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Abstract
The wide use of social networks is generating a huge quantity of data, structured 
and unstructured. With increased data volume and complexity, traditional databases 
became less efficient, which led to the development of NoSQL, a new generation 
of Database Management Systems. Despite the typical schema-optional nature 
of NoSQL databases, researchers have conducted studies on their design and 
emphasized the need for modeling techniques tailored to NoSQL data management. 
Graph-oriented databases, as a part of the NoSQL ecosystem, are gaining popularity 
because of their querying efficiency for complex connected data. Multiple aspects 
must be considered when modeling a graph-oriented database, generally a NoSQL 
database, including the relevant domain data and how these data will be accessed. 
Although several academic works have proposed modeling processes for graph-
oriented databases, most of them do not rely on metamodeling to automate the 
design process and often leave important steps insufficiently specified. This study 
addresses the limitations observed in existing graph database design approaches 
by proposing a modeling guide that considers key requirements of graph-oriented 
database design. The proposed approach relies on Model-Driven Architecture to 
structure the design process and automate the generation of multiple models. 
By combining metamodeling, query-driven design, and formal specification, the 
approach improves model quality and maintainability while explicitly integrating 
performance considerations into the schema design process. We conducted an 
experiment on graph databases containing millions of nodes and relationships. 
Experimental results indicate that the proposed design achieves query execution 
time reductions ranging from 17% to 99% compared to the baseline schema, and 
remains more efficient than other representative state-of-the-art design approaches, 
while introducing an additional space overhead of approximately 62%. This balance 
highlights the method’s practicality and its suitability for large graph databases.

Keywords  NoSQL, Graph databases, Big data, MDA, Indexing, Database modeling, 
Database design, Query-driven design, Workload-aware design

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1186/s40537-026-01425-5
http://crossmark.crossref.org/dialog/?doi=10.1186/s40537-026-01425-5&domain=pdf&date_stamp=2026-5-2


Page 2 of 50Dourhri et al. Journal of Big Data          (2026) 13:114 

Introduction
The expansion of user-generated content has led to a significant increase in the volume 
and variety of data being created, modified, analyzed, and stored. In addition, a huge 
quantity of data has been produced due to new sources, such as sensors, monitoring 
systems, and automated trackers. The enormous volumes of data, usually referred to as 
Big Data, present novel challenges and possibilities in terms of storage, processing, and 
archiving [1].

While relational databases remain generally effective for structured and stable data, 
they face limitations when dealing with highly connected data, evolving schemas, and 
large-scale workloads, where frequent joins and schema rigidity can negatively impact 
performance and adaptability. To address these limitations, NoSQL database systems 
have emerged, among which graph-oriented databases have gained significant attention. 
Graph databases are particularly well suited for managing highly connected data using 
traversal-based query, making them attractive for domains such as social networks, rec-
ommendation systems, fraud detection, and e-commerce platforms. [2].

Graph databases are grounded in graph theory and represent data as a graph structure 
composed of nodes and relationships. In this paradigm, nodes correspond to real-world 
entities, while relationships capture the semantic connections between them. Most 
modern graph database management systems adopt the Labeled Property Graph (LPG) 
model, in which both nodes and relationships are enriched with labels and properties, 
enabling the storage of domain-specific information. This model naturally supports 
traversal-based query execution and is particularly effective for applications involving 
strongly connected data. As a result, graph databases have been widely adopted in prac-
tice, with systems such as Neo4j, Memgraph, and GraphDB being among the most com-
monly used graph-oriented DBMS (Database Management system(s)) [3].

Despite their schema-flexible nature, design and modeling remain critical issues in 
graph databases and the NoSQL paradigm in general. Atzeni [4] argues that NoSQL 
database modeling can have beneficial effects and defines two lines of research. First, 
the diversity of models and systems could pose challenges for stakeholders in the data-
base field. Data modeling approaches derive their legitimacy from the need to standard-
ize access. Secondly, approaches may be defined at both the logical and physical levels 
using data models. Likewise, Kaur and Rani [5] claim that NoSQL database modeling 
is still important to understand how to store data correctly. For graph-oriented data-
bases, modeling decisions, such as node granularity, relationship orientation, and 
attribute placement, directly influence traversal efficiency, query execution time, and 
maintainability.

Several studies have shown that poorly designed schemas can negate the performance 
advantages of graph databases, highlighting the need for well-defined design methodol-
ogies rather than ad hoc modeling practices. Shoval et al. [6] introduce GDBS, one of the 
earliest methods for designing graph databases from ER diagrams. The approach focuses 
on transforming data-related requirements (entities, relationships, cardinalities) into a 
logical graph schema. ER constructs are mapped to nodes and edges through explicit 
rules, producing a clear structural graph model. In a later work [7], Shoval et al. extend 
GDBS by explicitly integrating functional requirements expressed as queries into the 
design process. Data-related requirements are captured via UML class diagrams, while 
queries are used to refine and optimize the graph schema through transformation rules.
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Existing design approaches largely rely on manual heuristics and guidelines, mak-
ing the process difficult to reproduce. Model-Driven Architecture (MDA) addresses 
these limitations by automating schema design and reducing human intervention [8]. 
MDA structures system specification into three abstraction levels–Computation-Inde-
pendent (CIM), Platform-Independent (PIM), and Platform-Specific (PSM)–and relies 
on metamodeling and transformation rules to systematically derive lower-level models 
from higher-level specifications [9].

In this context, Akoka et al. propose an MDA-based forward engineering approach for 
graph databases that explicitly incorporates the four Big Data dimensions [10]. Starting 
from an ER conceptual model, the method defines transformations toward logical and 
physical graph schemas, with a particular focus on volume-driven scalability evaluation.

Similarly, León et al. present an approach relying on model-to-model transformation 
from UML class diagrams to Labeled Property Graphs. They define mapping rules for 
classes, associations, and attributes, ensuring semantic preservation and portability 
across graph DBMSs [11].

Moreover, in the coming years, data-intensive applications will increasingly operate in 
a strongly connected world [12], where large volumes of interrelated data must be effi-
ciently exchanged and analyzed, making graph-oriented DBMS a natural choice. While 
several works provide valuable insights into schema generation and integrity enforce-
ment, they did not combine query-driven design with model-driven architecture and 
formal specification in the context of graph databases for performance optimization, nor 
did they leverage these principles to ensure conformity, improve design rigor, and sup-
port automated and maintainable schema evolution. This situation highlights the need 
for a structured and coherent design guide that brings together key modeling principles 
for graph databases.

In this context, this paper introduces GRAPHDESIGN, a model-driven and query-
aware design methodology for graph-oriented databases. Rather than claiming exhaus-
tiveness, GRAPHDESIGN aims to consolidate a set of relevant design concepts within a 
framework that can serve as a reference for both researchers and practitioners.

The methodology starts from data-related requirements expressed as a class diagram, 
which is adjusted to better fit the graph paradigm and transformed into a Graph Logi-
cal Data Model (GLDM) through mapping rules. Functional requirements, captured as 
data access queries, are then used to refine the GLDM and obtain a query-driven schema 
version. Finally, an experimental evaluation is conducted to assess the impact of the pro-
posed design choices.

The rest of the article is organized as follows: Section "Related Works" reviews the 
related works. Then, Section "Proposed methodology" details the different steps of the 
proposed methodology. Section "Results and Discussion" assesses the proposal and its 
impact on query execution speed and memory space. Finally, Section "Conclusions" is 
dedicated to the conclusion and future work.

Related works
With the emergence of NoSQL systems, a significant number of research works have 
addressed the problem of data modeling and schema design beyond the relational par-
adigm. Due to the diversity of NoSQL families, including key-value, column-oriented, 
document-oriented, and graph databases, several approaches have been proposed 
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to guide schema design according to data characteristics, access patterns, and perfor-
mance requirements. These works differ in their design objectives, abstraction levels, 
and degrees of automation, reflecting the absence of a unified design methodology for 
NoSQL databases. Table 1 summarizes significant studies developed for the design of 
the NoSQL databases, including the graph-oriented databases.

Some academic works have investigated schema design methodologies for non-graph 
NoSQL databases. Many proposals adopt workload-aware or model-driven strategies to 
guide schema design and improve execution efficiency. Chebotko et al. [13] bring a big 
data modeling methodology for column-oriented databases. The authors defined data 
modeling principles and mapping rules to guide logical and physical data modeling for 
Cassandra DBMS.

In the same direction, Mukherjee et al. [14] present an ontology-driven methodology 
for designing document-oriented databases, integrating domain semantics, sample que-
ries, and performance constraints to optimize MongoDB schemas for large-scale health 
data. Similarly, Chen et al. [15] present a workload-driven approach for aggregate-ori-
ented NoSQL databases, showing how query patterns can be exploited to generate tai-
lored schemas that improve performance while balancing scalability and consistency 
requirements.

Model-driven techniques have also been widely explored to structure NoSQL schema 
design. Dourhri et al. [2] propose an MDA-based approach for key-value databases that 
relies on functional requirements to automatically derive physical schemas, while Mort-
adelo [16] provides a model-driven process supporting both column and document 
stores, explicitly considering query frequency during schema generation. In a broader 
perspective, Fernández Candel et al. [17] introduce a unified metamodel for relational 
and NoSQL databases, aiming to bridge logical and physical representations and facili-
tate multi-model database tooling.

Collectively, these works demonstrate that for non-graph NoSQL systems, various 
strategies can be employed to achieve effective schema design, as data structures must 
be carefully organized to meet performance requirements. However, these approaches 
are primarily tailored to data models in which access paths are predefined and therefore 
cannot be directly transposed to graph databases, where data relationships, traversals, 
and navigation patterns play a fundamental role. Consequently, the following paragraphs 
focus on schema design approaches for graph databases.

Early contributions include the work of De Virgilio et al. [18], who proposed a meth-
odology based on an oriented ER diagram followed by a partitioning process. While this 
approach represents one of the first attempts to structure graph database design, it pri-
marily focuses on domain data modeling and does not explicitly integrate access queries 
or workload considerations into the schema construction process.

Model-driven approaches have also been explored to support systematic transforma-
tions toward graph databases. Abdelhedi et al. propose an MDA-based approach that 
transforms UML class diagrams into NoSQL physical models through an intermediate 
generic logical model compatible with column-, document-, and graph-oriented systems 
[19]. From their part, Akoka et al. [10] propose another MDA-based framework that 
starts from an enriched ER model and generates Neo4j schemas through a sequence of 
conceptual and logical meta-models. Their approach partially considers big data char-
acteristics, particularly data volume, during physical model generation. However, other 
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aspects such as velocity, variety, and veracity, as well as query-driven optimization, are 
not fully incorporated into the design process. Similarly, De Sousa et al. [20] emphasize 
integrity constraints in graph database modeling without explicitly integrating workload 
queries into the schema optimization process.

Other works focus on improving conceptual expressiveness and formalization of graph 
schemas. Cordeiro et al. [21] introduce GRAPHED, a visual conceptual modeling nota-
tion for graph databases that supports labeled nodes, edges, and cardinality constraints. 
While GRAPHED improves schema readability and conceptual clarity, it remains lim-
ited to the conceptual level and does not provide automatic transformations or query-
driven design mechanisms. In a similar vein, Angles et al. [22] propose PG-Schema, a 
formal schema language for property graphs that introduces types and key constraints 
to enhance standardization and schema validation. Building upon PG-Schema, Skavant-
zos et al. [23] introduce Entity/Relationship Graphs, which adapt classical E/R modeling 
concepts to property graphs by enforcing redundancy-free designs through constraint 
semantics. However, both PG-Schema and E/R Graphs primarily focus on structural 
correctness and constraint definition rather than workload-aware or performance-ori-
ented schema design.

Some approaches attempt to bridge conceptual modeling and functional require-
ments in the context of graph databases. León et al. propose UML4LPG, a model-driven 
process to transform UML class diagrams into Labeled Property Graph schemas [11]. 
Grounded in MDA principles, the approach defines a set of transformation patterns 
that map UML constructs, such as classes, associations, compositions, and generaliza-
tions, into graph elements while preserving semantic equivalence. A key contribution 
of this work is the explicit consideration of analytical requirements: queries are identi-
fied upfront and used to classify UML elements according to their analytical relevance, 
which influences the selection of transformation patterns.

Shoval et al. [7] propose a two-stage approach for designing graph and document-
oriented databases starting from UML class diagrams. In the first stage, data-related 
requirements are captured using UML, after which the conceptual model is adjusted to 
simplify the mapping toward NoSQL structures. In the second stage, functional require-
ments are explicitly introduced through SQL-like queries, which are used to refine the 
schema with the objective of reducing query execution time. This work is notable for 
acknowledging the importance of workload queries in NoSQL schema design and for 
integrating them early in the modeling process. The approach does not define a clear 
set of graph-specific optimization rules, nor does it provide a systematic framework for 
translating recurring query patterns into structural design decisions.

To the best of our knowledge, existing approaches provide limited support for query-
driven design in which workloads are expressed using graph-oriented query languages 
and systematically exploited to guide schema construction. Moreover, important design 
aspects, such as indexing strategies and structural constraints, are often treated in isola-
tion or not explicitly integrated into a unified design process. In addition, most existing 
works do not rely on explicit metamodeling to ensure model conformity across design 
stages and to facilitate the automation and reuse of mapping rules.

To address these limitations, we propose GRAPHDESIGN, a query-driven and model-
driven process for graph database design. The approach introduces a Cypher-like query 
specification to capture access patterns in a form suitable for graph stores, relies on 
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explicit metamodels and well-defined mapping rules within an MDA framework to sup-
port automation, and provides a formal specification that strengthens the rigor and con-
sistency of the proposed methodology.

Proposed methodology
The first subsection presents the general elements of the proposed methodology for 
designing graph databases. The next subsections provide more detail on these ele-
ments. In addition, a dedicated subsection introduces a running example based on an 
e-commerce database, including its UML-based conceptual data model, which is used 
throughout the paper to illustrate the methodology.

General overview

Figure 1 describes GRAPHDESIGN, the proposal for graph database design. GRAPH-
DESIGN uses the MDA approach, which relies on metamodeling to define the compo-
nents and transitions between the different models.

At the conceptual level, the proposed approach starts with a UML class diagram that 
captures the data-related requirements of the application, including classes, attributes, 
and relationships. This initial model, referred to as the original class diagram, is then sys-
tematically adjusted to comply with graph-specific constraints, resulting in an adjusted 
class diagram that is readily transformable into the graph paradigm. Based on this 
adjusted model, a GLDM is generated, independently of any particular graph DBMS, 
and serves as a unified representation of data-related requirements.

However, designing efficient graph databases requires more than data modeling alone. 
In GRAPHDESIGN, functional requirements are explicitly captured through a query 
model, which reflects traversal patterns and access behaviors specific to graph databases. 
The query model is used to refine the initial GLDM and produce a query-driven GLDM, 
optimized for graph-oriented query execution. The GLDM thus acts as an intermedi-
ate layer between the conceptual and physical levels, embedding graph-specific seman-
tics while preserving portability across graph DBMS. Finally, the refined logical model 
is transformed into a physical schema targeting a selected graph database management 
system.

Overall, the GRAPHDESIGN methodology proceeds as follows:

 	• Conceptual modeling: data-related requirements are first captured using a UML 
class diagram representing the application domain.

 	• Graph Logical modeling: the class diagram is then adjusted to retain only graph-
compatible constructs, namely classes and binary or reflexive associations, yielding 

Fig. 1  Transformation process of GRAPHDESIGN approach
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an adjusted class diagram. Afterwards, the adjusted class diagram is transformed, via 
a model-to-model transformation, into a Graph Logical Data Model that encodes 
graph-specific concepts independently of any DBMS.

 	• Query-driven refinement: functional requirements are captured through a query 
model describing CRUD and traversal queries; these queries are used to refine the 
GLDM and generate a query-driven GLDM, optimized for graph query execution.

 	• Physical generation: finally, a model-to-text transformation produces the physical 
schema targeting the selected graph database management system.

Running example

To illustrate the methodology, this work relies on an example inspired by an e-commerce 
platform. Table 2 represents its data dictionary while Figure 2 presents a conceptual data 
model of this platform, which is used to exemplify the different design principles.

As shown in the model, the platform manages Product, Order, Client, Bank card, and 
Seller as principal classes. The model was drawn according to the following rules:

 	• Clients and orders: A Client can create an Order that contains one or more 
Products, each supplied by a specific Seller. Another Client may pay for an Order 
that was not created by them. Each Client is described by a login, password, phone 
number, and account creation date. In addition, every Client must provide a 
residential address for order delivery.

 	• Types of clients: A Client may be either a Person or a Company. A Person Client 
is defined by their first and last name, while a Company Client requires a company 
name and government identification code.

 	• Order context: Each Order is associated with the device used to place it. The system 
stores the device’s IP address, web browser, and operating system.

 	• Products and sellers: Multiple Sellers may provide the same Product. The system 
records the seller’s available stock and warranty duration in months. Each Seller also 
sets the unit price of their Products and may apply a discount rate.

 	• Product categories: Every Product belongs to a Category, defined by its name and 
value-added tax (VAT) rate.

This example gathers the different relevant concepts for graph-oriented data modeling, 
namely data and different types of relationships as well as various query patterns. We 
choose this example to demonstrate key graph database design principles in a clear and 
practical context.

This study case contains some traditional data access, but it also contains other queries 
suitable for graph context (e.g. customer behavior patterns). Nevertheless, the different 
principles remain transposable to other use cases whenever data modeling for a graph 
database is required.

Class diagram

As part of the UML standard, the class diagrams model the real world as a collection 
of classes and relationships. These diagrams are frequently used by developers and 
researchers for data modeling.
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Original class diagram

The first step is to create the class diagram, which should respect the specifications 
stated in the class diagram metamodel. Figure 3 is a metamodel for class diagrams, 
which are considered instances [26].

A class diagram is defined as a tuple: CD = (C, A, R) where: 

1.	 A is a finite set of attributes. Each attribute a ∈ A is defined by the triple 

a = (attribName, attribType, isUnique,

	  where attribName returns the attribute name, attribType denotes its data type, and 
isUnique ∈ {true, false} specifies whether the attribute is unique.

2.	 C is a finite set of classes. Each class c ∈ C is characterized by the following functions:

 	• a naming function: cname : C → String;
 	• a function associating each class with the set of its attributes: attrs : C → P(A).
 	• Inc(c) = { r ∈ R | c ∈ classes(r) } denotes the set of relationships incident to 

class c;

3.	 R is a finite set of relationships connecting classes.

 	• Each relationship r ∈ R connects a finite set of classes classes(r) ⊆ C .
 	• Each relationship is characterized by a naming function: rname : r → String;
 	• The set of relationships R is composed from associations, aggregations, 

compositions, and inheritance relationships denoted respectively Rassoc, Raggr, 
Rcomp, and Rinh.

4.	 The set of associations Rassoc is itself decomposed into reflexive, binary, and n-ary 
associations denoted respectively Rref

assoc, Rbin
assoc,and Rnary

assoc.

 	• Associations connect classes through association ends.

 	– An association end is defined as a triple e = (c, m, r) where c ∈ C 
is a participating class, m ∈ Mult is a multiplicity constraint, and 
r ∈ String ∪ {⊥} is an optional role name, with ⊥ denoting the absence of 
role information.

 	– Multiplicity constraints are expressed as intervals m..M, where m and M 
respectively denote the minimum and maximum number of participations of a 
class in a relationship, with M possibly unbounded.

 	– Each association r ∈ Rassoc is characterized by its name aname and its 
optional set of attributes attrs(r) ⊆ A.

 	– A binary association is denoted by ab = (aname, e1, e2, attrs, d) where:
aname is the identifier name of the association in the model;

 	– e1 and e2 are two association ends, each defined as a triple (c, m, r) specifying 
the participating class, its multiplicity, and its optional role;

 	– and attrs is the set of attributes specific to the association, if it carries 
information (⊥ for an empty set).
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 	– d is a direction indicator such that:
	 * d = 0 denotes a bidirectional association (default case),
	 * d = 1 denotes a directed association from extremity e1 to extremity e2,
	 * d = 2 denotes a directed association from extremity e2 to extremity e1.

 	– A n-ary association is denoted by an = (aname, efirst, esecond, Erest, attrs)
where aname is the name of the association,

 	– efirst and esecond are two distinct association ends serving as anchor points to 
identify the association,

 	– Erest is a non-empty set of additional association ends, such that the total 
number of ends is three or more,

Fig. 3  Class diagram metamodel

 

Fig. 2  UML class diagram for an e-commerce database
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 	– attrs is the set of attributes carried by the association.

 	– A reflexive association is denoted byar =(aname, c, 
(m1, m2), (r1, r2), attrs)where aname is the name of the association,

 	– c ∈ C is the class participating in the association with itself,
 	– m1 and m2 are the participation multiplicities associated with each of 

the two roles that an instance of class c may play in the relationship (e.g., 
superior/subordinate),

 	– r1 and r2 are the role names embodied in the relationship,
 	– and attrs is the set of attributes specific to the association.

5.  An inheritance relationship is represented as a quadruplet: 

inh = (super, Subs, isDisjoint, isComplete) ∈ Rinh,

 	– super ∈ C  denotes the superclass, and Subs ⊆ C is the set of its subclasses.
 	– The Boolean attributes isDisjoint and isComplete indicate whether the subclasses 

are mutually exclusive and whether the inheritance is complete.

6.	 A Composition relationship is defined as a quadruplet 

rcomp = (whole, part, mwhole, mpart) ∈ Rcomp,

 	– whole ∈ C  denotes the composite (whole) class and part ∈ C denotes the 
component (part) class.

 	– The multiplicity mpart specifies the number of instances of part that may be 
associated with a single instance of whole.

 	– The multiplicity mwhole is fixed to 1, expressing that each instance of part belongs 
to exactly one instance of whole.

7.	 An Aggregation relationship is defined as a quadruplet 

raggr = (parent, child, mparent, mchild) ∈ Raggr,

 	– parent ∈ C  denotes the aggregate (parent) class and child ∈ C  denotes the 
aggregated (child) class.

 	– The multiplicities mparent and mchild specify, respectively, the number of 
instances of parent that may be associated with an instance of child, and the 
number of instances of child that may be associated with an instance of parent. by 
default, the multiplicity mparent is assumed to be many (∗), unless explicitly stated 
otherwise.

Adjusted class diagram

The initial class diagram may contain elements that are incompatible with a GLDM, which 
consists solely of object classes (represented by node labels) and binary relationships (rep-
resented by relationship types). Thus, we adjust the inheritance, aggregation, composition 
relationships, and n-ary associations using a series of adjusting rules AR1-AR3. Specifi-
cally, AR1 adjusts aggregation and composition relationships, AR2 handles inheritance 
relationships, and AR3 transforms n-ary associations into equivalent binary associations.
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Figure 4 depicts the elements of the adjusted class diagram metamodel. An adjustment 
function Adjust : CD → ACD is defined to maps a class diagram CD = (C, A, R) to 
an adjusted class diagram ACD = (C∗, A∗, R∗),where C∗, A∗, and R∗ denote respec-
tively the sets of classes, attributes, and relationships obtained after adjustment.

The function Adjust is the composition of three adjustment functions, AR1, AR2, and 
AR3, formally expressed as Adjust(CD) = AR3(AR2(AR1(CD))). These adjustment 
rules are detailed in subsequent paragraphs.

Graph logical data metamodel

Figure 5 illustrates the graph logical metamodel, which is inspired by the Labeled Prop-
erty Graph model. This metamodel is created to define the components of a graph-ori-
ented database. We will employ the metamodel to ensure the computed logical model 
matches the graph context regardless of the used DBMS.

A graph logical data model is defined as a triple G = (NL, P, RT ), where:

 	– NL is a finite set of node labels, each label representing a node type in the graph and 
corresponding to a class in the adjusted class diagram.

 	– P is a finite set of properties, associated with node labels or relationship types, and 
representing the attributes of the original model.

 	– RT is a finite set of relationship types, connecting node labels, and representing 
associations of the adjusted class diagram.

Transition from conceptual level to logical level

It is performed using a set of rules, mainly based on the works of Shoval et al. [7] and 
De la Vega et al. [16]. These authors show how to use model-to-model transformations 
to convert a class diagram that represents a conceptual data model into a NoSQL logi-
cal model. The key idea behind these rules is to create a node label for each class as well 

Fig. 4  Adjusted class diagram metamodel
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as a relationship type to support a binary or reflexive association. This idea respects the 
standards and best practices widespread in graph-oriented DBMS. The following sub-
subsection describes the implementation strategy for this idea.

Class diagram adjusting

We adjust the class diagram to include only classes and non-n-ary associations and 
transform the other elements. The goal is to simplify the transition from the conceptual 
level to the logical graph model.

AR1: composition and aggregation
This rule rewrites aggregation and composition relationships into binary associations.

 	• Composition. For each composition rcomp = (whole, part, mpart) ∈ Rcomp, 
linking a whole class C1 to a part class C2 with multiplicity mpart on the C2 side, 
AR1 introduces a new binary association 

rnew = (“is_composed_of ′′, (C1, 1), (C2, mpart), ⊥, 1)

 The set of relationships is then updated as follows: 

R∗ ← (R∗ \ {rcomp}) ∪ {rnew}.

 	• Aggregation. For each aggregation raggr = (C1, C2, mparent, mchild) ∈ Raggr, 
linking a parent class C1 to a child class C2, AR1 introduces a new binary association 
rnew = (“has′′, (C1, mparent), (C2, mchild), ⊥, 1), where mparent denotes the C1 
multiplicity and mchild denotes the C2 multiplicity. The set of relationships is then 
updated as follows: 

R∗ ← (R∗ \ {raggr}) ∪ {rnew}.

Fig. 5  Graph logical data metamodel
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When several aggregation relationships exist, the corresponding binary associations are 
distinguished by indexing their names (e.g., has1, has2,...) in order to avoid naming con-
flicts. The same convention is applied to composition relationships.

In both cases, the whole–part and parent–child semantics are preserved, while being 
represented as binary associations compatible with the graph paradigm. Figure 6 illus-
trates these two transformation rules.

AR2: inheritance
Two strategies are offered to transform each inheritance relationship

inh = (super, Subs, isDisjoint, isComplete) ∈ Rinh,

where super ∈ C  denotes superclass and Subs ⊆ C  is a non-empty set of its subclasses.

 	• Strategy A: is applied if the disjointness and completeness constraints are satisfied in 
the relationship. If isDisjoint = true and isComplete = true, the superclass super 
is preserved and the subclasses are removed, after performing the following operations: 

1.	 Attribute merging into the superclass. All attributes of the subclasses are added to 
the superclass: 

attrs(super) ← attrs(super) ∪
∪

c∈Subs

attrs(c).

2.	 Addition of a discriminating attribute type. A new attribute atype of type string is 
created and added to the superclass: 

A∗ ← A∗ ∪ {atype}, attrs(super) ← attrs(super) ∪ {atype}.

 This attribute records, for each instance of super, the name of its original subclass.

3.	 Redirection of subclass associations to the superclass. For each subclass c ∈ Subs and 
for each relationship r ∈ Inc(c), a new relationship r′ is constructed by replacing 
every occurrence of c with super, while preserving the remaining elements (name, 
multiplicities, and attributes): 

R∗ ← (R∗ \
∪

c∈Subs

Inc(c)) ∪ {r′ | ∃c ∈ Subs, ∃r ∈ Inc(c), r′ = redirect(r, c, super)}.

Fig. 6  Adjustment rules for composition and aggregation
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 The redirection function is defined as: redirect : (r, c, s) ∈ R × C × C → r′ ∈ R. This 
function performs a structural rewriting of a relationship by replacing every occurrence 
of class c with class s. The resulting relationship r′ preserves the relationship name, roles, 
multiplicities, and associated attributes.

4.	 Removal of subclasses. Finally, the subclasses are removed from the set of classes: 

C∗ ← C∗ \ Subs.

 	• Strategy B: is applied otherwise. In this case, the superclass is removed and the 
subclasses are preserved, after performing the following operations: 

1.	 Duplication of superclass attributes into the subclasses. For each subclass c ∈ Subs, 
all attributes of the superclass are added to c: 

∀c ∈ Subs, attrs(c) ← attrs(c) ∪ attrs(super).

2.	 Duplication of superclass associations into the subclasses. For each relationship 
r ∈ Inc(super) and for each subclass c ∈ Subs, a new relationship rc is created 
by replacing every occurrence of super with c, while preserving the remaining 
elements: 

R∗ ← (R∗ \ Inc(super)) ∪ {rc | ∃c ∈ Subs, ∃r ∈ Inc(super), rc = redirect(r, super, c)}.

3.	 Removal of the superclass. Finally, the superclass is removed from the set of classes: 

C∗ ← C∗ \ {super}.

The different strategies are illustrated by Figure 7.
AR3: n-ary associations
Each n-ary association an = (aname, efirst, esecond, Erest, An) ∈ Rnary

assoc involving 
n ≥ 3 participating classes, is adjusted by applying the following series of operations: 

1.	 Creation of the pivot class. A new pivot class CA is created such that: 

C∗ ← C∗ ∪ {CA}, with cname(CA) = aname.

2.	 Transfer of association attributes to the pivot class. All attributes of the n-ary 
association are transferred to the pivot class: 

A∗ ← A∗ ∪ An, attrs(CA) ← An.

3.	 Creation of binary associations. For each participating class Ci in the n-ary 
association an, AR3 introduces a binary association ai linking the pivot class CA to 
Ci with multiplicities mA and mi, respectively. mi denote the multiplicity of Ci in 
the n-ary association, and mA be a multiplicity defined by the model designer. Each 
binary association ai can be named aname & cname(ci) where the character & is the 
concatenation operator.

4.	 Removal of the n-ary association. Finally, the n-ary association is removed from the set 
of relationships: 
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R∗ ← R∗ \ {an}.

The different rules are illustrated by Figure 8.
Running example application
Taking the e-commerce class diagram as an example, we apply the different rules:

 	• The original class diagram contains two aggregations and composition relationships 
that must be transformed into three binary associations. The associations resulting 
from this transformation are colored red (for aggregation) and purple (for 
composition) in the adjusted version of class diagram;

 	• Furthermore, the class diagram contains two inheritance relationships, and the 
rule requires their transformation using an appropriate strategy. Note that the 
inheritance-adjusting results are colored green (if strategy A is used) or orange (else);

 	• Finally, the ternary association "Contains" is transformed into a class with the same 
name in the class diagram, carrying exactly the attributes defined on the original 

Fig. 8  Transformation of N-ary associations

 

Fig. 7  Transformation of inheritance relationships
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association. This transformation is marked blue on the adjusted version of the 
diagram.

Figure 9 shows the adjustment of the original e-commerce class diagram.

Adjusted-CD to GLDM transformation

This transformation generates a graph logical data model from an adjusted class diagram 
ACD. The process produces a set of node labels and a set of relationship types according 
to the following principles:

 	• The GLDM model has the same name as the adjusted class diagram.
 	• A node label nl is created for each class c in the ACD. The attributes of c are 

transformed into properties of nl.
 	• Each association assoc in the ACD is transformed into a relationship type rt in 

the GLDM. If the association assoc carries attributes, these attributes become the 
properties of rt.

Formally, we define a transformation function AcdToGldm : ACD → GLDM  that
produces a graph logical data model GLDM = (NL, RT, P ) from an adjusted class
diagram ACD = (C∗, A∗, R∗). This transformation is done through the following 

steps. 

1.	 Construction of the node label set NL. Each class c ∈ C∗ is transformed into a node 
label nlc ∈ NL: 

NL = {nlc | c ∈ C∗}, label(nlc) = cname(c), properties(nlc) = attrs(c).

Fig. 9  Adjustment of the original e-commerce class diagram
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2.	 Construction of the relationship type set RT. The set of relationship types, including 
binary and reflexive ones, is defined as RT = RTbin ∪ RTref  where:

 	– For each binary association 
ab = (aname, e1, e2, attrs, dir) ∈ R∗ bin

assoc, a binary relationship type is 
defined as rt = mapBin(ab) ∈ RTbinmapBin(aname, e1, e2, attrs, dir) =; 
(aname, e′

1, e′
2, properties(rt), dir) 

 	– properties(rt) = {pa | a ∈ attrs} ⊆ P ;
 	– each extremity e′

i = (nlci
, mi, ri) is obtained by replacing class ci with its 

corresponding node label nlci .

 	– For each reflexive association ar = (aname, c, (m1, m2), (r1, r2)
, attrs) ∈ R∗ bin

assoc, a reflexive relationship type is defined as 
rt = mapRef(ar) ∈ RTref mapRef(aname, c, (m1, m2) 
, (r1, r2), attrs) =   (aname, nlc, (m1, m2),   (r1, r2), properties(rt))         

 	– properties(rt) =  {pa | a ∈ attrs} ⊆ P  
 	– nlc denotes the node label associated with class c.

  

3.	 Construction of the property set P. Each attribute a ∈ A∗ is transformed 
into a property. The set of properties of the GLDM is defined as P =

∪
nl∈NL 

properties(nl) ∪   
∪

rt∈RT properties(rt). 

Thus, all classes are transformed into node labels, all associations are transformed into 
relationship types, all attributes become properties, and the multiplicities are preserved. 
Figure 10 presents the GLDM associated with the running example.

Data- and query- related metamodel

Given the importance of queries in NoSQL database design, including graph-oriented 
ones, a query model enhances the first version of GLDM. A query model, which contains 
a list of access queries, aims to represent different functional requirements of an appli-
cation. We use the following queries for the running example to demonstrate how the 
methodology works:

Q1: Orders in which a client is involved in any role (making or payment).
Q2: Products of a seller, for which the warranty exceeds six months.
Q3: Company-type clients are making orders on a given date.
Q4: From a given order of a client, retrieve the next order.
Q5: Categories were purchased by a specific client.
Q6: List of disabled cards with the label "Master".
Q7: List of "Master" cards used on a given date, sorted by descending chronological 

order of payment time.
Q8: List of "Visa" cards from a given bank.
Q9: Clients of a given town.
Q10: The orders of a specific client, for which the shipping fees ranged from 100 to 

10,000 currency units, were placed on a specific date.
Q11: Pairs of clients sharing the same credit card.
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Q12: List of clients having paid orders from the same IP. The result must be sorted by 
IP address order.

Q13: The orders paid with cards owned by other clients.
Q14: Modify the VAT rate for a given category.
Q15: Change the status of a given banking card.
Q16: Change the warranty duration offered by a seller for a product.
Q17: Update a client’s phone number.
Q18: Delete a product from the catalog.
Q19: Remove orders placed prior to 2014.
Figure 11 depicts the Data- and Query- Related Metamodel (denoted DQR2M), 

which includes the graph logical data metamodel in addition to the query metamodel 
that defines the components of a graph query. Each query is written on a GLDM whose 
structure is known previously. Moreover, a query can modify the GLDM structure. 
To avoid the complexity of working on separate models, we place the data and query-
related requirements together. Accordingly, a DQR2M instance is a model that contains 
a GLDM model and a list of access queries.

The DQR2M supports various CRUD query types, but this paper only illustrates how 
to modify schemas based on read queries. We made this choice to avoid making the arti-
cle too lengthy, especially considering that read queries are the most commonly used 
and time-consuming in NoSQL database design [27].

Formally, the DQR2M metamodel is defined as the pair:

DQR2M = (GLD2M, Q2M),

where GLD2M denotes the metamodel of the graph logical data model, and Q2M 
denotes the query metamodel defining the structure of access queries.

A DQR2M model instance is defined as:

Fig. 10  Data-driven GLDM model
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DQRM = (G, Q),

where:

 	• G = (NL, RT, P ) is a graph logical data model conforming to GLD2M;
 	• Q = {q1, q2, . . . , qm} is a finite set of access queries expressed over G and 

conforming to the query metamodel Q2M.

The integration of query requirements into the data model leads to an optimized graph 
model, denoted GQ, defined as:

GQ = (NLQ, RTQ, PQ),

where NLQ, RTQ, and PQ respectively denote the sets of node labels, relationship types, 
and properties resulting from the integration of the query workload Q into the initial 
graph model G.

In DQR2M, an access query is formally defined as a tuple:

q = (M, WR, WT, R, ORD),

where:

 	• M ∈ GP  is the MATCH clause, specifying a graph pattern to be matched over the 
graph model;

 	• WR ∈ BoolExpr ∪ {⊥} represents the optional WHERE clause, used to filter 
matched data through boolean conditions;

 	• WT ∈ WithExpr ∪ {⊥} represents the optional WITH clause, enabling 
intermediate result chaining;

 	• R ⊆ P  denotes the set of properties returned by the query;
 	• ORD ∈ (P × {true, false})+ ∪ {⊥} represents the optional ORDER BY clause, 

where each pair (p, b) specifies a sorting property p and an ordering direction (true 
for ascending, false for descending).

Model specification language

We developed a textual syntax to create models that align with the specifications of the 
different metamodels. This subsection describes how to represent the "ecommerce" run-
ning example using specification language at the conceptual and logical levels.

Fig. 11  Data- and query-related metamodel
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Conceptual class diagram

Figure 12 explains how to express the different class diagram elements at a conceptual 
level, while Figure 13 illustrates this syntax using the e-commerce running example.

 	• Classes are declared using the class keyword, and their attributes are defined 
between braces, with optional uniqueness constraints.

 	• Inheritance relationships are explicitly specified using the inheritance construct, 
together with the semantic properties isDisjoint and isComplete.

 	• Associations are declared using the association keyword, with explicit 
multiplicities and optional role names; reflexive and n-ary associations are handled 
through dedicated syntactic forms.

 	• Aggregation and composition relationships are also explicitly declared, with their 
corresponding parent–child or whole–part semantics and multiplicity constraints. 
For composition, the multiplicity on the side of part class is the one required. The 
multiplicity on the side of the whole class is implicitly one.

Graph logical data model

The rules presented in Figure 14 specifies the GLDM, which contains node labels and 
relationship types. Figure 15 shows how the node labels Client, Address, Order, and the 
Referral, pays, and Provides relationship types are expressed in the syntax.

Although multiplicity constraints are not natively enforced by most graph database 
management systems, they can play a role at the conceptual and logical design levels. 

Fig. 12  Specification syntax for Class Diagram elements
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Consequently, multiplicities are handled at the application layer and can provide valu-
able insights to future graph engines or design tools to enhance execution planning and 
structural optimization.

Graph query specification

Queries are expressed using the CYPHER-based clauses [28]. Figure 16 shows how to 
write, at the logical level, the first five queries in the listing using the dedicated syntax. 
The rest of the query model is defined and is consultable in an external repository [29].

The QUERY keyword specifies a query, followed by a name that identifies its purpose. 
Next, we use the following clauses to provide the different elements of a query:

 	• MATCH. It specifies the patterns we will search for in the database. A pattern 
expresses a traversal path composed of nodes and/or relationships, and it is used to 
explore the graph in order to search for the data we are interested in.

 	• WITH. Sometimes it is not practical or possible to do everything in a single match. 
We can chain together several matches using the WITH clause, piping the results of 
the previous query part into the next.

 	• RETURN.The query retrieves a set of nodes, relationships, or properties from it. 
These data can come from the objects that are in MATCH or WITH clauses;

 	• WHERE. This clause allows a query to filter data that meets a condition;
 	• ORDERBY. It specifies the properties involved in sorting a query result. The sorting 

can be performed either in ascending or descending order. Sometimes the order can 
be based on multiple criteria (a.k.a., multi-criteria ordering).

In the following, the? character will be used to represent unknown information in a 
query, such node labels, relationship types, properties, or variables, or a parameter value 
for a parameterized query.

Fig. 13  Example of a class diagram specification
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Query-based structural optimizations of the GLDM

This subsection defines a list of rules based on the works of De la Vega et al. [16] and 
Shoval et al. [7] for optimizing the structure of a GLDM using a query model. These 
rules respect best practices and standards used by professional community.

Let a logical data model G = (NL, RT, P ) and a query model Q = {q1, q2, . . . , qm} 
defined over G. 

1.	 The following notations are used in the definition of the different query-based 
structural optimization rules.

 	– The cardinality of a set S is denoted by |S|.
 	– values(p) returns the set of possible values for a property p, or ∞ if this set is 

infinite;
 	– name(p) returns the identifier name of property p;
 	– e.p returns the property p of an element e, where e ∈ {NL, RT}.

Fig. 14  Syntax of GLDM model elements

 



Page 26 of 50Dourhri et al. Journal of Big Data          (2026) 13:114 

Fig. 16  Example of query model (Queries Q1 to Q5)

 

Fig. 15  Example of GLDM specification syntax
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 	– properties(e) returns the set of properties associated with an element e, where 
e ∈ {NL, RT};

 	– label(nl) returns the label of a node label nl;
 	– id(nl) returns the identifier o nl;
 	– rname(r) returns the type name of a relationship type r;
 	– For a relationship type rt ∈ RT , m and M respectively denote its minimum and 

maximum multiplicities.
 	– Let two node labels A, B ∈ NL. conn(A, B) returns the set of relationship types 

connecting A and B, independently of their possible orientation, and is defined 
as: conn(A, B) = { rt ∈ RT | ∃e1 = (A, m1, r1), e2 = (B, m2, r2) such that  
(rt = (rname, e1, e2, properties(rt))) ∨ (rt = (rname, e2, e1, properties(rt))) }.

 	– For a query q ∈ Q, we define the following auxiliary functions: ◦ wrProps(q) 
returns the set of properties involved in the WHERE clause of q; ◦ ordProps(q) 
returns the set of properties involved in the ORDER BY clause of q; ◦ M(q) returns 
the graph pattern specified in the MATCH clause of q;

2.	 Operations on Multiplicities We consider multiplicity bounds a, b ∈ N ∪ {?, ∗}, 
where ∗ denotes an unbounded multiplicity and? denotes an unknown multiplicity.

 	• Binary operations on two bounds a and b.

 	– Extended sum. The extended sum of two bounds a and b is defined as: 

a ⊕ b =

{
∗ if a = ∗ or b = ∗,
? if a =? or b =?,
a + b if a, b ∈ N.

 	– Extended product. It is defined for two bounds a and b as: 

a ⊗ b =




0 if a = 0 or b = 0,
∗ if a = ∗ or b = ∗,
? if a =? or b =?,
a × b if a, b ∈ N.

 	– Extended maximum. The extended maximum of two bounds a and b is 
defined as: 

emax(a, b) =

{ ∗ if a = ∗ or b = ∗,
? if a =? or b =?,
max(a, b) if a, b ∈ N.

 	• k-ary operations over a family (x1, . . . , xk). Let x1, . . . , xk ∈ N ∪ {?, ∗} be k 
multiplicity bounds.

 	– Extended sum. The extended sum over k bounds is defined as: 

k⊕
i=1

xi =

{ ∗ if ∃i : xi = ∗,
? if ∃i : xi =?,∑k

i=1 xi otherwise (all bounds are numeric).

 	– Extended product. The extended product over k bounds is defined as: 
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k⊗
i=1

xi =




0 if ∃i : xi = 0,
∗ if ∃i : xi = ∗,
? if ∃i : xi =?,∏k

i=1 xi otherwise (all bounds are numeric).

 	– Extended maximum. The extended maximum over k bounds is defined as: 

emaxk
i=1xi =

{ ∗ if ∃i : xi = ∗,
? if ∃i : xi =?,
max{x1, . . . , xk} otherwise (all bounds are numeric).

Adding generic relationship type

Rule1. In cases where a query involves any type of relationship between two node labels 
NL1 and NL2, a generic relationship type between NL1 and NL2 should be added to 
the Graph Logical Data Model (in addition to the existing relationship types). In such 
a scenario, incorporating a generic relationship type between NL1 and NL2 would 
enhance the efficiency of this query. This relationship type can be named "participates". 
Figure 17 demonstrates, using a schema, how to apply this rule to a GLDM.

Let Q be a query model defined over a graph logical model G = (NL, RT, P ).
The rule is formally defined as follows:

∀A, B ∈ NL × NL,(
|conn(A, B)| > 1 ∧ (∃q ∈ Q : isGeneric(A, B, q))

)
⇒ RT := RT ∪ {rtnew},

where rtnew = (“participates′′, (A, (m, M), ⊥), (B, (m′, M ′), ⊥), ⊥).
-Each relationship 

rti = (rnamei, (A, (mi, Mi), ri),  (B, (m′
i, M ′

i), r′
i), Ai) ∈ conn(A, B) 

contributes to the aggregated multiplicities defined as:

m := emax
rti∈conn(A,B)

mi, m′ := emax
rti∈conn(A,B)

m′
i,

M :=
⊕

rti∈conn(A,B)

Mi, M ′ :=
⊕

rti∈conn(A,B)

M ′
i .

-The boolean function isGeneric(A, B, q) tests whether the connection between A and B 
in query q is generic (i.e., non-typed). It is defined as:

isGeneric(A, B, q) ⇐⇒
(
|conn(A, B)| ≥ 2

)
∧

(
∃(x :A) − [z] − (y :B) ∈ match(q)

such that z is generic
)
.

NB: e is generic, which means that the query q does not specify a particular rela-
tionship type but considers all possible relationships between A and B (e.g., using the 
syntax-[]- or-[v:]->).

In the GLDM of the running example (see Figure 10), there are two relationship types 
between the node labels: client and order. We can have functional requirements that 
are interested in checking the existence of a relationship between the client and the 
order. See, for example, the query Q1 in Listing: “Return all orders in which a client was 
involved in any role’. Rule 1 stipulates adding a generic relationship type between client 
and order node labels. Figure 18 illustrates this rule using our running example.
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The generic relationship Participates is introduced to capture the fact that a client and 
an order may be connected through multiple relationship types appearing in the query 
workload, without explicitly specifying a particular one. On the Client side, two relation-
ship types connect Client to Order: MAKES with multiplicity [1..1] and PAYS with 
multiplicity [0..1]. According to the constraint rule, the lower bound is computed using 
the emax function, which selects the maximum of the lower bounds of the involved rela-
tionships, yielding emax(1, 0) = 1. The upper bound is computed using the extended 
sum of the upper bounds, yielding 1 + 1 = 2. Consequently, the multiplicity on the Cli-
ent side of Participates is [1..2]. On the Order side, both MAKES and PAYS allow an order 
to participate in an unbounded number of such relationships, with multiplicities [0..∗]. 
Applying emax yields a lower bound of 0, while extended sum preserves the unbounded 
upper bound, resulting in the multiplicity [0..∗].

Adding new node labels

Occasionally, we may add an intermediate node label instead of the relationship type. In 
the running example, the relationship type that links the product and seller node labels 
has two properties: the quantity in stock and the warranty. It may be difficult to pose 
queries involving these properties because the query processing time may be too long 
(since finding a specific warranty requires filtering on the product, finding the specific 
relationship (i.e., the edge) to the seller node, and then searching for the warranty). For 
example, the query Q2 in Listing: “return Products of a Seller, in which the warranty 
exceeds six months” requires the system to find the node of the given seller, then the 

Fig. 17  Rule for Adding Generic Relationship Types
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edge from the seller node to their product nodes, afterward filter by the warranty prop-
erty on the mentioned edge, and finally return the products that satisfy the condition.

Rule2: If there are queries that require filtering on a relationship attribute, the relation-
ship is probably a fact and thus should be transformed into a node, as presented in Figure 
19 and illustrated by the example of the Figure 20.

Rule 2 is formally defined as follows:

∃q ∈ Q, ∃rtk ∈ RT, rtk = (rtname, (A, (l1, u1), r1), (B, (l2, u2), r2), Pk),

such that: (rtname ∈ M(q)) ∧ (∃p ∈ Pk such that p ∈ WR(q)) =⇒

1.	 Creation of a new node label

 	• NL ← NL ∪ {nlnew},

 	• label(nlnew) ← name(p),
 	• properties(nlnew) ← {p},

properties(rtk) ← properties(rtk) \ {p}.2.	 Addition of two new relationship 
types:

 	• rt1 = (p.name[NONSPACE]&A.name, (nlnew, (?, ?), ⊥), (A, (l1, u1), ⊥), ⊥),
 	• rt2 = (p.name[NONSPACE]&B.name, (nlnew, (?, ?), ⊥), (B, (l2, u2), ⊥), ⊥),
 	• RT ← RT ∪ {rt1} ∪ {rt2}.

A similar situation occurs when a filter is applied to a property that has a limited number 
of values, such as the type of client (namely, a company or person). According to best 

Fig. 18  Example of adding a generic relationship
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practices, if a query includes such a filter, it may be more efficient to define this property 
as a node label rather than to query and filter on the property value.

Rule3: If there are queries that require filtering on a limited set of property values, this 
property should be transformed into a node label. The label of the added node will be 
the property’s name, while its instances will be its possible values. Figure 21 clearly illus-
trates this rule. As an example, for the query Q3 in Listing: “Company-type clients mak-
ing orders on a given date”, a new node labeled "typeOfClient" would be created in the 
GLDM (see Figure 22).

Rule 3 can be formally defined as follows (x is a parameter provided by the designer):

∃q ∈ Q, ∃nlk ∈ NL, nlk = (labelk, Pk), such that:
(nlk ∈ M(q)) ∧

(
∃p ∈ Pk such that p ∈ W (q) ∧ |vals(p)| < x

)
=⇒

1.	 Creation of a new node label:

 	• NL ← NL ∪ {nlnew},

 	• label(nlnew) ← name(p),
 	• properties(nlnew) ← {p},

Fig. 19  Rule for adding new node labels using Rule 2
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properties(nlk) ← properties(nlk) \ {p}.2.	 Addition of a new relationship 
type:

 	• rtnew = ( name(p)&"of"&nlk), (nlnew, (1, 1), ⊥), (nlk, (?, ?), ⊥), ⊥ )
 	• RT ← RT ∪ {rtnew}.

Adding sequence relationship types

In the process of modeling, we often tend to ignore sequences. For example, the study 
case contains information about the client’s orders: The model ignores the fact that a cli-
ent’s orders follow a sequence. Such a sequence may be referenced in queries. For exam-
ple: “From a given order of a client, retrieve the next order”. In this scenario, we establish 
a ”next” unary edge within the Order node label.

Rule4: An edge should link instances of a node that are considered a sequence, creat-
ing a linked list. The direction of the link will depend on the queries (forward, backward, 
or bi-directional). By default, the schema will only add a forward edge if no such query 
exists.

For example, the query Q4 in the listing will return the next order of a given order for 
a given client. Figure 23 illustrates how to add a next or previous relationship next to the 
GLDM, while Figure 24 shows a use case for such rules.

Formally: ∃q ∈ Q, ∃(x1 :NL1), (x2 :NL2) ∈ M(q), ∃(x′
1 :NL1), (x′

2 :NL2) ∈ WT (q)

such that:|conn(NL1, NL2)| > 0 ∧ (id(x1) = P1 ∈ WR(q)) ∧ (id(x2) = P2 ∈ WR(q))
∧ (x1.id = x′

1.id ∈ WR(q)) ∧ (x′
2.p = x2.p + 1 ∈ WR(q))

=⇒
RT ← RT ∪ {rtnew},

Fig. 20  Example of adding new node labels using Rule 2
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where the new relationship type is defined as:

rtnew = (“next′′, (NL1, (0, 1), ⊥), (NL2, (0, 1), ⊥), 2).

The above rule is defined for successor-based conditions, leading to the creation of the 
relationship type “next”. Symmetrically, when the query condition involves a predeces-
sor relation, i.e., x2.p = x′

2.p − 1, the same rule applies and produces a relationship type 
named “previous” whose direction is 2 (from NL1 to NL2)

Adding implicit relationship types

Sometimes queries may discover implicit relationships between node labels that are not 
present in the model. For example, we could store the product categories that a client 
has purchased. For example, the query Q5:

Fig. 21  Adding new node labels using Rule 3
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Fig. 23  Adding the sequence relationship type

 

Fig. 22  Example of adding new node labels using Rule 3
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Match (c:Client)-[m:makes]-(o:Order)-[x:?]-(ctn:Contains)-[y:?]-(p:Product)-
[z:?]-(ctg:category) Where c.login=? Return ctg.name

retrieves the product category names purchased by a client, knowing its login. The 
model does not explicitly explain this knowledge; it is implicit. In such a case, an explicit 
relationship type should be defined between the relevant node labels (namely, client and 
category node labels).

Rule5: Paths in the queries with implicit meaning should be changed to explicit rela-
tionship types (see Figure 25). This rule will add a new relationship type in the GLDM 
named CategoriesPurchasedByClient between client and category node labels, as shown 
in Figure 26.

Finally, the application of the different rules (from 1 to 5) will produce the query-
driven GLDM in Figure 27.

Let E = Nodelabs(M(q)) denotes the ordered sequence of node labels involved in the 
graph pattern of query q and n = |E|. This rule is Formally defined as follows:

∃q ∈ Q, |E| > 2, conn(x, y) = ∅, id(x) ∈ WR(q),
where x = E[1] and y = E[n]
=⇒

RT ← RT ∪ {rtnew}.

where rtnew = (rtname, (x, (l1, u1), ⊥), (y, (l2, u2), ⊥), 2),
rtname = name(q), and rtnew is directed from x to y (i.e., direction = 2).

The multiplicities are obtained using the extended product along the path between x and 
y:

l1 =
n⊗

i=1

l1i, l2 =
n⊗

i=1

l2i, u1 =
n⊗

i=1

u1i, u2 =
n⊗

i=1

u2i,

Fig. 24  Example of adding sequence relationship type
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where (l1i, u1i) and (l2i, u2i) are the multiplicity bounds associated with the related 
extremities of each intermediate relationship along the path between x and y.

For the new relationship type CategoriesPurchasedByClient, the multiplici-
ties on both extremities are derived by applying the extended product along the 
query path between Client and Category. On the Client side, the path 
involves the relationships MAKES, CONTAINS_Order, CONTAINS_Product, and 
is_composed_of.

The lower bounds associated with these relationships include at least one 0, which, 
according to the definition of the extended product, yields a lower bound of 0. For 
the upper bounds, at least one intermediate relationship admits an unbounded 
maximum (∗), and the extended product therefore propagates this unboundedness, 
resulting in an upper bound of ∗. Consequently, the multiplicity on the Client side 
is [0..∗].

Similarly, on the Category side, the extended product is applied to the multiplic-
ity bounds of the same sequence of intermediate relationships, leading again to a lower 
bound of 0 and an unbounded upper bound ∗. As a result, the implicit relationship Cate-
goriesPurchasedByClient is assigned the multiplicity [0..∗] on both extremities, faithfully 
reflecting the semantics of the original query path.

Fig. 25  Adding the implicit relationship type
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Indexing the filtering or sorting properties

Indexes help optimize the process of finding specific nodes. So, without indexing, when 
querying a graph, the traversal process searches for nodes and relationships that meet 
our needs. By following relationships that match a specific graph pattern, we encoun-
ter elements that contribute to a query’s result. However, in some situations, it is nec-
essary to target specific nodes directly rather than discover them over the course of a 
traversal. Identifying the starting nodes for a traversal, for example, requires us to find 
one or more specific nodes based on some combination of labels and property values. To 
support efficient node lookup, graph-oriented DBMS allows for the creation of indexes 
per label and property. Similar to indexing node properties and labels, when queries 
involve traversing relationships and the database needs to quickly locate relationships of 
a specific type between nodes, it is important to index the relationship types to support 
efficient querying. In this work, property indexing is the only type studied. The proper-
ties involved in the WHERE clauses of the query model are the most indexed. Addition-
ally, it would be useful to index the properties that contribute to the sorting criteria. 
Indexing can contain one or many properties. Therefore, index statements will enrich 

Fig. 26  Example of applying the implicit relationship types rule
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the GLDM. The statement idxindex_name{p1, p2, ...., pk} is an index statement named 
index_name having the properties p1, p2, ...., pk on which the index is composed. Some, 
but not all, graph databases implicitly index their properties with unique constraints; if a 
unique-type property required indexing, the statement would explicitly write it.

To add the indexing feature to the GLDM, we will use the query listing from the run-
ning example in the following. Table 3 provides instructions on how to add indexes to 
the final GLDM. Figure 28 displays the outcome of these rules.

In our methodology, we chose not to introduce a dedicated subsection for the physical 
level, since the only physical concern explicitly addressed is indexing. Although indexing 
is a physical mechanism, this concept alone does not constitute a sufficiently broad axis 
to justify a separate part. Therefore, we incorporated it into the logical level, and this 
integration is consistent with the fact that most, if not all, graph DBMS natively support 
indexing mechanisms.

Results and discussion
In this section, we showcase the significance of the methodology for graph-oriented 
database design, as outlined in Section "Result and discussion". We assess the solution’s 
efficiency based on the time complexity of the various queries, and then we present their 
execution duration in a real hardware setup.

Query-based design and execution time

We will develop the implications of the various rules to demonstrate their importance in 
accelerating access queries.

Rule1:adding generic relationship types
Let X and Y be two node labels of sizes n and m, respectively.
Let RT={RT1, RT2, ...RTk} be the set of relationship types between X and Y.
Let Q be a query that retrieves the nodes of X connected to nodes of Y with any rela-

tionship type RT1, RT2, ...., orRTk.

Fig. 27  GLDM after applying Rules 1–5
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Using a data-driven design, the query Q has a statement of the following form:
MATCH (x:X)-[:?]-(y:Y) WHERE C RETURN R
Evaluating Q is the same as evaluating the following query:
MATCH (x:X)-[:RT1]-(y:Y) WHERE C RETURN R
UNION
MATCH (x:X)-[:RT2]-(y:Y) WHERE C RETURN R
UNION
....
UNION
MATCH (x:X)-[:RTk]-(y:Y) WHERE C RETURN R
If the query starts from X nodes to Y nodes, it first matches Y nodes connected to X 

nodes using relationship type RT1, then matches Y nodes connected to X nodes using 
relationship type RT2,..., and finally matches Y nodes connected to X nodes using rela-
tionship type RTk. In the end, the DBMS combines the results using the UNION opera-
tor in order to retrieve the X nodes connected to the Y nodes, regardless of the type of 
relationship.

If the GLDM were created using a query-driven design, a relationship type named Par-
ticipates would be previously defined between X and Y nodes. Therefore, we will express 
query Q using the following statement:

MATCH (x:X)-[:Participates]-(y:Y) WHERE C RETURN R
The participates relationship might reduce the number of pattern matches required, 

potentially improving query performance. However, storing an additional relation-
ship type (participates) adds some space complexity. Each relationship requires storage 
space for the relationship ID, type, and pointers to the connected nodes. This cost is 
usually minimal compared to the benefits of querying simplicity and query complexity 
reduction.

Rules 2–3:adding new node labels
This rule is called if a filter is applied to a property of a relationship type or to a node 

property with a limited set of values.
Transforming relationship properties into node labels can provide several benefits, 

particularly when it comes to filtering and querying those properties. Most graph-ori-
ented DBMS support indexing on node properties but not on relationship properties. 
By transforming relationship properties into node properties, database stakeholders 
can create indexes on these new nodes, which significantly speeds up queries that filter 
based on these properties. In terms of path traversal efficiency, filtering on node proper-
ties can be more efficient than filtering on relationship properties, as many graph tra-
versal algorithms are optimized for node properties.

Node labels represent node property values, making queries more straightforward and 
efficient. Instead of filtering nodes based on a property, the query can directly access the 
relevant nodes, avoiding the filtering costs. Thus, this rule leads to a more efficient query 
execution plan with reduced time complexity, especially for large datasets.

Rule4:adding sequence relationships By creating a sequence relationship between 
nodes, queries that need to retrieve the previous or next node can do so in constant 
time, O(1), by following the edge directly. This avoids the need to scan through all nodes 
to find the previous or next one. Thus, the database can directly traverse the "next" 
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relationship without additional filtering or searching. Regardless of the size of the data-
set, we can retrieve the next or previous item in a sequence.

Rule5:adding implicit relationships By adding explicit relationships, queries can 
directly traverse these relationships without needing to navigate through multiple 
intermediary nodes. This reduces the length of the traversal path and improves query 
response time. Therefore, direct relationships allow queries to access connected nodes in 
constant time, O(1), as opposed to O(n), or worse, which would be necessary if multiple 
jumps were required to compute the relationship.

Implementation

We have implemented a prototype to operationalize our pipeline from class diagrams to 
adjusted class diagrams and then to graph logical data models. The whole artefact set is 
published in a GitHub repository under a free license [30]. The repository contains the 
metamodels in both Ecore and Xcore: (i) the class diagram metamodel, (ii) the adjusted 
class diagram metamodel, and (iii) the graph logical data metamodel GLD2M. Along-
side these, we also include the query metamodel (part of our DQR2M), plus instances of 
these metamodels used as running examples and for tests.

The transformation process combines M2M and M2T specifications. For M2M, we use 
ATL where mappings are structural and rule-driven: (i) class diagram → adjusted class 
diagram and (ii) adjusted class diagram → GLDM. When workload information must be 
analyzed globally–i.e., to derive a query-driven GLDM from the pair (GLDM, queries)–
we employ Xtend, which offers imperative control, rich collections, and multi-pass anal-
ysis. This choice is appropriate when decisions depend on observing all elements rather 
than transforming elements one by one. For M2T, we rely on Xtend template strings to 
generate deployable artifacts (e.g., Neo4j Cypher for schema constraints, validation que-
ries, and load scripts) query-driven GLD2M instances.

Fig. 28  GLDM after indexing
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To make the approach usable, we provide a textual DSL built with Xtext for editing 
models and queries. The Xtext editor offers syntax highlighting, validation (aligned with 
the Ecore/Xcore metamodels), and quick fixes: editing a DSL file produces its instance 
model and can trigger the ATL/Xtend transformations and code generation. Finally, an 
examples/project bundle includes samples: DSL sources, their serialized EMF models, 
the intermediate adjusted/graph models, and the generated Cypher–so the entire pro-
cess can be reproduced.

Experimental results

To quantify the impact of the different rules as well as the benefits of property indexing, 
we estimate the execution durations for different queries based on various scenarios. We 
experimentally verified the results using a workstation with Intel Xeon(R) Silver 4214R 
CPU @ 2.40GHz, 12 cores, 24 logical processors, and 128 GB of RAM running Windows 
11. The system only runs system programs, the Python IDE, and the Neo4j DBMS (Edi-
tion Enterprise) [31] during the experimentation. We developed a Python program to 
randomly generate and insert data into five distinct graph databases derived from the 
same e-commerce running example, each serving a different modeling objective. The 
program is accessible in an external repository [29]. Two databases are named Base-
LineDB and GraphDesignDB which are related to the baseline and the indexed query-
driven GLDM of our article. Three other databases called 4VDesignDB, Uml2LpgDB, 
and extendedGdbsDB related to databases designed using selected approaches [7, 10, 
11].

 	• BaseLineDB. It represents the baseline graph model and weighs approximately 
1.74 GB. This value serves as a reference for assessing the additional storage costs 
introduced by more advanced design strategies. This database is a realization of 
the data-driven GLDM presented in Figure 10. Their nodes and edges respect the 
structure of this model.

 	• 4VDesignDB. The schema of this database slightly increases the storage size to 
1.76 GB. This overhead is mainly due to the explicit modeling of type hierarchies 
through additional nodes and relationships. In particular, subclasses of the Client 
class (e.g., company vs. individual) and subclasses of bank cards (credit vs. debit) 
are materialized as separate nodes, with dedicated edges linking each instance to its 
corresponding type node.

 	• Uml2LpgDB. The UML2LPG design further increases the database size to 1.91 
GB. This additional cost is explained by the introduction of structural relationships 
aimed at supporting specific access patterns. In particular, consecutive orders of a 
client are explicitly linked using a sequencing relationship, and implicit relationships 
between clients and the product categories they purchased are made explicit through 
additional edges.

 	• extendedGDB. The Extended GDBS schema reaches 2.07 GB, reflecting the 
cumulative effect of multiple structural optimization rules introduced to accelerate 
query processing. These optimizations include additional relationships and reified 
structures that reduce traversal depth and filtering cost for some queries.

 	• GraphDesignDB. GRAPH-DESIGN exhibits the largest storage footprint, with a 
total size of 2.81 GB. This increase is primarily due to the combined effect of query-
driven structural optimizations and systematic index creation on frequently accessed 
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properties (Figure 28). The additional nodes, relationships, and index structures 
significantly enlarge the physical storage size; however, this overhead is intentionally 
accepted as a trade-off to achieve substantial reductions in query execution time, 
especially for queries executed repeatedly at scale.

These databases are composed of 1000 000 clients, 2000 000 orders, 700 000 addresses, 
100 000 product lines (i.e., contains nodes), 10 000 products, 5 000 sellers, 1500 000 
payments, 600 000 bank cards, and 3000 000 remote accesses. The queries Q1, Q2, Q3, 
Q4, and Q5 took different execution times to run in this setup (Table 4). In total, the 
ecommerce databases designed independently of query workloads manage more than 
9 million nodes and some millions of edges. The remaining databases hold additional 
nodes and relationships due to the various rules introduced to refine the schema.

All databases are stored on disk, as Neo4j uses persistent storage to maintain the graph 
structure, node and relationship records, property values, and index trees. The observed 
size increases are therefore attributed to the added cost of indexing structures and the 
additional elements introduced by the query-driven schema design.

Let us now analyze the observed results, query by query.

 	• Query Q1: This query requires retrieving all orders in which a client is involved, 
regardless of the role.

1.	 In the baseline schema the client-order relationship is split across multiple 
relationship types (e.g., MAKES, PAYS); the query engine must traverse all outgoing 
and incoming relationships from the Client node; no structural shortcut exists to 
aggregate client participation. As a result, the query explores a large neighborhood 
of the client node, leading to the highest execution time (32.56 s). This value serves 
as the reference.

2.	 4VDesign introduces additional typing nodes (e.g., client subtypes, card subtypes), 
but does not modify the way orders are connected to clients. For Q1, the traversal 
pattern is identical to Baseline; the engine still explores the same client-order 
relationships; the extra nodes slightly increase graph density. Consequently, no 
performance improvement is observed, and there is even a negligible overhead due 
to the richer structure (32.68 s, +0.37%).

3.	 UML2LPG introduces sequencing links between orders and explicit relationships 
between clients and categories. However, none of these optimizations are relevant 
to Q1. The client–order access pattern remains unchanged, while the total number 
of edges in the graph increases. Result: same execution pattern as the baseline, with 
a minor overhead due to additional relationships (32.75 s, +0.58%).

4.	 Extended GDBS applies structural optimization rules that reduce traversal depth, 
simplify access paths, and aggregate frequently accessed semantics. For Q1, the 
schema introduces a more direct representation of client participation in orders. 
This significantly reduces the number of traversed relationships and the size of 
intermediate result sets. Result: execution time divided by more than 4, yielding a 
–76.6% reduction.

5.	 GraphDesign explicitly models client participation in orders using a query-driven 
relationship (e.g., Participates). Q1 is reduced to a single–hop traversal from Client 
to Order, without distinguishing roles at query time. This avoids scanning multiple 
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relationship types and merging partial result sets. Result: best performance, with a 
–77.33% reduction compared to the baseline.

 	• Query Q2: It retrieves the products of a given seller for which the warranty 
period exceeds six months.

1.	 In BaseLine, the PROVIDES relationship directly connects Seller and Product, and 
warranty is a property on this relationship. The engine uses seller_gov_id to find 
the seller, then traverses all PROVIDES relationships from this seller. Therefore, 
it filters them with the predicate warranty>6, and finally, it returns the connected 
Product nodes. This gives the reference cost: scanning all outgoing PROVIDES 
edges of one seller and filtering on a relationship property.

2.	 4VDesign enriches the schema with typing nodes for clients and bank cards but 
does not change the Seller-PROVIDES-Product pattern or where the warranty is 
stored. For Q2, the pattern is structurally identical to the baseline, and traversal 
is the same: Seller –[:PROVIDES]–> Product, filter on warranty. The extra typing 
nodes increase the overall graph density slightly without helping this specific query. 
This explains no improvement and a very small overhead (+1.15%).

3.	 In Uml2LPG, the seller-product association is reified as a PROVIDES node: sellers 
are linked to PROVIDES nodes via SellerToProvides, and these nodes are in 
turn linked to products via ProductToProvides. Attributes such as warranty 
and stock quantity are stored on the PROVIDES nodes themselves. Although 
this introduces an additional hop, it centralizes contract information in a single, 
homogeneous node label and enables early filtering on PROVIDES.warranty. 
This more regular structure explains the moderate improvement observed for Q2 
(0.79s, −9.20%).

4.	 Extended GDBS further refines the schema with structural optimization rules that 
reduce the number of candidate relationships and intermediate results. The query 
planner would explore a smaller and more relevant subgraph, yielding an execution 
time of 0.75s (+13.79%).

5.	 GRAPH-DESIGN combines query-driven refinements with dedicated indexes 
on seller identifiers and warranty values, which allows the engine to discard non-
qualifying data very early and attain the best performance for Q2 (0.72s, −17.24%).

 	• Query Q3: This query filters clients by type (Company), then retrieves all orders 
made by those clients.

1.	 In the Baseline schema, client type is stored as a simple property. Filtering on this 
property requires scanning a very large number of client nodes, then expanding 
MAKES relationships to order. With 1 000 000 clients and 2 000 000 orders, this 
leads to a massive candidate set, very large intermediate results, and therefore the 
worst execution time.

2.	 In 4VDesign, client typing is explicitly modeled. Client nodes are linked to either 
Company nodes or Person nodes via the relationships IS_A_Client_
Company and IS_A_Client_Person. As a result, Query Q3 is transformed 
from filtering all clients by a property to traversing only clients connected to 
Company nodes. This reduces the number of candidate clients before expanding 
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MAKES relationships. Consequently, orders of company clients are isolated early, 
and the execution time drops to 34.26  s, corresponding to an 83.43% reduction 
compared to the baseline.

3.	 Extended GDBS adopts a similar approach for client typing, yielding comparable 
performance (35.01s, 83.07% reduction).

4.	 Uml2LPG applies several structural optimization rules, but because the client 
type is not modeled as a separate node, the set of candidate nodes remains larger, 
resulting in an execution time of 52.44s (a reduction of 74.64%).

5.	 In GRAPH-DESIGN, the schema explicitly models client types as dedicated Type 
nodes. As a result, Query Q3 is evaluated by starting directly from the Company 
type node and traversing only the clients that belong to this category before 
expanding the MAKES relationships toward orders. Combined with dedicated 
indexes on frequently accessed properties, this highly selective traversal led to the 
best performance for Query Q3, with an execution time of 21.76s, corresponding 
to an 89.48% reduction.

 	• Query Q4: This query retrieves the next order of a given client based on order 
sequencing.

1.	 In the BaseLine schema, order succession is not explicitly modeled, and sequence 
information is stored only as an attribute. As a result, the query must retrieve 
all orders of the client and evaluate the predicate o2.sequenceNumber = 

o1.sequenceNumber + 1 at runtime, leading to very large intermediate result 
sets and a high execution time (254.31s).

2.	 4VDesign does not introduce any structural refinement for order sequencing 
and therefore exhibits a similar access pattern, with even a slight overhead due to 
additional typing nodes (262.77s).

3.	 UML2LPG, Extended GDBS, and GRAPH-DESIGN all materialize order succession 
explicitly, thus avoiding property-based comparison on sequenceNumber. This 
structural choice yields an important reduction in execution time compared to the 
baseline and 4VDesign schemas. GRAPH-DESIGN goes further by introducing 
dedicated indexes (e.g., on Client.login, Order.sequenceNumber), and this explains 
why the execution time is lower in GRAPH-DESIGN.

 	• Query Q5: Categories purchased by a client

1.	 In baseline, Q5 requires traversing a long path: Client → Order → CONTAINS 

→ Product → Category. The query explores a large number of orders, 
multiplies intermediate results at each hop, and produces extremely large traversal 
spaces. Result: very high execution time, the worst of all queries.

2.	 4VDesign introduces typing nodes but does not modify the purchase-category 
access path. The traversal pattern for Q5 is identical to Baseline. This is why we 
have the same execution time as Baseline, confirming that typing alone does not 
help deep traversals.

3.	 UML2LPG explicitly introduces a direct relationship between clients and 
categories, materializing the implicit semantics “categories purchased by a client”. 
Q5 is therefore transformed from a four-hop traversal into a short, direct path. 
UML2LPG introduces only order sequencing and this explicit client-category 
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relationship. So, the graph remains relatively less dense than in Extended GDBS 
and GraphDesign. As a consequence, traversal depth is significantly reduced (7.66 
s, −99.60%).

4.	 Extended GDBS also introduces an explicit relationship between clients and 
categories, allowing Q5 to avoid deep traversal. However, Extended GDBS 
additionally introduces other structural relationships (e.g., sequencing, generic 
edges) to support a broader set of query patterns. This makes the graph richer but 
also denser, which slightly increases traversal overhead. As a result, the execution 
time remains extremely low (8.01 s), but marginally slower than UML2LPG due to 
higher graph density.

5.	 GraphDesign relies on the same structural principle, namely the explicit 
materialization of the client-category relationship, but lookup is faster and more 
selective due to dedicated indexes. As a result, we obtain the best observed 
execution time (7.20 s, i.e., a 99.63% reduction compared to the baseline).

The proposed design methodology focuses on optimizing query execution time by 
increasing the number of edges in the database while minimally affecting the number of 
nodes. With the proposed approach, the database now has 6.5 million edges (about 50% 
more edges), reflecting a significant rise in space complexity, while the number of nodes 
increases slightly (in total the indexed query-driven database required 63% more space 
in comparison with the basic version). This trade-off enables important improvements 
in query performance, as the additional edges effectively reduce the computational 
overhead of traversing the graph. As a result, the method demonstrates a good balance 
between space complexity and execution time, cutting execution time by more than 73% 
compared to the basic version and achieving a noticeable performance boost for query-
intensive workloads.

Managerial implications

The findings of this study have significant managerial consequences for organizations 
seeking to optimize their database infrastructure. The results of the analysis propose 
several managerial recommendations that are discussed as follows:

 	• By structuring graph databases based on a query-driven model, managers can 
enhance data storage and retrieval efficiency, leading to improved performance in 
handling complex relationships.

 	• The methodology facilitates informed decision-making regarding IT investments, 
particularly in determining when and how to transition from relational to graph-
based storage systems.

 	• The ability to execute real-time queries makes this approach highly valuable for 
industries such as e-commerce, finance, and cybersecurity, where fraud detection 
and customer behavior analysis are critical.

 	• By leveraging MDA, businesses can automate key aspects of the database design 
process, reducing manual effort and lowering development costs.

These benefits collectively contribute to the scalability, adaptability, and cost-effective-
ness of graph database implementations in various business domains.
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Conclusions
This work addressed GRAPHDESIGN, a robust graph data modeling methodology. We 
have presented the principles of graph database modeling for Neo4j and have defined 
transformation rules to move from the conceptual level to the logical and physical levels.

The present article has significant repercussions for researchers and practitioners. The 
literature review demonstrates that the design of the NoSQL database can be benefi-
cial for understanding their data storage as well as standardizing their access. The use 
of MDA in conjunction with query-driven design rules brings several advantages. The 
MDA simplifies the modeling process’s automation, whereas the query model’s support 
is compatible with the best practices in graph-oriented database design. Moreover, the 
proposal reveals a collection of models at several levels. The goal would be to enrich, if 
necessary, the process, particularly at the logical and physical levels.

Despite its advantages and contributions, this work also has some limitations: 

1.	 Firstly, the paper introduces metamodels that support different types of queries. 
However, the illustration and application only encompassed some read queries, which 
hold significant importance in a NoSQL context because of their execution times. As 
a perspective, we intend to extend our study to detail the different types of queries, 
including aggregation read and short path queries.

2.	 On another side, while indexing can significantly speed up query execution, especially 
for frequently used properties in WHERE and ORDER BY clauses, it is not always 
the best solution in every case. Every addition, modification, or deletion of data 
necessitates the updating of indexes, thereby impacting write operations. Moreover, 
all experiments were conducted using a single graph database management system 
and the evaluation relies on a mid-sized dataset. While this scale is sufficient to 
highlight the structural impact of schema design choices, it does not capture the full 
complexity of very large-scale industrial deployments. Write performance, update-
intensive workloads, and distributed deployments are therefore left for future work.

3.	 When different queries require incompatible schema optimizations, the proposed 
methodology does not attempt to enforce all refinements simultaneously; instead, the 
selection of optimizations is currently performed manually, based on their expected 
global benefit and the importance of the targeted queries. To scale the approach to 
larger workloads, queries are intended to be grouped according to similar access 
patterns so that optimizations can be applied at the level of query clusters rather 
than individually; in a future work, we plan to formalize and partially automate these 
decision and clustering processes.

4.	 In addition, due to the increasingly importance role of constraints in graph-family 
DBMS, we plan to take into account the integrity constraints in a later academic work, 
which will contribute to the data integrity in complementarity with the design.

5.	 Finally, node multi-labeling can occur in some use cases; this is why this aspect also 
needs a particular interest, and thus it is therefore left for subsequent investigation.
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