
Abstract— Relational database performance is shaped not only 

by query formulation and storage configuration, but also by the 

underlying schema design. This study evaluates three alternative 

relational database models (ERD 1, ERD 2, and ERD 3) for the 

same inventory-oriented domain under three storage 

configurations (DAS, RAID 0, and RAID 1). The experiment 

covers seven query categories (simple, aggregate, inner join, 

outer join, subquery, correlated subquery, and complex) and 

four data volumes (100,000; 1,000,000; 10,000,000; and 

100,000,000 records per entity). Performance is assessed using 

two complementary indicators: mean measured response time 

(seconds) and Oracle 11gR2 cost-based optimizer estimates 

(optimizer cost). Each test was executed in 10 repeated runs with 

full result-set fetching, clearing the buffer cache between runs 

using ALTER SYSTEM FLUSH BUFFER_CACHE, and the 

mean response time was recorded. At 100,000,000 records per 

entity, ERD 3 shows substantially lower mean response time than 

ERD 2 for heavy workloads across storage configurations; for 

aggregate queries, mean response time decreases from 140.413 s 

(ERD 2) to 8.487 s (ERD 3) on DAS, from 246.191 s to 25.441 s on 

RAID 1, and from 130.066 s to 4.157 s on RAID 0, while inner-

join response time decreases from 64.890 s to 18.308 s on DAS, 

from 95.133 s to 24.792 s on RAID 1, and from 38.655 s to 8.019 s 

on RAID 0. Optimizer-cost outputs at 100,000,000 records show a 

consistent reduction for ERD 3 in the same categories; for 

aggregate queries, cost decreases from 608,290 (ERD 2) to 44,620 

(ERD 3) on DAS, from 457,459 to 44,320 on RAID 1, and from 

457,425 to 4,431 on RAID 0. Overall, the results suggest that the 

ERD 3 specialization-based design tends to reduce execution time 

and optimizer-estimated cost for aggregation- and join-intensive 

workloads under the tested HDD-based environment. 
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I. INTRODUCTION

elational database systems remain fundamental to

enterprise applications because they provide structured 

data management, declarative querying, transactional 

reliability, and mature optimization mechanisms. In such 

systems, performance is often discussed in terms of indexing, 

join algorithms, query plans, and cost-based optimization [1-

5]. 

However, performance is also strongly influenced by the 

logical structure of the database itself. Different relational 

designs may represent the same application domain while 

producing different table decompositions, relationship paths, 

join requirements, and index-access opportunities. These 

design-level differences can directly affect query complexity, 

optimizer-estimated cost, and execution time [6-12]. 

Classical relational design principles emphasize 

normalization as a means of reducing redundancy, preventing 

update anomalies, and preserving data consistency [6]. 

Nevertheless, normalization is not always performance-

neutral. Highly normalized schemas may require additional 

joins during retrieval, while selective decomposition or 

denormalization can simplify access paths for particular 

workloads. Prior studies have shown that relational design 

choices influence retrieval efficiency, query throughput, 

database size, and the computational complexity of query 

execution [7-12]. This indicates that database design should be 

evaluated not only from a conceptual and integrity-oriented 

perspective, but also from an empirical performance 

perspective. 

The performance consequences of relational design become 

especially important in the context of query optimization. 

Cost-based optimizers compare alternative access paths, join 

orders, and execution strategies using estimated resource cost 

and data-distribution information [1-5]. Schema characteristics 

such as primary keys, foreign keys, table decomposition, and 

relation dependencies influence the optimizer’s ability to 

select efficient plans [1], [2], [4], [10]. Recent studies have 

further shown that additional dependency information and 

cardinality-estimation quality can significantly affect query-

plan efficiency and execution behavior [10], [13]. Therefore, 

two schemas implementing the same business domain may 

lead to substantially different optimizer decisions and query 

runtimes, even when the logical meaning of the workload is 

similar. 
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Although prior literature has examined normalization, 

denormalization, and query optimization extensively, fewer 

studies directly compare alternative ERD-level relational 

designs for the same application domain and evaluate their 

performance across diverse query categories using both 

response time and optimizer-estimated query cost. Existing 

studies tend to focus either on general normalization strategies 

[6-12] or on optimizer behavior and cost estimation [10], [13], 

leaving a gap in understanding how alternative relational 

design choices influence practical DBMS performance under a 

shared workload. 

This study addresses that gap by empirically comparing 

three relational database designs: ERD-1, ERD-2, and ERD-3, 

constructed for the same inventory-oriented application 

domain. The models are evaluated across multiple data 

volumes and seven categories of queries: simple queries, 

aggregate queries, inner joins, outer joins, subqueries, 

correlated subqueries, and complex queries. Performance is 

assessed using two complementary indicators: observed query 

response time and cost-based optimizer output. 

The contribution of this study is threefold. First, it provides an 

empirical comparison of alternative relational design choices 

under a common domain and workload. Second, it 

demonstrates how schema structure affects query execution 

behavior, especially for join-intensive, aggregation-heavy, and 

complex retrieval operations. Third, it offers practical insight 

for database designers and administrators seeking to align 

ERD decisions with query-performance objectives. 

II. THEORY AND RELATED WORKS 

A. Relational Schema Design and Query Performance 

Relational schema design has traditionally been guided by 

normalization theory, which aims to reduce data redundancy, 

preserve consistency, and prevent update anomalies [6]. While 

these goals remain central to logical database design, the 

performance implications of schema structure are more 

complex. A highly normalized design can increase the number 

of joins required to reconstruct business entities during 

retrieval, whereas a selectively denormalized or differently 

decomposed schema may reduce retrieval complexity for 

certain workloads. 

Sanders and Shin examined the effects of denormalization 

on relational database performance and argued that 

denormalization can improve query efficiency when it is 

applied systematically and in accordance with application 

requirements [7]. Shin and Sanders later extended this line of 

work by analyzing denormalization strategies in data 

warehouses, showing that alternative schema organizations 

influence retrieval cost, join complexity, and the efficiency of 

analytical queries [8]. These studies established that relational 

design decisions can have measurable performance 

consequences beyond data integrity considerations. 

More recent work has reinforced this conclusion. Milićev 

proposed a formal model of denormalized transactional 

relational databases, illustrating how alternative schema 

organizations can reshape retrieval paths and optimization 

opportunities [9]. Taipalus empirically studied the effects of 

logical database design on database size, query complexity, 

query performance, and energy consumption, finding that 

normalization levels can produce distinct trade-offs across 

these dimensions [11]. Fotache et al. similarly reported that 

varying degrees of normalization affect decision-support 

query performance, confirming that schema structure remains 

a relevant empirical factor in modern database research [12]. 

Taken together, these works show that logical database 

design affects both the structural complexity of queries and the 

efficiency of retrieval operations. However, most of the 

existing literature evaluates normalization or denormalization 

at a general level. Less attention has been given to comparing 

multiple ERD-level alternatives representing the same 

application domain across a broad range of operational query 

types. The present study addresses this limitation by 

examining how three relational designs differ in performance 

under shared workloads and data scales. 

B. Query Optimization, Cost Estimation, and Schema Effects 

Modern DBMSs rely on cost-based optimization to identify 

efficient execution plans. The foundational work of Selinger et 

al. introduced cost-based access-path selection, establishing 

the principle that optimizers evaluate competing alternatives 

such as index access, table scans, and join orders based on 

estimated execution cost [1]. Chaudhuri later summarized the 

major components of relational query optimization, including 

query rewriting, access-path selection, and join optimization 

[2]. Graefe further reviewed the physical execution techniques 

used for large database workloads [3]. 

The quality of optimizer decisions depends heavily on the 

accuracy of statistics and selectivity estimation. Poosala et al. 

demonstrated the importance of improved histograms for 

estimating predicate selectivity [4]. Leis et al. later showed 

that query optimizers can suffer significant performance 

degradation when cardinality estimates are inaccurate [5]. Ba 

and Rigger further confirmed that cardinality-estimation errors 

remain a meaningful source of DBMS performance issues 

across mature database systems [13]. 

Schema design is directly connected to these optimization 

concerns. Primary-key and foreign-key structures, entity 

decomposition, join relationships, and available dependencies 

influence the optimizer’s ability to select efficient plans. 

Lindner et al. showed that additional data dependencies can 

improve query optimization and reduce execution time beyond 

what is possible using only conventional key constraints [10]. 

This finding supports the broader argument that relational 

structure is not merely a modeling concern, but also a factor 

that shapes optimizer behavior and query efficiency. 

Despite extensive research on query optimization, most 

studies focus on optimizer algorithms, statistics, or estimation 

quality rather than on how alternative ERD-level designs alter 

optimizer-reported query cost under equivalent application 

semantics. The present study contributes to this area by 

examining how different relational design models affect both 

observed response time and optimizer-estimated cost across 

multiple query categories. 

C. Research Gap 

Prior studies have established that relational schema design 

influences query performance [7-12] and that optimizer 

effectiveness depends on access paths, cardinality estimation, 
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and structural dependencies [1-5], [10], [13]. However, these 

two research strands are often investigated separately. There 

remains a need for empirical studies that connect database 

design alternatives with query execution behavior in a unified 

experimental setting. 

Specifically, relatively few works compare several ERD-

level relational designs for the same domain while 

simultaneously evaluating: 

• response time across multiple query categories;

• cost-based optimizer outputs;

• and the relative behavior of alternative relational

structures under increasing data volume.

This study addresses that gap by comparing three relational 

database models under a common application domain and 

workload configuration. Its novelty lies in empirically 

demonstrating how alternative relational design choices 

influence query performance and optimizer-estimated cost, 

thereby providing practical evidence for database designers 

seeking to make performance-aware schema decisions. 

D. Storage Architecture, Database Tuning, and Foundational

DBMS Concepts

Database performance is also affected by storage 

architecture, memory hierarchy, and system-level tuning. 

Recent database-tuning studies have explored automated 

tuning support using large-language-model-guided 

optimization, showing that performance improvement is 

increasingly treated as a combined problem of configuration, 

workload behavior, and optimizer decisions [14]. In storage-

oriented database research, SSD and flash-memory studies 

have shown that flash-based storage can reduce random I/O 

latency and improve enterprise database responsiveness 

compared with magnetic disks [15-17]. NVMe SSDs further 

change database bottlenecks by reducing storage latency and 

increasing I/O parallelism, although query operators, indexing 

strategies, and access-path selection remain important for 

performance [18-20]. 

The HDD-based experimental setting in the present study 

should therefore be interpreted carefully. Prior HDD-versus-

SSD evaluation indicates that storage media can significantly 

affect query response and data-loading behavior [21]. At the 

same time, RAID remains relevant for understanding 

performance–reliability trade-offs in disk-based systems. 

Foundational RAID studies introduced disk striping and 

mirroring as mechanisms for improving throughput and 

reliability, while later RAID evaluations showed that storage 

architecture influences database workload behavior [22-24]. In 

addition, database performance has long been shaped by 

memory-access bottlenecks and by core DBMS principles 

such as indexing, query processing, relational design, and 

transaction-oriented data management [25-27]. 

III. METHODOLOGY

This study applies a controlled experimental method to 

evaluate how different relational database designs affect query 

performance in an inventory database environment. The 

experiment compares three alternative entity-relationship 

designs that represent the same business domain but differ in 

the way item, supply, employee, material-document, and 

transaction data are structured. The purpose of the experiment 

is to determine whether changes in logical database design 

influence query response time and optimizer-estimated query 

cost under comparable data, query, and storage conditions. 

The inventory domain was selected because inventory 

systems commonly involve master data, supplier records, 

employee records, material receipt, material issue, stock 

control, and transaction-document processing. These 

operations require frequent selection, aggregation, join, 

subquery, and complex query execution. Therefore, the 

domain provides a suitable basis for evaluating the effect of 

relational schema structure on database performance. 

The methodological design follows the general principle of 

controlled database performance evaluation, where competing 

schema designs are implemented under the same hardware, 

software, data-volume, query-workload, and storage 

conditions. Existing literature on relational database design 

and query optimization emphasizes that schema structure, 

keys, relationships, indexes, and access paths can influence 

query execution behavior. Therefore, the present experiment 

focuses on the relationship between conceptual database 

design and practical query performance. 

A. Experimental Design

The experiment was conducted in six main stages. First,

three alternative entity-relationship models were developed for 

the same inventory-system domain. Second, each ERD was 

converted into a relational database schema and implemented 

in Oracle 11gR2. Third, the same inventory data scenario was 

applied to each model. Fourth, the three schemas were tested 

using the same query workload. Fifth, the tests were repeated 

under three storage configurations: Direct Attached Storage, 

RAID-0, and RAID-1. Finally, performance was evaluated 

using response time and optimizer-estimated query cost. 

To ensure a fair comparison, the database management 

system, hardware platform, storage configuration procedure, 

data scale, query categories, and measurement process were 

kept consistent across all tests. The main experimental 

variables were the database design model and the storage 

configuration. The dependent performance indicators were 

query response time and optimizer-estimated cost. 

B. Hardware, Software, and Storage Environment

The experiment was performed using a computer equipped

with an Intel Core i3-3220 processor, 8 GB DDR3 RAM, and 

two 500 GB hard disk drives. The operating system used was 

Windows 7 Ultimate, and the database management system 

was Oracle 11gR2. 

Three storage configurations were tested: 

1. Direct Attached Storage (DAS), representing a

conventional single-storage configuration.

2. RAID-0, representing a striped storage configuration

intended to improve read and write throughput by

distributing data across disks.

3. RAID-1, representing a mirrored storage

configuration intended to improve redundancy by

duplicating data across disks.

Each database model was implemented and tested under the 

same storage conditions. This allowed the experiment to 

observe not only the performance difference among ERD 
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models, but also whether the relative performance pattern 

changed when the storage configuration was modified. 

C. Relational Database Models

Three relational database models were designed for the

same inventory domain. All three models include the core 

business objects required by the inventory system, namely 

items, suppliers, supply records, employees, material 

documents, and transaction records. However, the models 

differ in how these objects are grouped, generalized, or 

specialized. The three ERDs are presented in Fig. 1–3.

Fig. 1: ERD-1 Simple database design model 

1) ERD-1: Simple database design Model

In the ERD-1 model, a relatively simple database design is

used to represent the main entities required in the inventory 

system. The model consists of the main entities Item, Supplier, 

Employee, and Material_doc, along with relationships 

representing transaction and supply activities. The design 

focuses on representing the essential business objects and their 

relationships without introducing further specialization or 

decomposition of the entities. 

Despite its simple structure, ERD-1 is able to accommodate 

the information required by the inventory system. The 

relationships among items, suppliers, employees, material 

documents, transactions, and supply activities provide the 

necessary structure for managing the core inventory 

information. Therefore, ERD-1 can be considered a 

straightforward relational design that prioritizes simplicity and 

direct representation of the main business entities and 

activities. 

Fig. 2: ERD-2 Specialized Database Design model 
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2) ERD-2: Specialized Database Design Model

In the ERD-2 model, a slightly modified design is

introduced based on the structure of ERD-1. The main entities 

remain related to items, suppliers, employees, material 

documents, transactions, and supply activities. However, 

ERD-2 introduces a variation of the IS-A relationship in the 

Material_doc entity to distinguish different types of material 

documents. This variation was not present in ERD-1 and 

represents a structural development of the previous model. 

Through this IS-A variation, the Material_doc entity is 

further specialized into Material_doc_terima and 

Material_doc_ambil, representing material receipt and 

material issue documents, respectively. The general 

Material_doc entity maintains common document 

information, while the specialized entities represent the 

specific types of material documents. Therefore, ERD-2 

provides a more detailed representation of document types 

than ERD-1 while still maintaining a common structure 

through the Material_doc entity. This design introduces 

additional structural detail while preserving the essential 

inventory information represented in ERD-1. 

3) ERD-3: Generalized Database Design Model

In the ERD-3 model, the database structure is slightly

different from ERD-2, particularly in the representation of the 

Material_doc entity. Unlike ERD-2, ERD-3 does not use an 

IS-A variation in the Material_doc entity to distinguish the 

types of material documents. Instead, the types of material 

documents are directly separated into two distinct entities, 

namely Material_doc_ambil and Material_doc_terima, which 

represent material issue and material receipt documents, 

respectively. 

The separation of Material_doc into these two entities 

results in additional transaction relationships, namely 

Transaction-1 and Transaction-2. Each transaction 

relationship is associated with the corresponding type of 

material document, allowing material receipt and material 

issue activities to be represented separately within the 

database structure. Therefore, compared with ERD-2, ERD-3 

provides a more explicitly separated representation of 

material-document types and their associated transaction 

activities. 

D. Comparison of the Three ERD Models

The three ERD models represent different database design

strategies for the same inventory domain. ERD-1 applies a 

separated transaction design, ERD-2 applies a generalized 

document design, and ERD-3 applies a specialized item and 

material-document design. 

ERD-1 separates material receipt and material issue 

activities into different document and transaction tables. This 

design makes the distinction between receiving and issuing 

activities explicit at the table level. As a result, queries that 

focus only on receipt transactions or only on issue transactions 

can access the relevant table directly. However, queries that 

need to analyze both transaction types may require additional 

query operations, such as combining results from separate 

tables. 

ERD-2 reduces the number of transaction-related tables by 

storing material-document data in a generalized Material_doc 

table and transaction data in a generalized Transaction_doc 

table. Receipt and issue activities are distinguished through 

document category attributes instead of separate document 

tables. This approach simplifies the schema structure and may 

reduce redundancy. However, because different transaction 

types are stored in common tables, queries may require 

additional filtering conditions to separate receipt and issue 

documents.

Fig. 3: ERD-3 Generalized Database Design Model 
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ERD-3 combines generalization and specialization. It 

maintains common reference tables such as Items, 

Material_doc, and Transaction_doc, but also separates specific 

item and document subtypes into specialized tables. Factory 

and non-factory items are represented separately, while receipt 

and issue documents are also represented through specialized 

material-document tables. This structure provides more 

explicit representation of business subtypes. It may support 

more targeted access for specific item or document categories, 

although it may also increase the number of joins when 

queries must retrieve data across both generalized and 

specialized entities. 

This comparison is important because the experiment does 

not compare arbitrary schemas. Instead, it compares three 

alternative modeling strategies: separation, generalization, and 

specialization. These strategies can affect the number of joins, 

filtering conditions, access paths, index usage, and optimizer-

estimated query cost during execution. 

E. Schema Implementation and Key Constraints

Each ERD was transformed into a relational schema and

implemented in Oracle 11gR2. Primary keys were defined for 

all main entities, including item identifiers, supplier 

identifiers, employee identifiers, supply identifiers, material-

document identifiers, and transaction-document identifiers. 

Foreign-key relationships were defined according to the 

relationships shown in the ERDs. 

In ERD-1, the Items, Supplier, Supply, and Employee tables 

are connected to separate material-document and transaction 

tables for receipt and issue operations. The receipt-related 

tables are represented by Material_doc_receive and 

Transaction_receive, while the issue-related tables are 

represented by Material_doc_issue and Transaction_issue. 

In ERD-2, the schema uses a generalized structure. The 

Material_doc table stores common document information and 

is connected to the Employee table. The Transaction_doc table 

connects material documents with item records and stores 

transaction quantity information. Supplier and item 

relationships are represented through the Supply table. 

In ERD-3, the schema includes specialized item and 

document structures. Factory_items and Non_factory_items 

represent item subtypes, while Material_doc_receive and 

Material_doc_issue represent material-document subtypes. 

These subtype tables are connected to general reference tables 

such as Items, Material_doc, and Transaction_doc. 

All three models were implemented using comparable 

business rules. Although their table structures differ, the 

underlying inventory information remains equivalent across 

the models. This equivalence is necessary to ensure that 

performance differences are caused by schema design rather 

than by differences in business content. 

F. Indexing Configuration

Indexing was controlled to ensure a fair comparison among

the three ERD models. Primary-key indexes were created for 

all primary-key attributes. Foreign-key attributes used in join 

operations were also indexed consistently across equivalent 

relationships. No additional query-specific secondary indexes 

were introduced unless required by the schema structure. 

In ERD-1, indexing was applied to the primary-key 

attributes of the item, supplier, employee, supply, material-

document, and transaction tables. Foreign-key attributes 

connecting items, suppliers, employees, material documents, 

and transaction records were also indexed where they were 

used in join operations. 

In ERD-2, indexing was applied to the primary keys of 

Items, Supplier, Employee, Supply, Material_doc, and 

Transaction_doc. Foreign-key attributes connecting supplier-

to-supply, item-to-supply, employee-to-material-document, 

material-document-to-transaction, and item-to-transaction 

relationships were indexed consistently. 

In ERD-3, indexing was applied to primary keys in the 

generalized and specialized entities, including item, factory 

item, non-factory item, supplier, employee, material-

document, material-document subtype, and transaction-

document entities. Foreign-key attributes connecting item 

specialization, material-document specialization, supply 

records, and transaction records were indexed where required 

for join operations. 

This indexing strategy was used to avoid giving one model 

an artificial performance advantage. Because the aim of the 

study is to evaluate the effect of database design, the indexing 

configuration was kept as consistent as possible across ERD-1, 

ERD-2, and ERD-3. As a result, the observed differences in 

response time and optimizer cost can be interpreted as being 

primarily associated with differences in relational structure, 

relationship complexity, and storage configuration. 

G. Data Population

Each database model was populated using equivalent

inventory-system data. The data covered item records, supplier 

records, employee records, supply records, material 

documents, and transaction records. The same data scale was 

applied across the three models as far as the schema structure 

allowed. 

The experiment used large-scale data scenarios ranging 

from 100,000 to 100,000,000 records per entities, evaluated in 

four stages: 100,000; 1,000,000; 10,000,000; and 100,000,000 

records per entity depending on the test condition. The 

purpose of using multiple data volumes was to evaluate 

whether the performance behavior of each ERD model 

remained stable as the database size increased. 

Using comparable data across ERD-1, ERD-2, and ERD-3 

was necessary to maintain experimental validity. If one model 

contained substantially different data from another model, the 

performance results could be influenced by data distribution 

rather than by schema design. Therefore, the data population 

process was controlled to preserve equivalence across the 

three schema alternatives. 

H. Query Workload

The same logical query workload was executed on each

ERD model. Because the table structures differ among ERD-1, 

ERD-2, and ERD-3, the SQL syntax was adapted to the 

corresponding schema while preserving the same intended 

business meaning. The workload consisted of seven query 

categories: simple query, aggregate query, inner join, outer 

join, subquery, correlated subquery, and complex query. Thus, 

the experimental workload comprised 21 SQL 
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implementations, consisting of seven corresponding queries 

for each ERD model. 

The corresponding SQL statements were implemented 

according to the relational structure of each ERD model. 

Therefore, the SQL statements are not necessarily textually 

identical across the three models, but each implementation 

represents the same intended workload category and business 

operation. Differences in table relationships may result in 

different join paths or table references among the ERD models 

while preserving the intended retrieval objective. 

The complete SQL workload used in the experiment, 

comprising all 21 query implementations, is provided as 

supplementary research material to support transparency and 

verification of workload equivalence across the three ERD 

implementations. 

I. Query Execution Procedure

Each query was executed under every combination of ERD

model and storage configuration. Before each measurement, 

the database environment was stabilized to reduce irregular 

cache effects. The database buffer cache was flushed using 

ALTER SYSTEM FLUSH BUFFER_CACHE before each 

measurement cycle. Each query was executed for 10 repeated 

runs, and the mean response time was used as the reported 

execution time. The query was fully fetched before the 

response time measurement was recorded to ensure that the 

reported value represented the complete query execution and 

result retrieval process. Measurements were performed using a 

PHP-based client application under the same experimental 

procedure for ERD-1, ERD-2, and ERD-3 across DAS, RAID-

0, and RAID-1 storage configurations. 

The response time represents the elapsed time required to 

execute a query and fully return its result. Repeating each 

query for 10 runs and applying the same cache-flushing and 

measurement procedure helped reduce the influence of 

temporary system variation during execution. Because the 

available experimental records contain summarized mean 

values rather than complete run-level logs, this study does not 

report standard deviation or confidence intervals. This 

limitation is explicitly addressed in the threats-to-validity 

discussion and should be considered when interpreting the 

statistical strength of the findings. 

The measured response time represents the elapsed time 

from query execution initiation until the complete result set 

had been fetched by the PHP-based client application. Thus, 

the reported timing includes both query processing and result 

retrieval at the client boundary. Each query was evaluated 

using the same SQL semantics across ERD-1, ERD-2, and 

ERD-3 and under DAS, RAID-0, and RAID-1 configurations 

at four data-volume stages: 100,000, 1,000,000, 10,000,000, 

and 100,000,000 records per entity. 

Each query was executed for 10 repeated runs, and the 

arithmetic mean of the recorded response times was used as 

the primary performance measure. Because the retained 

experimental records contain consolidated mean values rather 

than run-level observations, the original run-to-run variability 

cannot be reconstructed. Consequently, this study reports 

mean response times as descriptive performance measures and 

does not perform inferential statistical testing based on 

dispersion estimates. 

J. Optimizer-Cost Measurement

In addition to response time, the study measured optimizer-

estimated query cost using the Oracle 11gR2 cost-based 

optimizer. Optimizer cost is a relative estimate of the 

computational work required to execute a query. It may be 

influenced by table access methods, index usage, join 

operations, filtering conditions, estimated cardinality, and disk 

I/O. 

For each query category, optimizer cost was collected using 

equivalent query logic across the three ERD models. This 

allowed the study to compare whether the model with lower 

response time also produced lower estimated execution cost. 

Because optimizer cost is not the same as actual elapsed time, 

it was interpreted together with response time rather than as a 

direct substitute for runtime measurement. 

Representative query execution plans were considered to 

explain why one ERD model performed better than another. In 

simple selection queries, the analysis considered whether the 

query accessed a direct item or document relation or required 

filtering through category attributes. In aggregate queries, the 

analysis considered whether aggregation was performed over 

separated transaction tables, generalized transaction tables, or 

specialized item/document structures. In join queries, the 

analysis considered the number of relationships traversed and 

whether the schema required additional joins to retrieve 

equivalent business information. In complex queries, the 

analysis considered the combined effect of filtering, joining, 

grouping, and ordering operations. 

This execution-plan interpretation was used to support the 

response-time and optimizer-cost results. A schema requiring 

fewer unnecessary joins, fewer filtering conditions, or more 

direct access paths was expected to produce lower optimizer 

cost and faster response time. 

The SQL statements corresponding to the evaluated 

workloads are retained as supplementary research material, 

allowing the query formulations used for each ERD model to 

be examined alongside the reported optimizer-cost results. 

K. Data Analysis

The analysis compared the three ERD models using two

performance indicators: response time and optimizer-

estimated query cost. The results were analyzed by query 

category and storage configuration. 

The first stage of analysis compared ERD-1, ERD-2, and 

ERD-3 under the same storage configuration. This showed 

how schema structure affected query performance. The second 

stage compared DAS, RAID-0, and RAID-1 for each ERD 

model. This showed how storage configuration affected the 

performance of each schema. The third stage examined 

whether the same ERD model remained superior across 

different query types and storage configurations. 

The interpretation focused on the relationship between 

schema structure and query execution behavior. ERD-1 was 

interpreted as a separated transaction design, ERD-2 as a 

generalized document design, and ERD-3 as a specialized item 

and document design. Differences in response time and 

optimizer cost were explained based on the number of 

relations accessed, join complexity, filtering requirements, and 

possible index usage. 
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L. Validity Controls

Several validity controls were applied. First, all three ERD

models were tested using the same hardware, operating 

system, and DBMS. Second, the same storage configurations 

were used across all models. Third, equivalent data scenarios 

were applied to each model. Fourth, equivalent query 

categories were executed across the three schemas. Fifth, 

primary-key and foreign-key constraints were consistently 

defined. Sixth, indexing was limited to primary-key and 

foreign-key attributes to reduce uncontrolled optimization 

effects. 

Despite these controls, the experiment has several 

limitations. The hardware platform used HDD-based storage 

and an older Oracle 11gR2 environment. Therefore, the results 

may differ in modern SSD, NVMe, cloud, or distributed 

database environments. The experiment also focused on a 

single inventory-system domain, so the results should not be 

generalized to all application domains without further testing. 

In addition, if only mean response times are available, the 

absence of standard deviation and confidence intervals limits 

the statistical strength of the findings. 

A further limitation of this study is that the retained 

experimental artifacts consist of consolidated mean values 

rather than full run-level logs, and the original populated 

database instances are no longer available. Therefore, we 

cannot retrospectively report the actual per-table row counts 

and per-query result-set cardinalities for every ERD and 

storage configuration, nor reconstruct run-to-run dispersion 

statistics such as standard deviation, confidence intervals, 

median, or interquartile range (IQR). Consequently, 

differences in the reported mean response times should be 

interpreted as descriptive performance tendencies under the 

recorded experimental means rather than as statistically 

confirmed differences. Confirmatory evaluation would require 

a full replication with run-level logging, including dispersion 

measures and appropriate statistical hypothesis testing. 

IV. RESULTS AND DISCUSSION

This section presents the analysis of query performance 

across the three relational database models and three storage 

configurations: DAS, RAID-1, and RAID-0. The evaluation is 

conducted by measuring response time and query cost across 

seven types of queries. 

A. Response Time Analysis under DAS Storage

This subsection presents the response-time comparison of

ERD-1, ERD-2, and ERD-3 under the Direct-Attached Storage 

(DAS) configuration. The evaluation covers seven query 

categories and four data-size levels, ranging from 100 

thousand to 100 million records. As shown in Fig. 4, the 

response time of all ERD models remains relatively low at 

smaller data sizes, but the performance gap becomes more 

visible as the data volume increases. 

Table 4.1. Response time under DAS 

Query Type Data Volume ER-1 ER-2 ER-3 Unit 

Simple Query 100,000 0.021 0.03 0.01 s 

Simple Query 1,000,000 0.06 0.042 0.018 s 

Simple Query 10,000,000 0.03 0.108 0.03 s 

Simple Query 100,000,000 0.044 0.064 0.038 s 

Aggregate Query 100,000 0.141 0.26 0.065 s 

Aggregate Query 1,000,000 0.424 0.575 0.115 s 

Aggregate Query 10,000,000 4.172 9.62 0.87 s 

Aggregate Query 100,000,000 43.337 140.413 8.487 s 

Inner Join Query 100,000 0.218 0.226 0.112 s 

Inner Join Query 1,000,000 0.881 0.831 0.255 s 

Inner Join Query 10,000,000 7.088 6.53 2.19 s 

Inner Join Query 100,000,000 71.23 64.89 18.308 s 

Outer Join Query 100,000 0.23 0.225 0.112 s 

Outer Join Query 1,000,000 0.813 1.188 0.258 s 

Outer Join Query 10,000,000 6.406 7.252 1.96 s 

Outer Join Query 100,000,000 70.189 65.77 18.906 s 

Subquery 100,000 0.205 0.106 0.09 s 

Subquery 1,000,000 0.455 0.435 0.42 s 

Subquery 10,000,000 4.155 4.12 3.88 s 

Subquery 100,000,000 36.55 34.55 36.55 s 

Correlated Subquery 100,000 0.108 0.09 0.029 s 

Correlated Subquery 1,000,000 0.305 0.305 0.046 s 

Correlated Subquery 10,000,000 2.28 3.08 1.747 s 

Correlated Subquery 100,000,000 22.15 21.15 17.382 s 

Complex Query 100,000 0.31 0.436 0.203 s 

Complex Query 1,000,000 1.184 1.086 0.523 s 

Complex Query 10,000,000 6.4 7.063 4.538 s 

Complex Query 100,000,000 67.492 59.75 44.307 s 

Table 4.1 show that response time generally increases as the 

data volume grows, with the increase becoming particularly 

pronounced for aggregate, join, subquery, correlated-

subquery, and complex queries. ER-3 is generally the fastest 

model for the more computationally demanding query classes, 

although the relative ranking depends on query type and data 

volume. The simple-query results remain comparatively small 

across all configurations, indicating that query complexity and 

data volume strongly affect elapsed execution time. 

For simple queries, ERD-3 records the lowest response time 

at the largest data size, followed by ERD-2 and ERD-1. This 

indicates that even simple retrieval operations become 

sensitive to schema structure when the data volume reaches 

100 million records. A more pronounced difference appears in 

aggregate queries, where ERD-2 shows the highest response 

time, while ERD-3 remains substantially lower. This suggests 

that aggregation workloads are strongly affected by table 

structure, access paths, and the amount of intermediate data 

that must be processed. 

For inner join and outer join queries, ERD-3 again shows 

better scalability than ERD-1 and ERD-2. The gap becomes 

especially apparent at 100 million records, indicating that the 

more modular structure of ERD-3 reduces the execution 

burden of join-based retrieval. The same tendency appears in 

subquery workloads, where ERD-3 maintains a lower 

response time as the data size increases. 

The correlated subquery results show a different pattern 

because the response times remain very small across all data 

sizes. Nevertheless, ERD-3 still provides the most stable 

behavior compared with the other models. In complex queries, 

ERD-3 remains competitive, although the performance 

difference among the ERD models is not as large as in 

aggregate and join-based workloads. Overall, the DAS results 

indicate that ERD-3 provides the most consistent response-

time advantage across most query categories, particularly 

when the workload reaches large-scale data volumes. 
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(e)  (f) 
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Fig. 4: Response time under DAS storage: seven subfigures, namely (a) 

Simple, (b) Aggregate, (c) Inner Join, (d) Outer Join, (e) Subquery, (f) 

Correlated Subquery, (g) Complex Query 

B. Response Time Analysis under RAID-1 Storage

Fig. 5 presents the response-time results under RAID-1

storage. RAID-1 provides mirroring for redundancy, but this 

configuration may introduce additional overhead depending 

on the query type and storage access pattern. Similar to the 

DAS scenario, the response times remain low at smaller data 

sizes and increase sharply at 100 million records for several 

query categories. 

Table 4.2. Response time under RAID-0 

Query Type Data Volume ER-1 ER-2 ER-3 Unit 

Simple Query 100,000 0.009 0.019 0.016 s 

Simple Query 1,000,000 0.023 0.031 0.028 s 

Simple Query 10,000,000 0.028 0.0693 0.037 s 

Simple Query 100,000,000 0.049 0.06 0.048 s 

Aggregate Query 100,000 0.064 0.158 0.032 s 

Aggregate Query 1,000,000 0.214 0.427 0.086 s 

Aggregate Query 10,000,000 2.012 7.208 0.457 s 

Aggregate Query 100,000,000 22.22 130.066 4.157 s 

Inner Join Query 100,000 0.123 0.144 0.072 s 

Inner Join Query 1,000,000 0.416 0.436 0.148 s 

Inner Join Query 10,000,000 3.226 3.407 0.897 s 

Inner Join Query 100,000,000 37.754 38.655 8.019 s 

Outer Join Query 100,000 0.174 0.115 0.033 s 

Outer Join Query 1,000,000 0.431 0.463 0.11 s 

Outer Join Query 10,000,000 3.186 3.227 0.891 s 

Outer Join Query 100,000,000 38.086 39.259 8.12 s 

Subquery 100,000 0.072 0.034 0.04 s 

Subquery 1,000,000 0.204 0.208 0.252 s 

Subquery 10,000,000 1.71 1.704 1.79 s 

Subquery 100,000,000 40.584 38.595 17.062 s 

Correlated Subquery 100,000 0.026 0.026 0.017 s 

Correlated Subquery 1,000,000 0.145 0.146 — s 

Correlated Subquery 10,000,000 1.046 1.089 0.808 s 

Correlated Subquery 100,000,000 12.457 11.262 7.431 s 

Complex Query 100,000 0.067 0.291 0.046 s 

Complex Query 1,000,000 0.513 0.513 0.347 s 

Complex Query 10,000,000 3.195 3.139 2.084 s 

Complex Query 100,000,000 49.214 51.888 19.677 s 

Table 4.2 results generally exhibit the lowest response times 

among the three storage configurations, especially for 

aggregate and join operations at larger data volumes. The 

advantage becomes more visible as the workload grows from 

100,000 to 100,000,000 records. ER-3 is frequently the fastest 

model, while ER-2 can become substantially slower for 

aggregate and some complex workloads. Overall, the table 

suggests that the performance benefit of RAID-0 is more 

evident for I/O-intensive and computationally demanding 

queries than for simple queries. 

In aggregate queries, ERD-2 records the highest response 

time at 100 million records, while ERD-3 remains the fastest. 

This shows that ERD-2 is less efficient for aggregation 

workloads under RAID-1, likely because its relational 

structure requires more expensive data access and processing. 

In simple queries, ERD-3 also produces the lowest response 

time, while ERD-1 and ERD-2 require longer execution times 

at the largest data size. 

For inner join, outer join, and subquery workloads, ERD-3 

consistently performs better than the other two ERD models. 

The difference is particularly clear in subquery and inner join 

operations, where ERD-1 and ERD-2 increase substantially at 

100 million records. This result suggests that RAID-1 does not 

eliminate the effect of schema design; instead, the efficiency 
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of the relational model remains important even when the 

storage configuration provides redundancy. 

For correlated subqueries, the response times are very 

small, but ERD-2 shows higher values than ERD-1 and ERD-

3. In complex queries, the three models show closer results 

than in aggregate and subquery workloads, although ERD-3 

remains among the most efficient. Overall, the RAID-1 results 

support the finding that ERD-3 is generally more scalable and 

less sensitive to increasing data volume. 
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Fig. 5: Response time comparison of ERD-1, ERD-2, and ERD-3 under 

RAID-1 storage across seven query types: (a) simple query, (b) aggregate 

query, (c) inner join query, (d) outer join query, (e) subquery, (f) correlated 

subquery, and (g) complex query 

C. Response Time Analysis under RAID-0 Storage 

Fig. 6 shows the response-time comparison under RAID-0 

storage. RAID-0 is designed to improve performance by 

distributing data across disks, but it does not provide 

redundancy. The results show that storage configuration 

changes the absolute response time, but the influence of ERD 

structure remains visible across query categories. 

Table 4.3. Response time under RAID-1 

Query Type Data 

Volume 
ER-1 ER-2 ER-3 Unit 

Simple Query 100,000 0.014 0.014 0.016 s 

Simple Query 1,000,000 0.03 0.042 0.03 s 

Simple Query 10,000,000 0.045 0.098 0.024 s 

Simple Query 100,000,000 0.046 0.064 0.03 s 

Aggregate Query 100,000 0.268 0.147 0.027 s 

Aggregate Query 1,000,000 0.938 1.038 0.294 s 

Aggregate Query 10,000,000 6.413 16.953 2.273 s 

Aggregate Query 100,000,000 65.246 246.191 25.441 s 

Inner Join Query 100,000 0.134 0.172 0.106 s 

Inner Join Query 1,000,000 1.738 1.804 0.587 s 

Inner Join Query 10,000,000 11.806 13.004 2.157 s 

Inner Join Query 100,000,000 107.926 95.133 24.792 s 

Outer Join Query 100,000 0.127 0.142 0.045 s 

Outer Join Query 1,000,000 1.789 1.463 0.653 s 

Outer Join Query 10,000,000 12.293 11.634 2.796 s 

Outer Join Query 100,000,000 101.268 104.143 25.803 s 

Subquery 100,000 0.058 0.067 0.062 s 

Subquery 1,000,000 0.963 0.938 0.927 s 

Subquery 10,000,000 6.324 5.829 4.502 s 

Subquery 100,000,000 60.155 53.25 51.454 s 

Correlated 
Subquery 

100,000 0.046 0.017 0.023 s 

Correlated 

Subquery 
1,000,000 0.578 0.496 — s 

Correlated 
Subquery 

10,000,000 4.34 5.014 3.055 s 

Correlated 

Subquery 
100,000,000 35.213 31.672 25.898 s 

Complex Query 100,000 0.091 0.135 0.059 s 

Complex Query 1,000,000 1.672 1.774 1.212 s 

Complex Query 10,000,000 9.863 10.482 6.795 s 

Complex Query 100,000,000 93.412 87.918 65 s 
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Table 4.3 results show a similar growth pattern with 

increasing data volume but generally higher response times 

than RAID-0 for aggregate, join, subquery, correlated-

subquery, and complex queries. The difference is especially 

pronounced at 100,000,000 records. ER-3 remains relatively 

efficient across several workload types, whereas ER-2 

produces the highest response time in several aggregate and 

complex-query cases. These results are consistent with a 

workload in which storage redundancy introduces additional 

I/O overhead compared with RAID-0. 

For aggregate queries, ERD-2 again records the highest 

response time at 100 million records, while ERD-3 produces 

the lowest response time. This confirms that aggregation 

workloads are highly sensitive to schema design, regardless of 

whether the storage configuration is DAS, RAID-1, or RAID-

0. In simple queries, ERD-3 also performs better than ERD-1

and ERD-2 at the largest data size.

For inner join, outer join, and subquery workloads, ERD-3 

consistently shows lower response time than ERD-1 and ERD-

2. The difference is especially strong in subquery workloads,

where ERD-1 and ERD-2 rise sharply at 100 million records,

while ERD-3 remains much lower. This indicates that ERD-3

is more effective in controlling query execution growth as data

volume increases.

For correlated subqueries, the response times are again very 

small compared with other query types. However, ERD-2 still 

shows the highest response time, while ERD-1 and ERD-3 

remain lower. In complex queries, ERD-3 records the lowest 

response time at the largest data size, whereas ERD-1 and 

ERD-2 show higher values. Overall, the RAID-0 results 

further strengthen the conclusion that ERD-3 provides the 

most favorable response-time behavior across most workloads. 

(a) (b) 

(c) (d) 

(e) (f) 

(g) 

Fig. 6: Response time comparison of ERD-1, ERD-2, and ERD-3 under 
RAID-0 storage across seven query types: (a) simple query, (b) aggregate 

query, (c) inner join query, (d) outer join query, (e) subquery, (f) correlated 

subquery, and (g) complex query 

D. Cost-Based Optimization Analysis across Storage

Configurations

Fig. 7 compares the Oracle optimizer query cost for ERD-1, 

ERD-2, and ERD-3 at 100 million records under DAS, RAID-

1, and RAID-0 configurations. The cost-based optimizer 

results provide a complementary perspective to the response-

time analysis by showing the estimated computational cost of 

each query type. 

Across the three storage configurations, ERD-3 generally 

produces the lowest query cost for aggregate queries, inner 

join queries, outer join queries, correlated subqueries, and 

complex queries. ERD-2 frequently records the highest 

optimizer cost, especially in aggregate, join-based, and 

complex workloads. This indicates that ERD-2 tends to 

generate more expensive access paths and query execution 

plans than the other two models. 

For subqueries, the query cost values of the three ERD 

models appear relatively similar compared with other query 

types. This suggests that the optimizer estimates a comparable 

execution burden for subquery operations across the three 

database designs. However, for aggregate, join, correlated, and 

complex queries, ERD-3 shows a clear advantage in terms of 

lower optimizer-estimated cost. 
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Fig. 7: Oracle optimizer query cost comparison at 100 million records under different storage configurations: (a) DAS, 

(b) RAID-1, and (c) RAID-0

The similarity of the cost patterns across DAS, RAID-1, 

and RAID-0 suggests that the optimizer cost is more strongly 

influenced by schema structure and query formulation than by 

the physical storage configuration alone. Therefore, the cost-

based optimization results support the response-time findings: 

Within the tested inventory-domain workload, ERD-3 showed 

the most consistent performance advantage, while ERD-2 

tends to be the most expensive model in several query 

categories. 

The optimizer-cost results were further interpreted using 

representative Oracle execution plans. Across the tested 

workloads, ERD-3 generally required fewer unnecessary 

filtering steps and more direct access paths for document- and 

item-related retrieval, while ERD-2 often required additional 

category-based filtering through generalized document 

structures. This supports the observed pattern in which ERD-3 

produced lower optimizer-estimated cost for aggregate, join-

intensive, correlated, and complex queries. 
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E. Comparative Discussion and Practical Implications

The overall results demonstrate that database schema design

has a substantial impact on query performance. Across DAS, 

RAID-1, and RAID-0 configurations, ERD-3 generally 

provides the most consistent performance advantage, 

especially for aggregate queries, inner joins, outer joins, 

subqueries, and complex queries. This suggests that a more 

modular relational structure can reduce query complexity and 

improve access-path efficiency. 

However, the results also show that performance superiority 

is not determined by ERD structure alone. Query type, data 

size, and storage configuration jointly influence the final 

response time. At smaller data sizes, the differences among 

ERD models are relatively small. At 100 million records, 

however, the performance gap becomes much more apparent. 

This indicates that schema design decisions become 

increasingly important as database scale grows. 

From a practical perspective, ERD-3 is the most 

recommended design for large-scale workloads involving 

aggregation, joins, and subqueries. ERD-1 may still be 

acceptable for simpler workloads, but it becomes less efficient 

as data volume and query complexity increase. ERD-2 should 

be used carefully because it frequently produces higher 

response time and optimizer cost, particularly in aggregate and 

join-intensive workloads. 

The storage results also show that RAID configuration 

should be selected based on system priority. RAID-0 may be 

suitable when performance is the main concern, while RAID-1 

is more appropriate when data redundancy is required. 

Nevertheless, the findings indicate that storage improvement 

alone cannot fully compensate for inefficient schema design. 

A well-structured ERD remains essential for achieving 

scalable query performance. 

This chapter focuses on analyzing and testing query 

performance based on relational data model designs and 

comparisons between DAS, RAID 1, and RAID 0. The 

evaluation is conducted by measuring response time and query 

cost across seven types of queries. 

V. CONCLUSSION

This study examined how alternative relational database 

designs influence query performance under a common 

inventory-oriented application domain. Three ERD models 

were evaluated across multiple data volumes and seven query 

categories using two complementary indicators: observed 

response time and cost-based optimizer output. The results 

show that relational design choices materially affect database 

performance, particularly for aggregate, join-intensive, 

correlated, and complex queries. 

Among the evaluated models, ERD-3 demonstrated the 

most consistent overall performance advantage. Its more 

modular relational structure reduced unnecessary query 

complexity, supported more efficient access paths, and 

produced lower optimizer-estimated costs in several workload 

categories. These findings indicate that schema design should 

not be treated only as a data-modeling activity, but also as a 

performance-sensitive engineering decision. A relational 

model that aligns entity decomposition, relationship structure, 

and index utilization with expected query patterns can 

improve execution efficiency as data volume increases. 

The study also highlights the practical importance of 

interpreting performance in relation to storage architecture. 

Within the tested HDD-based environment, the results suggest 

that storage configuration and relational design jointly affect 

query behavior. However, the contribution of this work lies 

primarily in demonstrating the design-level impact of ERD 

alternatives on query execution, rather than making universal 

claims about one storage architecture across all modern 

systems. 

Several limitations should be acknowledged. First, the 

experiments were conducted on a legacy hardware and 

software platform using HDD storage, Windows 7, and Oracle 

11gR2, which may not fully represent current production 

environments. Second, the study focused on a single DBMS 

platform and one application domain, limiting direct 

generalization to other database engines and workloads. Third, 

the reported results would be strengthened by a more explicit 

statistical treatment of repeated runs, including variance 

measures and confidence intervals. Finally, although cost-

based optimizer outputs were useful for comparative analysis, 

such cost values remain DBMS-specific estimates rather than 

hardware-independent performance measures. 

Future work should extend this study in several directions. 

First, the same ERD comparison should be reproduced on 

modern SSD and NVMe-based systems to determine whether 

the observed ranking among ERD models persists under 

lower-latency storage. Second, evaluation across additional 

DBMS platforms, such as PostgreSQL or MySQL, would 

improve external validity. Third, future experiments should 

include repeated-trial statistics, execution-plan inspection, and 

more detailed indexing analysis to provide a stronger causal 

explanation of performance differences. Finally, the study 

could be expanded to other application domains and mixed 

transactional–analytical workloads to assess whether the 

design principles observed here remain robust under broader 

database scenarios. 

Overall, this research provides empirical evidence that 

relational design alternatives can produce meaningful 

differences in query response time and optimizer-estimated 

cost. The findings support a practical recommendation for 

database designers and administrators: schema design 

decisions should be evaluated not only for correctness and 

maintainability, but also for their measurable impact on query 

performance. 
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