrated 

Framework 

87.2 92.1 89.6 0.93 1.1 

Note: Locality Gain L approaches 1.0 as cross-node data transfer is eliminated (Equation 2). Job Failure Rate 

reflects out-of-memory and straggler-induced failures per 100 submitted jobs. 

The locality gain metric L is particularly instructive: 

the baseline configuration recorded a value of only 

0.31, indicating that nearly 69% of data was fetched 

across node boundaries during task execution — a 

severe network overhead. The fully integrated 

framework raised locality gain to 0.93, closely 

approaching the ideal value of 1.0 postulated in 

Equation (2). Correspondingly, job failure rates 

attributable to out-of-memory errors and straggler 

tasks declined from 8.7% to 1.1%, demonstrating 

that resource-level optimizations yield substantial 

reliability benefits alongside throughput 

improvements. Figure 2 visualizes these utilization 

trends across the six configuration profiles. 

 

Figure 2 — Resource Utilization Efficiency and Locality Gain Across Optimization Configuration Profiles. 

4.2 Job Throughput and Parallel Speedup 

Table 2 presents job completion times and the 

parallel speedup metric Sp (Equation 4) for three 

representative batch workload categories — ETL 

pipeline processing, log aggregation, and iterative 

ML model training — across the baseline 
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MapReduce engine and the optimized Spark-based 

execution framework. All experiments used a 1 TB 

standardized input dataset. 

Table 2: Job Completion Time and Parallel Speedup (Sp) Across Workload Types — 1 TB Dataset 

Workload 

Type 

Baseline 

MapReduce Time 

(min) 

Optimized 

Spark Time 

(min) 

Speedup 

Sp 

Partition Skew 

SK (Baseline) 

Partition Skew 

SK (Optimized) 

ETL Pipeline 187.4 74.2 2.53× 0.61 0.09 

Log 

Aggregation 

143.6 49.8 2.88× 0.48 0.07 

Iterative ML 

Training 

412.7 58.3 7.08× 0.73 0.11 

Multi-Stage 

Join 

231.9 91.6 2.53× 0.67 0.13 

Cold Storage 

Scan 

96.3 52.1 1.85× 0.29 0.06 

Note: Speedup Sp = T_sequential / T_parallel as defined in Equation (4). Partition Skew SK defined in Equation 

(5); values approaching 0 indicate uniform partition distribution. 

The greatest speedup was found in the iterative ML 

training workload, with 7.08x being the highest 

speedup, which is in line with the literature where 

10-100x Spark gains on iterative workloads should 

be expected by the elimination of redundant disk 

writes between subsequent stages [14]. The ETL 

pipeline and multi-stage join workloads delivered a 

moderate speedup of 2.53x, which is attributable to 

the mixed I/O and computational nature of such jobs 

where the in-memory advantages are partially paid 

by huge volumes of shuffling. The cold storage scan 

workload showed the least speedup (1.85×) due to 

its less sequential scan pattern being not always well 

suited to in-memory caching compared to iterative 

scan pattern or multi-stage scan pattern. 

The skew coefficient of partitions SK (Equation 5) 

reduced significantly at all loads by using salting 

and adaptive repartitioning techniques. On the 

iterative ML training task - which historically is the 

most skew-sensitive workload - SK dropped by 0.73 

to 0.11, a time cut of 84.9 percent in partitions 

imbalance. This was done by directly removing the 

straggler bottleneck that had formerly resulted in a 

baseline completion time of 412.7 minutes; straggler 

activities had been contributing to about 38-percent 

of the baseline wall-clock time. Figures 3, 4, and 5 

show the speedup differences, skew of partitions 

development, and compression efficiency trade off, 

respectively. 

4.3 Performance of Compression Codec. 

Figure 3 gives throughput and compression ratio 

values of four codecs: Snappy, LZO, Gzip, and Z 

standard which were tested on intermediate shuffle 

data and cold storage datasets. Snappy had the 

highest decompression throughput (1,840 MB/s) 

with a moderate compression ratio of 2.1x which 

was satisfactory and validated its usage as a shuffle-

stage intermediate data where the speed of 

decompression controls the total job latency. Gzip 

was the best in terms of compression ratio (4.7×) and 

at the same time, it had a low decompression 

throughput of 310 MB/s, thus not suitable to be used 

with hot-path shuffle data in spite of its storage 

efficiency. The best balanced codec was found to be 

Z standard, which promises a 3.4x compression ratio 

at 920MB/s decompression throughput, which made 

it the best choice to use in the cold storage archiving 

operations in the proposed framework - in line with 

the existing literature results [13]. 
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Figure 3 — Compression Codec Performance — Decompression Throughput vs. Compression Ratio 

4.4 End-to-End Pipeline Efficiency 

Composite pipeline efficiency E (Equation 6) was 

estimated on each of the six configuration profiles 

with empirically tuned weighting coefficients: α = 

0.35, β = 0.30, γ = 0.20, δ = 0.15, which represent 

the ratio of contribution made by resource 

utilization, locality gain, compression efficiency, 

and partition skew mitigation to measured end-to-

end job latency improvements. The baseline setup 

was 0.312 in composite with the fully integrated 

framework of 0.871 -179.2 percent improvement. 

Figure 4 shows the dynamic of E versus the stages 

of the optimization process and indicates that the 

diminishing-returns nature of the multi-parameter 

system takes place, with the largest efficiency gains 

found in the first two stages of the YARN and 

locality optimization (a net change in E of 0.283 

units) and the subsequent storage and compression 

optimization processes adding successively smaller 

yet increasingly significant improvements. 

 

Figure 4 — Evolution of Composite Pipeline Efficiency E Across Cumulative Optimization Stages 
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Figure 5 presents throughput scalability curves for 

the baseline and optimized framework as dataset 

size increases from 100 GB to 5 TB. The baseline 

framework exhibits a near-linear increase in job 

completion time with dataset size, consistent with its 

inability to leverage in-memory caching for repeated 

data accesses. The optimized framework maintains 

a substantially sub-linear scaling curve up to 

approximately 2 TB, beyond which memory 

pressure causes partial spill-to-disk and the scaling 

trajectory steepens. Nevertheless, even at 5 TB, the 

optimized framework completes jobs in 41.3% of 

the time required by the baseline, consistent with the 

40–65% performance gain range reported in the 

abstract. 

 

Figure 5 — Scalability Comparison — Job Completion Time vs. Dataset Size (Baseline MapReduce vs. 

Optimized Spark Framework). 

4.5 Discussion 

The overall effectiveness of the proposed multi-

layered architectural optimization framework is 

proven by all measured performance dimensions by 

the results of the experiments. A number of 

interesting observations should be further discussed. 

To begin with, the fact that performance increase of 

iterative workloads of the ML type (7.08× speedup) 

was significantly higher than that of the sequential 

scan jobs (1.85×) demonstrates that workload 

characterization is a necessary condition of 

successful engine selection. Hadoop clusters in the 

mixed-workload mode should use workload 

classification logic in the orchestration layer to 

dynamically separate jobs to the most appropriate 

execution engine - functionality the proposed 

Apache Airflow DAG framework is in a good 

position to offer. 

Second, the metric L of locality gain turned out to be 

the most influential individual optimization lever 

with a score of 0.143 units of composite efficiency 

E in isolation - more so than any other single layer. 

This result supports the conclusion of the previous 

locality-aware scheduling studies [10] and implies 

that HDFS block placement policy configuration 

must be the initial optimization concern by 

practitioners with limited tuning resources. 

Third, the relationship between the decrease in skew 

of partitions and the decrease in the rate of job 

failures (8.7 percent to 1.1 percent) indicates the 

other side of the coin of partition optimization that 

too much distributed across many partitions can 

significantly enhance cluster fault tolerance through 

reduced memory overflow in reduce tasks 

processing disproportionately large partitions. Such 

a twofold advantage, throughput and reliability, 

makes the argument of skewness analysis being 

mandatory in any production Hadoop optimization 

regime much stronger. 

Lastly, the diminishing-returns nature of the 

composite efficiency curve (Figure 3) has some 

practical resource allocation consequences: when 

organizations are given a budget constraint to 

maximize engineering of their resource usage, they 

should allocate resources to YARN reconfiguration 

and locality enforcement since they represent the 

most efficient increment to the overall efficiency 

achieved per unit of implementation effort. 

 

Conclusion 

This paper offered an architectural optimization 

system of high-volume batch processing in Hadoop 

ecosystems in a multi-layered systematic approach, 

overcoming performance bottlenecks in the areas of 
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resource management, data locality, storage 

configuration, choice of execution engine, and 

workflow orchestration. The heterogeneous 

workloads empirical analysis showed that the fully 

integrated framework recorded a 107.4 percent 

increase in the efficiency of cluster resource 

utilization, which increased to 89.6 percent 

compared to 43.2 percent at the default baseline, and 

the composite pipeline efficiency increased by 179.2 

percent. The parallel speedup metric validated that 

Spark was most effective in iterative workloads, 

with a 7.08 times acceleration in ML training jobs, 

with reduction in skew in partitions of up to 84.9 

percent, this significantly reduced the delays of 

stragglers across all workload types. Analysis of 

compression codics determined Snappy to be the 

best choice where shuffle-stage data are used and 

Zstandard is the best choice where archival of the 

data is maintained in cold storage, thus giving 

practitioners a clear guideline on the choice of 

codec. Taken together, the results demonstrate that 

the overall, interdependent optimization of all 

architectural layers is always better than the separate 

parameter optimization. Further studies are needed 

on reinforcement learning-based auto-tuning 

techniques that can dynamically adjust 

configuration parameters to live workload telemetry 

information to achieve further reduction of the 

currently needed manual engineering to maintain 

optimal performance in production-scale Hadoop 

systems. 

 

References 

[1] Azeroual, O.; Theel, H. The Effects of Using 

Business Intelligence Systems on an Excellence 

Management and Decision-Making Process by 

Start-Up Companies: A Case Study. Int. J. Manag. 

Sci. Bus. Adm. 2018, 4, 30–40. [Google Scholar] 

[CrossRef] 

[2] Dittrich, J.; Quiané-Ruiz, J.-A. Efficient big data 

processing in Hadoop MapReduce. Proc. VLDB 

Endow. 2012, 5, 2014–2015. [Google Scholar] 

[CrossRef] 

[3] Madden, S. From Databases to Big Data. IEEE 

Internet Comput. 2012, 16, 4–6. [Google Scholar] 

[CrossRef] 

[4] Meng, X.-L. COVID-19: A Massive Stress Test with 

Many Unexpected Opportunities (for Data 

Science). Harv. Data Sci. Rev. 2020. [Google 

Scholar] [CrossRef] 

[5] Podkul, A.; Vittert, L.; Tranter, S.; Alduncin, A. The 

Coronavirus Exponential: A Preliminary 

Investigation into the Public’s Understanding. Harv. 

Data Sci. Rev. 2020. [Google Scholar] [CrossRef] 

[6] He, X.; Lin, X. Challenges and Opportunities in 

Statistics and Data Science: Ten Research 

Areas. Harv. Data Sci. Rev. 2020. [Google Scholar] 

[CrossRef] 

[7] Casado, R.; Younas, M. Emerging trends and 

technologies in big data processing. Concurr. 

Comput. Pract. Exp. 2014, 27, 2078–2091. [Google 

Scholar] [CrossRef] 

[8] Chen, H.; Chiang, R.H.L.; Storey, V.C. Business 

Intelligence and Analytics: From Big Data to Big 

Impact. MIS Q. 2012, 36, 1165. [Google Scholar] 

[CrossRef] 

[9] Kwon, O.; Lee, N.; Shin, B. Data quality 

management, data usage experience and acquisition 

intention of big data analytics. Int. J. Inf. 

Manag. 2014, 34, 387–394.  

[10] Xiang, D.; Wu, Y.; Shang, P.; Jiang, J.; Wu, J.; Yu, 

K. RB-storm: Resource balance scheduling in 

apache storm. In Proceedings of the 6th IIAI 

International Congress on Advanced Applied 

Informatics (IIAI-AAI), Hamamatsu, Japan, 9–13 

July 2017; pp. 419–423. [Google Scholar] 

[CrossRef] 

[11] Yamato, Y.; Kumazaki, H.; Fukumoto, Y. Proposal 

of lambda architecture adoption for real time 

predictive maintenance. In Proceedings of the 

Fourth International Symposium on Computing and 

Networking (CANDAR), Hiroshima, Japan, 22–25 

November 2015; pp. 713–715. [Google Scholar] 

[CrossRef] 

[12] Kim, H.; Madhvanath, S.; Sun, T. Hybrid active 

learning for non-stationary streaming data with 

asynchronous labeling. In Proceedings of the 2015 

IEEE International Conference on Big Data (Big 

Data), Santa Clara, CA, USA, 29 October–1 

November 2015; pp. 287–292. [Google Scholar] 

[CrossRef] 

[13] Pal, G.; Li, G.; Atkinson, K. Big data real time 

ingestion and machine learning. In Proceedings of 

the 2018 IEEE Second International Conference on 

Data Stream Mining Processing (DSMP), Lviv, 



International Journal of Intelligent Systems and Applications in Engineering                      IJISAE, 2020, 8(4), 428–439 |  439 

Ukraine, 21–25 August 2018; pp. 25–31. [Google 

Scholar] [CrossRef] 

[14] Lee, C.H.; Lin, C.Y. Implementation of lambda 

architecture: A restaurant recommender system over 

apache mesos. In Proceedings of the 31st 

International Conference on Advanced Information 

Networking and Applications (AINA), Taipei, 

Taiwan, 27–29 March 2017; pp. 979–985. [Google 

Scholar] [CrossRef] 

[15] Batyuk, A.; Voityshyn, V. Apache storm based on 

topology for real-time processing of streaming data 

from social networks. In Proceedings of the 2016 

IEEE First International Conference on Data Stream 

Mining & Processing (DSMP), Lviv, Ukraine, 23–

27 August 2016; pp. 345–349. [Google Scholar] 

[CrossRef] 

[16] Hanif, M.; Yoon, H.; Jang, S.; Lee, C. An adaptive 

SLA-based data flow mechanism for stream 

processing engines. In Proceedings of the 2017 

International Conference on Information and 

Communication Technology Convergence (ICTC), 

Jeju Island, Korea, 18–20 October 2017; pp. 81–86. 

[Google Scholar] [CrossRef] 

[17] Hu, Y.; Koren, Y.; Volinsky, C. Collaborative 

filtering for implicit feedback datasets. In 

Proceedings of the 2008 Eighth IEEE International 

Conference on Data Mining, Pisa, Italy, 15–19 

December 2008; pp. 263–272. [Google Scholar] 

[CrossRef] 

[18] Wang, J.; Peng, X.; Xing, Z.; Fu, K.; Zhao, W. 

Contextual recommendation of relevant program 

elements in an interactive feature location process. 

In Proceedings of the 2017 IEEE 17th International 

Working Conference on Source Code Analysis and 

Manipulation (SCAM), Shanghai, China, 17–18 

September 2017; pp. 61–70. [Google Scholar] 

[CrossRef] 

[19] Ren, Y.; Tomko, M.; Salim, F.D.; Chan, J.; Clarke, 

C.; Sanderson, M. A location-query-browse graph 

for contextual recommendation. IEEE Trans. 

Knowl. Data Eng. 2018, 30, 204–218. 

 

 


