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Abstract

NoSQL data stores have introduced a new way of designing database systems to meet the recent
needs of applications and services operating in areas such as the World Wide Web, Big Data, and
Data Analytics. They offer a means to store and access high volumes of partially structured data
by enhancing the flexibility of the data model and integrating distributed architecture at their core,
thus providing better properties of high data availability and low data latency.

This paper reviews the various design approaches of NoSQL data stores, providing up-to-date
information on their data models, request processing, scalability, storage management, data dis-
tribution modes, and use cases. It also addresses multi-model and cloud-oriented NoSQL stores
and offer a comprehensive description of a wide range of NoSQL stores with the use of a rich
taxonomy.
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I INTRODUCTION

The advent of web and Big Data-oriented services has drastically increased the amount of data
and, consequently, the processing loads on database systems. Due to this situation, relational
database systems, initially designed for business-oriented applications but later popularized for
other use cases, have progressively shown some limitations. These limitations stem from the
inherent architecture and data model of relational databases. In response, NoSQL data stores
have emerged, offering alternative data models and architectures to address these issues.

This work aims to provide a comprehensive overview of NoSQL databases, highlighting key
properties that characterize them and demonstrating how these characteristics enhance their ef-
ficiency. To achieve this, our study is divided into several parts: First, we present a brief history
of database systems up to the present day. Second, we discuss the characteristics of relational
database systems as predecessors of NoSQL databases and outline the limitations they face.
Third, we introduce the key characteristics and properties of NoSQL stores, mapping them
to corresponding use cases, and providing an explicit description of a large number of NoSQL
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databases. Fourth, we analyze the disadvantages and challenges encountered by NoSQL stores.

IT RELATED SURVEYS ON NOSQL STORES AND THE PARTICULARITY OF OUR
WORK

Among the numerous surveys encountered, a significant emphasis is placed on the importance
and relevance of NoSQL databases as robust alternatives to traditional relational databases.
These surveys highlight NoSQL stores capabilities in handling large-scale data, offering un-
paralleled scalability and flexibility. Some studies specifically provide comparative analyses
between NoSQL and relational databases, focusing on their respective properties and advan-
tages [67].

Conversely, several surveys delve into comparative analyses among various NoSQL stores
themselves. These studies consider crucial factors such as scalability [77], performance, data
modeling [87], consistency models [74, 88], and practical use cases [52, 81]. Additionally,
some offer practical decision-making guidance [62, 82]. Some surveys place a strong emphasis
on theoretical foundations and general overviews [72], while others dive deep into the intrica-
cies of data modeling and querying [66, 91, 105].

Moreover, certain reviews focus on the application of NoSQL stores in specific domains such
as Big Data [80], Cloud services [54, 68], and Web applications [68]. There are also notable
works centered on performance evaluation benchmarks [69, 75].

Studies on specific data types, such as graph stores [43, 58, 107] and multi-model graph
stores [94], have been reviewed. Additionally, some research has thoroughly investigated the
challenges faced by NoSQL stores and the potential future directions they could take [63, 71,
77].

Taking into account the valuable contributions of these surveys, our work proposes several
enhancements:

* Presenting a larger number of NoSQL stores compared to previous works (48 of them),
including the most recent developments. These stores are well described and linked to
practical use cases. This makes our work a comprehensive reference for understanding the
current landscape of NoSQL databases. The rich description on each NoSQL store permit
to have a good overview of their specificities and use cases.

» Utilizing subclassifications within the NoSQL data model classification, based on major
observed characteristics. This approach provides a more nuanced understanding of the di-
verse range of NoSQL databases, allowing for better categorization and comparison based
on their unique features and functionalities.

* Providing in addition dedicated sections on multi-model and cloud-based NoSQL data
stores. These sections offer in-depth insights into these specific areas, addressing their
unique challenges, advantages, and applications in the broader context of NoSQL databases.

* Given queries needs and data structure evolution, we have dedicated a section on the cor-
respondance between NoSQL stores and the requirements on query patterns, use cases,
properties requirements.

IIT THE DIFFERENT GENERATIONS OF DATABASE SYSTEMS

Multiple generations of database systems (table 1) have succeeded one another since the advent
of data management systems. Here, we provide a brief overview of these generations to offer a
general view of the history of database systems.
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The file systems. Initially, in the mid-1960s, data was stored in raw format using file system-
based data stores. These systems used a file-based structure to organize and manage data.
Examples of these include ISAM [1] and VSAM [7].

The Hierarchical and Network databases systems. The hierarchical [12] and network [11]
databases are the first generation of database systems. In these systems, data are stored as
records linked together in hierarchical or network structures. To access data, applications must
execute low-level procedural operations, navigating through the records to reach the desired
data. This low-level access provides high performance and throughput, but it makes applica-
tions difficult to write due to the lack of data independence and the tedious nature of naviga-
tional access. Different usage patterns necessitate different optimal storage structures, requiring
anticipation of future usage patterns before modeling the data. Examples of network databases
include IDS [48], TOTAL [6], ADABAS [5], and IDMS [18], based on the CODASYL database
model, while IMS and System 2000 are examples of hierarchical databases.

The Relational databases systems. Originating from the work of Codd [4], relational
databases represent data as tuples grouped in collections called relations. In practice, these
tuples are referred to as rows, and the collections are represented as tables. These tables have
a fixed number of columns. Relational databases decouple the physical representation of data
from their logical representation, enabling more independent logical data modeling over phys-
ical data structures, in contrast to hierarchical and network databases. This provided them an
advantage over their predecessors by making them easier to use. They also reduce data redun-
dancies through data normalization methods, thus optimizing storage usage.

Relational databases also benefit from the use of a common declarative language called SQL [8]
for data queries. Relational database technologies, like each previous generation of database
technology, were initially developed for conventional business data-processing applications,
such as inventory control, payroll, and accounts.

Examples of relational databases include Oracle [14], SQL/DS [65], DB2 [16], and INGRES [10].

The Object-oriented databases systems.  Object-oriented database systems [25, 27] emerged
to address the limitations of relational databases in modeling data for complex applications such
as computer-aided design and manufacturing systems (CAD, CAE, CASE, CAM), as well as
to resolve the impedance mismatch with object-oriented programming languages.

Unlike relational databases, object-oriented databases offer semantic concepts such as gener-
alization and aggregation relationships, allowing the representation of complex nested entities,
such as design and engineering objects, and complex documents. They are based on the object-
oriented paradigm, aiming to represent data as a collection of objects organized into classes
with complex values associated with them. These classes can inherit properties from other
classes.

Relational databases have evolved to incorporate concepts from object-oriented databases, lead-
ing to the development of Object-Relational Database (ORDB) systems. This evolution, along
with their established market presence, has made it challenging for object-oriented databases
to surpass relational databases in market share.

As example of object-oriented stores, we have Gemstone [24], ObjectStore [29], Versant [20],
02 [28], Iris [23].

The NoSQL databases systems. NoSQL database systems [51, 87] are a category of
databases that are often schema-flexible, designed for scalability and handling large volumes
of unstructured or semi-structured data. They appeared to tackle many issues encountered by
relational stores such as scalability issues as the latter were build for vertical scaling (scaling
by hardware upgrade) by design leading to limitations due to hardware limits. NoSQL were
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Data store generation Key specificity

File systems Data stored in raw format in files

Hierarchical and Network data systems Data accessed through path navigation over
records

Relational databases Data organized in rows and columns

Object oriented data stores Data organized into classes and objects

NoSQL data store Distributed data with flexible schema

NewSQL data stores Distributed data with enforced ACID proper-
ties

Table 1: Key aspect of the different generations of database systems

designed with the aspect of horizontal scaling characterized by the distribution of data across
multiple cheap server nodes. Also the massive apparition of very variable and evolving data
structure for data representation, as in social networks, ecommerce data, [oT, leaded to need of
less rigid schemas traditionnally encountered in relational store. The adoption of JSON based,
columnar data, graph based data with NoSQL have permitted easy adaptation to those new
kind of data. Also with applications requiring high velocity with high workload like , such as
realtime analytics (realtime data), IoT sensors stream data there is a need to reduce bottleneck
created by constraints like transaction, joins. Therefore many NoSQL store avoids the use of
complex joins and multi-rows transactions. NoSQL data stores consist in various data model
subcategories, including key-value, document, wide-column, and graph database systems. This
work will further elaborate on the characteristics of these systems to understand their specifici-
ties.

Among them we have Amazon Dynamo [42], Google Bigtable [44], Cassandra'.

The NewSQL database systems. [56, 98] As many services, who were facing scalability
issue with high volume of data, were directing to NoSQL data stores, a part of them still require
a strong consistency constraint. The compromise of NoSQL store in this context of consistency,
being too big, alternatives such as NewSQL stores wich purposed to keep strong consistency
aspect even though adopting the scalability mode of NoSQL stores. Some NewSQL stores(e.g.,
TiDB [92], MemSQL/SingleStore?) permit to run OLTP and OLAP workloads in the same clus-
ter without ETL (HTAP (Hybrid Transactional/Analytical Processing)). Examples of NewSQL
databases include Google’s Spanner [60], [95], VoltDB?, NuoDB*.

IV THE RELATIONAL DATABASES

4.1 The key particularities of the relational databases

Relational databases have key characteristics that enable efficient operation. They are:

The predefined schema of the databases. The tables of relational databases have a prede-
fined schema initialized at their creation. This helps optimize storage and request efficiency as
the storage organization is predictable.

"https://cassandra.apache.org/doc/latest/
Zhttps://www.singlestore.com/
3https://www.voltactivedata.com/
“https://doc.nuodb.com/nuodb/latest/release-notes/
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The use of join operations. The rows of the tables can be linked by join operations when a
query is performed. This is possible by using some columns to store keys referencing rows of
other tables.

The ACID properties. The concept of transactions was introduced by Jim Gray [30] and
described as a unit of work in database systems spanning a set of operations. It is based on four
properties: Atomicity, Consistency, Isolation, and Durability (ACID properties), described as
follows:

* Atomicity: A transaction is committed if all operations it contains succeed; otherwise, if
one of the operations does not succeed, all the other operations are rolled back, and the
transaction is aborted.

* Consistency: Ensures that from one transaction to another, the database system transitions
from one consistent state to another. Integrity checks, such as foreign key integrity and
primary key uniqueness checks, provide these guarantees.

* Isolation: Guarantees that two concurrent transactions will not see each other’s new data
updates until they commit them.

* Durability: Ensures that the updates of a committed transaction will be visible to subse-
quent transactions, independent of hardware or software errors, until they are overwritten
by a new update.

A standardized and powerful query language SQL. Relational databases utilize a com-
mon standard query language called SQL, which is a declarative query language. It is powerful,
allowing for the writing of complex queries, and it is a mature query language.

4.2 Limitations of the relational databases

Relational databases face several efficiency challenges in modern use cases:

General limitations.  Originally optimized for business data processing, relational databases
struggle with specialized workloads such as data warehousing, streaming, and text search. As
shown in [41], specialized systems (e.g., Bigtable [44], Neo4J) outperform relational databases
for these scenarios.

Scalability and latency.  Relational databases traditionally scale vertically (hardware up-
grades), which is costly and limited. Horizontal scaling (distributing data across servers) in-
troduces shared-memory, shared-disk, and shared-nothing architectures. Shared-memory and
shared-disk approaches suffer from bottlenecks and expensive coordination. Shared-nothing
improves scalability but brings complex challenges:

* Atomicity: Distributed transactions require coordinated commit/rollback, increasing la-
tency.

* Consistency: Maintaining foreign key integrity across nodes needs distributed locks, caus-
ing bottlenecks.

* Isolation: Synchronizing locks or versions (e.g., via Paxos [37]) adds overhead.

* Durability: Multi-node commits require protocols like two-phase commit [22].

» Joins: Cross-node joins are costly in bandwidth and latency.

Horizontal scaling in relational databases is possible but complex and often inefficient; NoSQL
systems address these bottlenecks.
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Schema inflexibility. Relational tables require a fixed schema, leading to:

* Inability to store records with varying structures.
* Costly and disruptive schema changes (table rebuilds, downtime).
* Storage waste from unused fields filled with nulls.

V THE NOSQL DATABASES

5.1 The precursors of the NoSQL movement

The most notable precursors of the NoSQL movement were Bigtable [44], Amazon Dynamo [42]
and the CAP theorem [34, 36]. We will discuss about them in the following.

5.1.1 The Brewer’s CAP theorem

The CAP theorem (figure 1) was conjectured by Fox and Brewer [34, 36] and proved by Gilbert
and Lynch [39]. It states that, for any shared-data system (such as a distributed data store), it
is only possible to achieve at most two of the three properties—consistency, availability, and
partition tolerance—simultaneously.

These properties are defined as follows:

* Consistency: This property determines if a system guarantees linearizability [26]. We will
describe the notion of consistency in more detail in subsection 5.10.

* Availability: This property denotes that every request sent by a client eventually receives
a successful response within a finite time. However, this definition does not specify a limit
on response time. Therefore, even if a successful response is received after many days, the
system is still considered available. Consequently, latency is also an important factor.

* Partition tolerance: This property denotes that a system continues to respond to client
requests even in the case of a network partition between nodes of a distributed system,
provided it adheres to either the availability or consistency properties mentioned earlier.
However, this property does not account for other failure types such as node failures or
message loss.

From the CAP theorem, we can describe the three possible types of distributed storage systems
with respect to the CAP properties:

* CA systems (Consistency + Availability): These database systems provide availability
and consistency but not partition tolerance. It is practically impossible for distributed
data stores to fit this description as network partitions are unavoidable. This type is more
associated with non-distributed data stores, such as traditional relational databases.

* CP systems (Consistency + Partition tolerance): These systems maintain consistency in
the presence of network partitions. Some nodes may not respond to avoid an inconsistent
state due to a lack of synchronization with disconnected nodes. Databases with this prop-
erty are typically used in networks with few network failures, such as within a single data
center.
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* AP systems (Availability + Partition tolerance): These databases are found in distributed
systems spread across geographically distributed data centers, where network failures and
increased latency are more common. To reduce update failures, consistency constraints
are relaxed, leading to potential conflicting data. Therefore, manual or automatic conflict
resolution mechanisms are required.

As previously indicated, systems must fit into one of the three categories: CA, CP, or AP.
However, Brewer suggested that systems can implement continuous CAP properties, allowing
for progressive levels between consistency and availability. This enables better adaptability of
distributed systems depending on the use case.

Also CAP does not account for the tradeoffs that occur during normal operation. In practice,
most distributed databases replicate data to improve fault tolerance and scalability. Replication
introduces another fundamental tradeoft:

» If updates are propagated synchronously, the system achieves strong consistency but suf-
fers from higher latency.

» If updates are propagated asynchronously, the system achieves low latency but risks tem-
porary inconsistency across replicas.

To capture both cases, Abadi proposed the PACELC theorem [57], which extends CAP. It
states that if there is a partition, the system must choose between availability and consistency;
else, when the system is healthy, it must choose between latency and consistency. Examples
include:

* Dynamo, Cassandra, Riak: PA/EL (favor availability during partitions and low latency in
normal operation).

* VoltDB, Megastore: PC/EC (preserve consistency at all times, paying in latency or avail-
ability).

* PNUTS: PC/EL (preserve consistency during partitions, but reduce it in normal operation
to keep latency low).
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Figure 1: Some NoSQL proposals and te CAP theorem

5.1.2  Amazon Dynamo

Amazon Dynamo [42] [section 5.4.1] introduced the concept of eventual consistency and com-
bined it with distributed hash tables [38] to build highly available and scalable peer-to-peer [38]
data store architectures. The use of distributed hash tables helps to evenly distribute data among
nodes in a decentralized manner, avoiding bottlenecks and enhancing scalability and fault tol-
erance. Eventual consistency, a type of relaxed consistency (will be studied further). The paper
on Dynamo has inspired a new generation of NoSQL stores such as Riak, Voldemort, and
Cassandra.

5.1.3 Google Bigtable

Google Bigtable [44][section 5.4.2] was the precursor to the wide-column stores as we know
them today. It handles rows with a flexible number of columns. The use of LSM-tree [31] as the
underlying data structure permits high write throughput. Additionally, the use of a distributed
file system (GFS [40]), for scalability enables it to handle petabytes of data across thousands of
commodity servers. These properties have encouraged the emergence of similar NoSQL stores
such as Cassandra, HBase®, and Accumulo®.

>https://hbase.apache.org/
Shttps://accumulo.apache.org/
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Bigtable Amazon

Distributed archi- | Centralized Decentralized
tecture
Consistency Single region strong Flexible consistency
consistency
High throughput High availabilit
Keys aspects Lo%v latencff ’ High scalalbilityy
CAP property Cp CA

Table 2: Bigtable vs Amazon Dynamo

5.2  What distinguish the NoSQL databases?

The schemaless data model.  Unlike relational database systems that require a predefined
schema for data storage, NoSQL data stores are mostly schemaless, meaning it is not necessary
to set a predefined structure for each record type. This results in the following advantages:

* Records with different schemas can be stored together.

» It is possible to easily alter the schema of records without constraints, which is advanta-
geous for rapidly evolving projects.

* Applications can define more customized schemas on their side, leading to more flexible
possibilities. This is typical for key-value databases that primarily store raw data without
managing a schema.

* Records occupy only the space required by the fields that have defined values, unlike re-
lational databases that may have empty fields with null values, leading to wasted storage
space.

One disadvantage of schemaless collections is that, since the document has no fixed schema,
the database cannot optimize the storage and retrieval of parts of the aggregate effectively.

The relaxed consistency (BASE). Many NoSQL databases relax distributed consistency
constraints by adopting the BASE paradigm. BASE is an acronym for Basically Available,
Soft State, Eventually Consistent, and contrasts with the ACID paradigm. BASE systems pri-
oritize availability over consistency, offering replicated soft states. Replica synchronization is
typically achieved through eventual consistency (an asynchronous replication mode), which we
will explore further in subsection 5.10.

A native horizontal scalability mechanism with shared-nothing architecture.  One rea-
son for the success of NoSQL stores is their inherent ability to distribute data storage and
processing across multiple servers, usually commodity servers. These servers do not share
common hardware, thereby eliminating bottlenecks—a concept known as the shared-nothing
architecture. The distribution process involves sharding and replication. Sharding dispatches
records among multiple nodes, while replication mirrors data across multiple servers. These
properties enhance data throughput and high availability. Further details about their implemen-
tation will be discussed in subsection 5.8.

Simple query languages without join operations. NoSQL data stores typically do not sup-
port join operations in their core functionality. They are oriented toward storing denormalized
data, and if a client application requires a join operation, it must perform the join after retrieving
the necessary data. Data stored in a denormalized format is designed to resemble the result of
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a join operation, anticipating the types of joins applications are likely to require, thus avoiding
the need for join operations by the client application.

NoSQL uses a denormalized format, a form of data aggregates where data typically distributed
among different records of the same or different tables in the relational model are merged to
form an aggregated record. These aggregated records gather data usually requested together
in the same storage area. Document-oriented, key-value, and wide-column data stores are
aggregate-oriented data systems, where this is a key concept. Aggregates can be computed on
servers using technologies such as MapReduce, which collect data from different sources to
perform operations. The aggregate format has the following advantages:

* Reduces cross-server data transfer as related data is less dispersed.

* FEliminates the need for foreign key integrity checks across servers.

* Avoids the use of distributed lock mechanisms or distributed version control systems
required by ACID transactions, as related data is typically stored together. Therefore,
NoSQL databases usually support only ACID transactions applied record-by-record rather
than spanning multiple records, as in relational databases.

* Allows client applications to access the aggregated mode of data, avoiding the need for
join operations to obtain the desired data format, thus reducing additional processing time
and costs and enhancing latency properties.

NoSQL databases provide predictable latency because they do not require complex join opera-
tions or locks that could slow down request responses.

Easy node failure management. Designed to handle a high number of server nodes, NoSQL
data stores consider hardware node failures as a natural occurrence. They maintain high data
availability and durability even in the event of major server failures through inherent failover
and backup capabilities.

Table 3 summarizes the key differences between SQL and NoSQL databases.

Table 3: Key differences between SQL and NoSQL databases

Criterion SQL (Relational) NoSQL

Data Model Tables with rows & fixed Key—Value, Document
columns (JSON/BSON), Wide-Column,

Graph

Schema Fixed schema, must ALTER Schema-less / schema-on-read,
TABLE to change flexible fields per record

Query Language ANSI SQL (SELECT, JOIN, Model-specific (JSON queries,
GROUP BY) graph traversals, key lookups)

— may have SQL-like dialect
but not fully relational

Joins Built-in, core feature Usually absent or limited —
joins emulated at app level or
via aggregation framework
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Transactions

Strong ACID by default

Often relaxed (BASE: Basically
Available, Soft state, Eventually
consistent) — ACID may be
optional or limited

Scalability Scale-up (bigger servers) Scale-out (horizontal sharding/-
partitioning) by design
Consistency Strong consistency by default Tunable or eventual consistency
(CAP theorem trade-offs)
Distribution Single-node primary, clustering  Distributed-first architecture,
is add-on replication/sharding native
Use Case Fit General-purpose, structured Specialized: real-time analytics,

data

large-scale writes, flexible data

structures, high-relationship
queries

5.3 Taxonomy of NoSQL stores

It is not easy to categorize NoSQL stores as they have a variety of design modes. However,
based on frequently encountered characteristics, we can categorize them according to the fol-
lowing criteria:

Data Model (section 5.4) defines how data is structured, stored, and accessed in the
database. The common models include key-value, document, wide-column, and graph
data models.

Consistency Model (section 5.10) defines the guarantees provided regarding the visibility
and ordering of updates. This includes models such as eventual, strong, causal, and tunable
consistencies.

Scalability Type describes the ability to handle growth in data load and user access.
NoSQL stores typically adopt horizontal scaling, though vertical scaling is also a con-
sideration.

Data Partitioning (section 5.8.1) involves dividing data into segments distributed across
multiple nodes. This can include sharding (partitioning by rows), vertical partitioning
(partitioning by columns), and traversal-oriented partitioning (used in graph stores).

Data Replication Strategy (section 5.8.2) manages how data copies are handled across
nodes. Methods include Primary-secondary and multi-master (or peer-to-peer) replication,
with replication being either synchronous or asynchronous.

Transaction Support defines how transactions are managed. Databases can be ACID
compliant (section 4.1) or BASE compliant (section 5.2).

Storage Mode (section 5.9) describes how data is physically stored. Data can be stored in
memory, on persistent storage (disk, SSD), or in a hybrid manner.

Query Model and Capability defines how data can be queried. This can be done through
a declarative or procedural query language, and access can be provided through APIs.
Use Cases defines the specific scenarios or applications for which a given data store is well
suited. Use cases include real-time applications, content management, [oT, and big data
applications.

Geographic Distribution describes the deployment scope and how data is managed across
different regions, including single-region and multi-region deployments.
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There are other criteria that have not been detailed here. We will further describe most of the
cited criteria in the following sections of this work.

5.4 The NoSQL stores data models

NoSQL stores fall into various data models types, each adapted to specific use cases. We can
identify four principal ones such as the key-value, document, wide-column and graph data
models

| key1 valuel |
<InvitationList> E))
<family> | key2 |—)| value2 |

<aunt>
<name>Christine</name> | key3 > value3 |

<name>Stephanie</name>
</aunt>
<ffamily>

</InvitationList> Prop name
(b) Val

Edge name

Edge name Prop name | Prop name

"first_name": "John",
"last_name": "Smith",
"is_alive": true,
"age": 27,
"address": {
"street_address": "21 2nd Street", Prop name
city": "New York", val

"state": "NY",
"postal_code": "10021-3100"

} (e)

Edge name Val Val

Edge name

Prop name Prop name

©| ! val Val
row
col family col family
Col name Col name Col name Col name Col name Col name
Val Val o Val Val Val o Val
(d)

Figure 2: The NoSQL data models

We will further study their specificities in the following sub-sections.
5.4.1 Key-value stores

Key-value stores have been around for a while, usually as single-server oriented stores (table
4). However, the paper of Dynamo [42] popularized the concept of distributed key-value stores
based on distributed hash tables, offering high scalability and eventual consistency.

The data model. The key-value data model (figure 2a) is the simplest data model encoun-
tered in NoSQL databases [94]. It can be compared to associative arrays, dictionaries, or
hashes. Each record in the key-value data model stores an arbitrary value identified by its
unique key. The values are usually opaque to the system and are stored as blob data. This blob
data is deserialized/serialized on the client application side.

Since the data store generally does not analyze the value content, the advantage is the very fast
access response and the flexibility for record values to have diverse internal structures. How-
ever, even if the client needs part of a value, it must fetch the entire value. There are cases
where key-value stores can accept basic data structures to compose values. Examples include
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lists and sets used in Redis’, Aerospike®, tabular structures used in IBM Spinnaker [53], Hy-
perDex [61], Yahoo Pnuts [46], and document structures used in Riak KV?, but with only basic
operations on them. the use of additional data structures have blurred the boundaries between
key-value data models and other data models.

The query mode. Key-value stores essentially offer simple operations such as get, put, and
delete. For key-value stores with values having low-level data structures like Redis, operations
on basic data structures include value increments and usual operations on lists, strings, and
maps. Riak also offers the possibility to perform link traversals between records using metadata
attached to values and to use regular expressions and text search engines. Many key-value
stores provide REST API access.

The storage layout and indexing. Many key-value stores use classical indexing modes such
as B-trees for good local range queries or hash tables for good local random access to data. Also
on distributed aspect we have data structures such as distributed hash tables. We can see more
details concerningn those aspects in section 5.5.

Some store data primarily in memory, such as key-value stores used for caching purposes like
Memcached'’. Others offer the possibility to persist data to disk, like BerkeleyDB'' and Ama-
zon Dynamo [42].

The use cases.  Key-value databases can be used for cache storage, message queuing, and
brokering. Some can be used as embedded storage in applications or as storage engines in other
databases.

Key-value stores categorized according to their main features. Depending on their main
features, key-value stores are used as cache stores, memory-based stores, high-availability ori-
ented stores, data-grid oriented stores, and embedded data stores. We will describe notable
key-value stores for each feature (see further categorizations in Table 4).

* Memory cache-oriented stores: Memory cache-oriented stores are used to improve per-
formance by reducing the need for repetitive and resource-intensive data retrievals from
more complex data store systems. Distributed cache stores distribute cached data across
multiple nodes, pooling the dedicated memory from different nodes. Notable data stores
dedicated to caching include Memcached, Ehcache'?, and Ncache'3.

Memcached'* provides distributed caching using a consistent hashing mechanism to dis-
tribute keys across nodes, without persisting data to disk. Applications interact with Mem-
cached servers through client libraries, following a client-server architecture. Communi-
cation between clients and servers occurs via a simple text-based protocol. Memcached
supports cache eviction policies such as LRU and time-to-live (TTL). Widely used in web
environments, particularly CMS (Content Management Systems), it is employed on plat-
forms such as YouTube, Reddit, and Facebook.

Ehcache'®, unlike Memcached, functions as a cache storage embedded in applications

"https://redis.io/docs/latest/

8https://aerospike.com/docs/
https://docs.riak.com/riak/kv/latest/index.html
10https://github.com/memcached/memcached/wiki/Home
Thttps://www.oracle.com/database/technologies/related/berkeleydb.html
2https://www.ehcache.org/documentation/
Bhttps://www.alachisoft.com/resources/docs/ncache/
https://github.com/memcached/memcached/wiki/Home
Shttps://www.ehcache.org/documentation/
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as a library. Supporting distributed caching via Java RMI (Remote Method Invocation),
Ehcache distributes cache data across multiple nodes, with the application implementing
the key distribution strategy. It allows a client-server architecture with client and server
libraries and integrates seamlessly with Java EE technologies, making it suitable for Java
Enterprise applications, Spring, and Hibernate. In contrast to Memcached, Ehcache can
persist data to disk and supports replication. It offers cache change notifications, enabling
applications to react to cache changes. Developers can easily customize and configure
Ehcache’s components through XML or Java annotations. Ehcache supports diversified
eviction policies such as Least Recently Used (LRU), Least Frequently Used (LFU), Time
To Live (TTL), FIFO, or custom policies.

Ncache!'®, like Ehcache, is an embedded library supporting cache distribution. Similar
to Memcached, consistent hashing is used for key distribution. NCache enables a client-
server architecture with specific client or server libraries and employs a binary protocol for
node communication. Cache dependency is supported for invalidating or updating cache
items based on changes in the underlying data source, and cache notifications can send
alerts to applications when specific cache events occur. Specifically designed for .NET
applications, NCache integrates easily with ASP.NET, WCF (Windows Communication
Foundation), and others. It includes a SQL-like query language for efficient data retrieval
based on specific criteria and supports features such as transactions, item versioning, and
caching of various data types like objects and files. Additionally, NCache supports cache
eviction policies such as LRU, LFU, priority eviction, TTL, or custom policies.

Synthesis: We can say that the n-memory data stores are designed for speed and tran-
sient storage. Memcached is minimalist, in-memory only, and ideal for high-traffic web
caching. Ehcache and NCache add persistence, replication, and notifications, integrat-
ing tightly with Java and .NET ecosystems respectively. They evolve simple caching into
programmable, enterprise-ready cache layers, whereas Memcached remains a lightweight
distributed cache.

* In-memory data stores: These are used to store and retrieve data primarily in main mem-
ory (RAM) rather than on disk. This allows for extremely fast read and write operations,
enabling low-latency access to data. Additionally, they generally allow the value part of
the data to be represented in basic forms such as integers, strings, and various data struc-
tures like lists, sets, maps, and large binary objects (blobs). Some even offer the capability
to store JSON-based data, which can be queried with simplified query languages.

Among them, we have Redis'’, Aerospike'®, KeyDB'?, Tarantool?’, and Kyoto Tycoon?!.

Redis features a simple API with a clear set of commands, easily integrated into appli-
cations, which contributes to its popularity among developers. This versatile data store
supports various data structures, including lists, sets, hashes, bitmaps, and HyperLoglogs,
allowing developers to choose the most suitable one for their specific use cases. JSON data
storage is enabled through the RedisJSON extension, which supports querying and extract-
ing data using JSONPath. Although primarily an in-memory store, Redis offers persistence
options to ensure data durability and recovery from server restarts or failures. JSON data

16https://www.alachisoft.com/resources/docs/ncache/
Thttps://redis.io/docs/latest/
Bhttps://aerospike.com/docs/
Yhttps://docs.keydb.dev/docs/
2https://www.tarantool.io/en/doc/latest/
2Thttps:/ktlib.readthedocs.io/en/latest/
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can also be indexed. While Redis is a single-threaded application, multithreaded alterna-
tives like KeyDB provide nearly identical features. Consistent hashing is used for data
distribution, with replication following an eventual consistency model within a Primary-
secondary architecture. Alternatives like Tarantool provide similar data structures but in-
clude transactions and ACID compliance. Redis includes a publish/subscribe (pub/sub)
mechanism suitable for real-time messaging systems, allowing clients to subscribe to chan-
nels and receive messages. Lua scripting is supported for performing complex operations
on the server side. Redis is also utilized for caching, offering eviction policies based on
LRU, LFU, and TTL, and finds applications in real-time analytics, session storage, mes-
saging systems, leaderboards, task queues, and geospatial indexing.

Aerospike utilizes a hybrid approach of combining memory and disk storage. Frequently
accessed data is kept in memory for quick access, while less frequently accessed data is
stored on disk for persistence. Optimized for flash storage technologies (SSD), Aerospike
supports enhanced data types including lists, maps, geospatial data, large lists of elements,
and large volume data types such as CLOB (Character Large Object). It also supports sec-
ondary indexes. Aerospike offers strong consistency and ACID transactions, differing from
Redis by providing automatic data distribution and rebalancing. It is well-suited for real-
time applications, including real-time bidding platforms, product recommendations, ana-
lytics, gaming, time-sensitive financial transactions, fraud detection, risk analysis, portfo-
lio management, telecommunication subscriber data management, activity record-keeping,
and IoT data collection and analysis across a vast number of devices.

Oracle NoSQL Database” integrates seamlessly with the Oracle ecosystem. It uses a
SQL-like query language and supports complex data types including maps, arrays, and
records. JSON document types can also be used as values, with fields that can be indexed
and queried. Oracle NoSQL Database supports ACID transactions and provides tunable
consistency levels, from eventual consistency to causal consistency. It features automatic
sharding and employs indexing mechanisms like B-trees and LSM-trees for efficient data
retrieval.

Synthesis: We can say that in-memory data stores go beyond caching by supporting per-
sistence, clustering, and rich data models. Redis dominates with versatile structures and
ecosystem support; KeyDB extends it with multithreading. Aerospike and Oracle NoSQL
target enterprise-scale analytics with stronger consistency and secondary indexes. Taran-
tool adds ACID + SQL, making it suitable for transactional workloads. In essence, Redis
is the general-purpose leader, while Aerospike/Oracle serve enterprise-grade real-time sys-
tems.

* Highly-available key-value stores: These are designed to provide a high level of data
accessibility even in the face of failures or disruptions. Many NoSQL stores offer these
characteristics, including key-value stores such as Amazon Dynamo [42], Riak KV, and
Voldemort>*,

Amazon Dynamo [42] is a key-value store described by Amazon, designed for scenarios
where high availability, fault tolerance, and scalability are critical, such as the Amazon e-
commerce platform. It employs automatic data distribution among nodes using consistent
hashing and a quorum-based replication mechanism, where reads and writes require the
participation of a specified number of nodes. The consistency can be tuned from eventual

2https://docs.oracle.com/en/database/otherdatabases/nosqldatabase/
Bhttps://www.project-voldemort.com/voldemort/
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consistency to strong consistency. Dynamo propagates node membership information and
data updates through a gossip-based protocol and uses active anti-entropy to maintain data
consistency and repair inconsistencies.

Riak KV is an open-source implementation of the Dynamo paper, offering consistent hash-
ing and tunable consistency. Additionally, it supports MapReduce [47] for data processing
and analysis across Riak nodes. It supports various data types such as sets, maps, and
binary data. Riak can store JSON documents and uses Apache Solr for indexing and
searching within those documents. Riak can be used for session storage, user profiles and
preference data, content delivery and caching, [oT data storage, logging and event data,
and collaborative applications.

Voldemortis another open-source implementation of the Dynamo paper and supports cus-
tom storage engines such as Berkeley DB and RocksDB?*. It stores data in binary form.

Etced? is a high-availability key-value store designed to provide strong consistency guar-
antees, primarily for managing and coordinating distributed systems. It stores distributed
system configuration data, which necessitates strong consistency, high availability, and
resilience to network failures and node partitions. Etcd employs the Raft Consensus Algo-
rithm [93] to achieve consensus among nodes in the cluster, ensuring that all nodes agree
on the order of operations. It is used for service discovery in microservices, storing in-
formation about available services and their locations. Etcd supports leader election and a
watch mechanism, enabling clients to monitor data changes and respond accordingly. It is
actively used with the Kubernetes?® project for storing and managing cluster state but can
also be used for traditional data storage.

Synthesis: We can say that highly-available data stores are built for resilience and dis-
tributed reliability. Dynamo, Riak, and Voldemort prioritize availability with tunable con-
sistency, making them well-suited for large-scale, fault-tolerant applications. Etcd takes
the opposite path, ensuring strong consistency via Raft, which makes it essential for clus-
ter management (e.g., Kubernetes). The former emphasize scalability and uptime, while
Etcd ensures coordination and correctness.

* Embedded key-value stores: Embedded data stores are designed to be directly embed-
ded within applications and even used as storage engines for other database systems. They
eliminate the need for a separate database server for applications. These stores are suit-
able for scenarios where applications need a simple database system with minimal stor-
age configuration requirements, and where the dataset is not large enough to exceed the
available system resources. They have the advantage of being lightweight with mini-
mal dependencies, offering a simple API with basic operations and high performance by
avoiding the overhead associated with network communication. They also offer flexibil-
ity for some database systems that can propose various database engines characterized
by these embedded data stores, allowing selection of the appropriate storage engine for
the corresponding data workload type. They are also suitable for applications that need
to manage local caches. Mobile and edge devices can easily integrate them. Examples

4https://rocksdb.org/docs/getting-started.html
Zhttps://etcd.io/docs/
6https://kubernetes.io/docs/home/
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of embedded-oriented data stores include BerkeleyDB, LevelDB?’, RocksDB?®, LMDB?’,
Badger®®, BoltDB?!, and Kyoto Cabinet*?.

BerkeleyDB originated as part of the UNIX BSD operating system from the University of
California, Berkeley, before being acquired by Sleepycat and eventually by Oracle. The
underlying data structure is a B-tree. Known for performance, reliability, and simplicity,
BerkeleyDB is written in C, with a Java version for seamless integration into Java applica-
tions. Initially released in 1991, BerkeleyDB preceded the NoSQL movement but supports
the storage of flexible schemas, making it suitable for NoSQL applications. Memory-
mapped files are used for efficient data storage and access, leveraging the operating sys-
tem’s virtual memory feature. Support for transactions is provided, offering ACID prop-
erties. Concurrency is managed using Multi-Version Concurrency Control (MVCC) [22]
for concurrent multi-process and multi-thread access. Employing a Primary-secondary
replication mode, where the master is chosen through an election process, replication is
typically asynchronous but can be configured to be synchronous. BerkeleyDB does not im-
plement a key distribution mechanism for managing data distribution across cluster nodes,
requiring applications to handle the distribution mechanism themselves.

LevelDB uses the LSM Tree data structure (Log-Structured Merge-Tree), offering efficient
write performance by combining memory and disk-based structures. With the LSM Tree,
data is stored in order by keys, enabling efficient range queries. Badger, an implementa-
tion of the LSM Tree written in Go, offers similar capabilities and integrates well with Go
applications.

RocksDB, built on LevelDB’s foundation, is customized for distributed systems. Support-
ing tiered storage configuration for LSM Trees, RocksDB allows customization of storage
levels, types of storage devices for different levels, and the option to activate compres-
sion for selected levels. The tiered storage configuration can be dynamically adjusted,
adapting to changing workloads and storage requirements. It enables the separation of fre-
quently and less frequently accessed data across different storage levels. While LevelDB
uses a single-threaded compaction mechanism, RocksDB improves write throughput with
a multi-threaded compaction mechanism, leveraging parallel processing.

LMDB is notable for memory efficiency, simple design, and reliability. Utilizing a B+Tree
data structure and a zero-copy architecture, LMDB achieves low overhead, making it
optimized for read-intensive workloads. Durability is ensured through the use of write-
ahead logging. Supporting transactions and offering ACID compliance, LMDB is intended
for single-process use, without support for multi-process or multi-threaded modes. This
memory-efficient design has led to its popularity in embedded systems, [oT, and applica-
tions that require fast and reliable data storage.

BoltDB is akin to BerkeleyDB but employs a B+Tree and is written in Go, enhancing
compatibility with Go applications. Memory-mapped files are used for storage, facilitat-
ing efficient read and write operations for multi-goroutine access. Data storage follows
a page-based architecture (with data divided into fixed-sized pages), optimizing read and
write efficiency. BoltDB serves as the storage engine for the etcd key-value store. One

2Thttps://github.com/google/leveldb
Bhttps://rocksdb.org/docs/gettingstarted.html
http://www.Imdb.tech/doc/
Ohttps://dgraph.io/docs/badger/
3Thttps://github.com/boltdb/bolt
3https://dbmx.net/kyotocabinet/
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notable fork of BoltDB is Bbolt.

Kyoto Cabinet is an efficient key-value storage system written in C. Offering multiple
storage backends, Kyoto Cabinet allows the use of hash tables, B+Trees, and fixed-length
record-based tables. It supports memory-based and cache-based storage, using a B-tree
structure for persistent storage and a cache mechanism to store frequently accessed data
in memory. The append-only storage option ensures new data is added only to the end
of the file. Users can fine-tune various parameters for optimal performance based on spe-
cific requirements. Kyoto Cabinet supports ACID transactions, memory-mapped files, and
compression, enabling concurrent read and write operations. In addition to being used as
an embedded store, it is suitable for caching, custom indexing (e.g., combining B-trees and
hash tables), fast access through hash tables, and handling write-intensive workloads with
append-only storage.

Synthesis: We can say that Embedded key-value stores are lightweight, process-embedded
stores with trade-offs in storage engines. BerkeleyDB is the mature, general-purpose op-
tion with ACID and replication. LevelDB and RocksDB (LSM-based) excel at write-heavy
workloads, RocksDB adding compression and multi-threading. LMDB and BoltDB are
simple, memory-mapped, and ACID, optimized for read-heavy or Go-native use cases.
Kyoto Cabinet stands out for backend flexibility (hash, B+Tree, append-only). Overall,
embedded stores trade clustering for local speed and efficiency.
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Table 4: Comparative Overview of Key-Value Stores

Category Store Architecture Data Persistence Distribution / Data Structures / Special Features Typical Use Cases
Replication Querying
Memory Memcached Client-server, No persistence Consistent hashing, Key-value only LRU, TTL eviction; =~ Web caching (e.g.,
Cache- distributed cache ~ (in-memory replication by app simple text protocol ~ YouTube, Reddit, Face-
oriented only) logic book)
Ehcache Embedded Optional disk Distribution via Java ~ Custom eviction, XML/Java config; Java EE, Hibernate/Spring
(Java), can be persistence RMI, replication cache notifications Spring/Hibernate caching
distributed supported integration
NCache Embedded + Yes (file/object Consistent hashing, SQL-like query, Cache dependen- ASP.NET apps, enterprise
client-server for caching) replication objects/files caching  cies, notifications, .NET caching
NET transactions
In-memory Redis Client-server Optional per- Primary-secondary, Strings, lists, sets, Pub/sub, Lua script-  Sessions, analytics, queues,
Data Stores sistence (RD- clustering, eventual hashes, streams, ing, eviction policies  leaderboards
B/AOF) consistency JSON (via RedisJ-
SON)
Aerospike Hybrid: RAM + Yes, optimized Automatic sharding, = Maps, lists, geospa- Secondary indexes, Real-time bidding, fraud
SSD for flash strong consistency, tial, CLOB auto rebalancing detection, [oT
ACID
KeyDB Redis-compatible  Optional persis- Primary-secondary Same as Redis Multi-threaded per- Redis alternative with
(multi-threaded) tence replication formance higher throughput
Tarantool In-memory + op-  Yes Sharding supported Data structures + ACID compliance High-performance OLTP,
tional persistence SQL + transactions caching
Oracle Client-server Yes (B-trees + Automatic sharding, = JSON, maps, arrays,  ACID transactions, Enterprise apps, Oracle-
NoSQL DB (Oracle ecosys- LSM trees) tunable consistency SQL-like querying Oracle integration based analytics
tem)
Highly- Amazon Decentralized, Yes Consistent hash- Key-value only Gossip protocol, Amazon-scale e-commerce
available Dynamo peer-to-peer ing, quorum-based anti-entropy
KV Stores replication

Continued on next page
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Category Store Architecture Data Persistence Distribution / Data Structures / Special Features Typical Use Cases
Replication Querying
Riak KV Dynamo-inspired  Yes Consistent hashing, Sets, maps, JSON MapReduce support  Session storage, IoT, log-
tunable consistency docs + Solr indexing ging
Voldemort Dynamo-inspired  Yes (Berke- Consistent hashing Binary data only Pluggable storage Large-scale web apps
leyDB, engines
RocksDB)
Etcd Strongly- Yes Raft consensus repli- ~ Simple key-value, Leader election, Kubernetes cluster state,
consistent cluster cation watch API service discovery config management
(Raft)
Embedded BerkeleyDB Embedded, li- Yes (B-tree, Primary-secondary Flexible schemas ACID, MVCC Embedded DB engine, local
KYV Stores brary mmap) replication caches
LevelDB Embedded, li- Yes (LSM Tree) No built-in replica- Sorted key-value Efficient writes Local storage, simple DB
brary tion (range queries) engine
RocksDB Embedded Yes (tiered LSM)  No built-in replica- Range queries Multi-threaded com-  Distributed systems needing
(LevelDB-based) tion paction, tiered stor- fast writes
age
LMDB Embedded Yes (B+Tree, No replication Key-value only Zero-copy, ACID, Read-heavy workloads,
mmap) read-optimized embedded apps, [oT
BoltDB Embedded (Go) Yes (B+Tree, No replication Page-based storage ACID, Go ecosys- Go apps, used by etcd
mmap) tem
Kyoto Cabi- Embedded Yes (B+Tree, No replication Flexible storage Append-only option,  Caching, indexing, write-
net hash tables) backends ACID, compression intensive workloads

Table 4: Comparative Overview of Key-Value Stores




5.4.2 The wide-column stores

Wide-column databases (table 5) are principally inspired by Google’s paper on Bigtable [44],
which is used in their production environment for large data storage.

Data Model. In wide-column databases (figure 2d), data is represented in rows, with each
row uniquely identified by a row key and composed of columns that can vary from one row to
another.

Columns in each row are organized into one or more groups called column families, which are
defined when the database is created.

Column families help categorize and physically group together columns that are logically re-
lated to each other. The column families can be physically distributed across different nodes.
Broadly speaking, wide-column databases can be considered a type of key-value store where
the value is structured hierarchically, with the key as the root, column families as children, and
these column families containing columns as their children.

Wide-column stores can store multiple versions of a column value using timestamps generated
either automatically by the store system or manually by the client application.

Query Model.  Queries in wide-column databases primarily perform key lookups. As pre-
viously explained, data in wide-column databases is represented in an aggregate format, with
rows viewed as data hierarchies. Aggregate records in wide-column databases can be con-
structed using MapReduce [47] frameworks, which enable parallelized calculations over very
large datasets across multiple machines. MapReduce is a low-level procedural language that
can be challenging to maintain. Therefore, data analytics platforms such as Pig and Hive bridge
the gap between declarative query languages and procedural MapReduce jobs by offering a
high-level query language that can be compiled into a sequence of MapReduce jobs. While
column family databases offer SQL-like queries, they are limited in expressivity, as only row
keys and indexed values can be used in WHERE clauses. Currently, there is no common query
language available for column-family databases.

Storage and Indexing Model. Typical wide-column databases use an LSM-tree data struc-
ture [31](figure 3). Data is first written to a commit log to prevent loss in case of failure, then
stored in a memory buffer (referred to as MemTable in Bigtable [44]) in lexicographical order.
When the buffer exceeds a certain size threshold, the data is persisted to storage as a file (re-
ferred to as SSTable in Bigtable) and cannot be altered afterwards. Since values in the stored
file cannot be directly changed, updating a value involves creating a new version, and deleting a
value involves creating a deletion marker to indicate that the value is considered deleted. Stored
files (SSTables) are periodically compacted into a single file. This process groups together val-
ues belonging to a row, reconciles versions, and removes values marked as deleted. LSM-trees
are efficient for random read operations, as reads are first applied to the buffer. Additionally,
stored files are searched from the latest to the oldest, allowing access to the latest versions of
values. To avoid searching for a non-existent key in a stored file, Bloom filters [3] are used.
LSM-trees are more suitable for applications where insert and delete operations are more fre-
quent than find operations. We have to precise that also key-value stores used LSM-trees as
storage engine (like RocksDB, LevelDB, etc...) but they are not wide-column stores.

Use Cases. The flexibility, scalability, and high performance of wide-column databases,
combined with MapReduce, make them suitable for Big Data storage and processing, real-time
data processing, time series data storage, sensor data storage, and log data storage.
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Wide-columns stores categorization according to their main feature. = We can globally
classify wide-column stores into those that use a distributed file system to manage data distri-
bution and those that handle data distribution independently (see Table 5).

* Distributed Filesystem based Data Stores: These are characterized by an underlying
third-party distributed data store to which they delegate the functions of data distribution
and replication. Examples include Bigtable [44] and HBase**.

Bigtable [44] was designed by Google to meet the requirements for a scalable, high-
performance, and fault-tolerant storage system capable of handling massive amounts of
structured data, as existing storage systems were insufficient. This system is capable of
managing petabytes of data across thousands of commodity servers. Data is stored in SSTa-
bles (Sorted String Tables), and a distributed lock service, also developed by Google, man-
ages metadata and coordination tasks. Built on top of the Google File System (GFS) [40],
Bigtable uses a distributed master server for metadata and tablet assignments and has been
used for applications such as Google Earth and Google Analytics.

HBase, an open-source implementation of the Bigtable concept, plays a key role in the
Hadoop ecosystem, seamlessly integrating with other Hadoop components such as Apache
Hive and Apache Spark. Utilizing the concept of MemStore for in-memory data and HFiles
for data stored in HDFS**, HBase has a Java-based API and employs HDFS for its under-
lying distributed storage. It leverages Hadoop MapReduce for processing and analyzing
large datasets and Apache Zookeeper for distributed coordination, leader election, and
metadata maintenance about the cluster. While HBase does not have a specific query
language, it automatically partitions and distributes tables into regions, each served by a
RegionServer, and as data grows, regions are automatically split to maintain even data dis-
tribution and load.

Accumulo®, derived from the Bigtable design concept, emphasizes strong security, pro-

3https://hbase.apache.org/book.html
3https://hadoop.apache.org/docs/r1.2.1/hdfs_design.html
3https://accumulo.apache.org/
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viding cell-level security access control that is more fine-grained than HBase’s ACLs at the
table and column family levels. Like HBase, Accumulo uses HDFS for distributed storage
and supports ACID transactions. It integrates well with MapReduce and offers a powerful
feature for customizing data processing called server-side iterators, allowing data modifi-
cation during scans, such as transformation or aggregation with the dynamic creation of
additional columns for newly processed data. Accumulo provides greater flexibility in data
compaction strategies, allowing different levels of compaction for individual tables, mak-
ing it a popular choice for applications requiring strong security features and fine-grained
access control, such as those in government agencies and the defense sector.

Hypertable®®, also inspired by Google’s Bigtable, uses HDFS as a storage backend. Un-
like HBase, Hypertable employs a schema-based design where the schema is predefined.
It features its own query language, HQL, and initially provided a Thrift-based API with
language bindings for various programming languages. Additionally, Hypertable supports
the use of Hadoop MapReduce jobs for processing and analyzing data stored within it.

Synthesis: We can say therefore that Distributed Filesystem based wide-column data
Stores rely on a third-party distributed storage backend, such as GFS or HDFS, for data
distribution and replication. They typically use a master-region server architecture (or
tablet servers) for metadata management and table partitioning. Bigtable pioneered this
approach, providing scalable, high-throughput storage for structured data, while HBase of-
fers an open-source Hadoop-integrated alternative. Accumulo builds on HBase by adding
cell-level security and fine-grained access control, making it suitable for sensitive appli-
cations. Hypertable emphasizes predefined schemas and provides its own query language
(HQL), often used with Hadoop MapReduce. These systems excel in analytics and large-
scale read/write workloads where fault-tolerant, coordinated storage is essential.

* Standalone-based Data Stores: These are characterized by having their own storage
backend independent of a third-party distributed file storage system.

Cassandra employs a peer-to-peer architecture where all nodes in the cluster have equal
roles. Drawing inspiration from Google’s Bigtable and Amazon’s Dynamo papers, Cas-
sandra combines the wide-column data model with Amazon’s consistent hashing method,
leading to a decentralized architecture. This design emphasizes high availability and parti-
tion tolerance, while offering tunable consistency levels to balance availability and consis-
tency. Featuring a SQL-like query language called CQL (Cassandra Query Language),
Cassandra supports multi-datacenter replication and integrates effectively with Apache
Spark®” for real-time data processing and analytics.

ScyllaDB* is a wide-column data store similar to Cassandra but written in C++ for en-
hanced efficiency. It claims higher throughput and lower latencies compared to Cassandra
on identical hardware. Using a shard-per-core architecture, each CPU core manages a
shard or subset of data, optimizing for parallelism and multi-core architectures. Support-
ing the Cassandra Query Language (CQL), ScyllaDB facilitates seamless migration from
Cassandra to ScyllaDB.

Synthesis: We therefore can say that standalone-based wide-columns stores implement
their own storage and distribution mechanisms, independent of a filesystem. They follow

3https://hypertable.com/
3https://spark.apache.org/docs/latest/
3Bhttps://docs.scylladb.com/stable/
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a peer-to-peer, masterless architecture with consistent hashing and tunable consistency, in-
spired by Bigtable and Dynamo. Cassandra supports multi-datacenter replication and of-
fers a SQL-like query language (CQL), balancing high availability, partition tolerance, and
eventual consistency. ScyllaDB improves on Cassandra by implementing a shard-per-core,
C++ design, reducing latency and increasing throughput, while remaining compatible with
Cassandra’s ecosystem. These systems are ideal for real-time, high-volume workloads
requiring low-latency operations and horizontal scalability.
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Table 5: Comparison of Wide-column Stores

Category Store Architecture Storage Back- Distribution / Coor- Query/API Special Features Typical Use Cases
end dination
Filesystem- Bigtable Master + tablet GFS + SSTables  Distributed lock Proprietary APIs Highly scalable, Google Earth, Google Ana-
based servers service (Chubby) for  (internal at Google) petabyte-scale, used  lytics, Search indexing
metadata internally at Google
HBase Master + Region- HDFS (HFiles+  ZooKeeper for coor-  Java API, integrated =~ Auto-sharding, re- Hadoop ecosystem, analyt-
Servers MemStore) dination with Hadoop, no gion splits, MapRe- ics, real-time reads/writes
SQL duce integration
Accumulo Tablet servers HDFS ZooKeeper + server-  Java API, Hadoop Cell-level security, Government, defense, ap-
(Bigtable-like) side iterators integration flexible compaction,  plications requiring fine-
ACID support grained access control
Hypertable Master + Range-  HDFS Hadoop MapReduce = HQL (Hypertable Predefined schemas, = High-throughput apps,
Servers support, metadata Query Language), custom language structured workloads
services APIs (Thrift-based) bindings
Standalone- Cassandra Peer-to-peer (no Native storage Consistent hashing CQL (SQL-like) Multi-datacenter Large-scale web apps, 10T,
based master) engine + gossip protocol, replication, tunable time-series, analytics
tunable consistency CAP trade-offs
ScyllaDB Peer-to-peer, Native storage Same as Cassandra CQL (Cassandra- High through- Drop-in Cassandra replace-
shard-per-core engine (C++ (gossip + partition- compatible) put, low latency, ment, low-latency apps

optimized)

ing)

hardware-efficient




5.4.3 The Document stores

The document-oriented data storage approaches (table 6) can be viewed as an implementation
of the semi-structured data models described in [32]. Therefore, we will first explain the
concept of semi-structured data before discussing the document data model, which is one of its
implementations.

The Data Model. Semi-structured data (figure 2b,c) is represented as a self-describing hier-
archical structure that can include nested objects, lists, and attributes. In this model, the schema
is stored within the data itself, using structural or semantic tags to define the data structure. This
approach is based on the idea of representing data without an explicit and separate schema def-
inition.

Semi-structured data has the following properties:

* An irregular structure;

* An implicit structure (similar to HTML tags), which can be interpreted by the application
or directly by the database;

* A partial structure, meaning parts of the data can be stored outside the database;

* A schema that is a-posteriori: Unlike traditional databases where the schema is predefined,
in semi-structured data the schema is derived after the data exists. This is advantageous
for integrating data from different sources with varying schemas. Until a fixed common
schema is agreed upon, the a-posteriori schema allows for initial use of loose structures for
different sources before finalizing a structure in the future [32];

* Rapid schema evolution: The schema can be updated flexibly and frequently, which is
different from classical databases where schema updates are rare and costly. This is useful
in scenarios where experimental techniques evolve, causing the resulting data schemas to
change gradually.

The document structure is suited for storing data aggregates, meaning it groups together data
usually represented in multiple records related by one-to-one or one-to-many relationships in
the relational data model.

Depending on the database system, documents can be represented in formats such as JSON
(e.g., in CouchDB, CouchBase), BSON (e.g., in MongoDB), or XML (e.g., in MarkLogic, Vir-
tuoso).

In XML format [33], elements are delimited by tags that can contain simple text, sub-elements,
or a combination of both.

XML was initially used for managing content in applications such as healthcare, science, and
digital libraries, and for data exchange between nodes. JSON [70], defined as JavaScript Ob-
ject Notation, originates from the object data type representation in the JavaScript programming
language.

JSON-based NoSQL stores have gained popularity over XML due to their compactness, sim-
plicity, and alignment with modern programming languages. They are commonly used in in-
teractive and dynamic web applications.

The Query Model.  The query languages for document stores are generally procedural.
Depending on the data store technology, operations such as aggregation, grouping, MapReduce,
and regular expressions filtering are available.
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Storage and Indexing Mode.  Document stores can represent data physically on drive in
JSON, BSON and be stored in B-tree / B+ tree and also indexed locally B+ trees. However,
there is a trend towards the use of Log-Structured Merge (LSM) trees for data storage. For
distrbuted aspect, we can see section 5.5.

The Use Cases. Document stores are well-suited for various use cases, including Content
Management Systems, Product Catalogs, User Profiles and Personalization, Event Logging and
Time Series Data, and Internet of Things (IoT) Data.

Document stores categorized according to their main feature.

* Standard Document Stores: They are used for standard contents data access.

MongoDB*° became popular for web applications and projects requiring quick iteration
and agile development. Storing data in a JSON-like format called BSON (Binary JSON),
MongoDB supports a query language with syntax similar to JSON, making it easy to read
and write, and thus intuitive and familiar to developers. A powerful aggregation frame-
work is included for performing complex data transformations and computations. Various
types of indexes are supported, such as single-field, compound, text, geospatial, and hashed
indexes, using a B-tree data structure. MongoDB features automatic sharding and replica-
tion and includes a specification for storing and retrieving large files (called GridFS *°) in
a scalable manner. Initially using the MMAPvV1 storage engine, MongoDB now employs
WiredTiger as the default storage engine. MMAPV1 relies on memory-mapped files for
storage, while WiredTiger enhances document-level concurrency control and supports on-
the-fly compression of data on disk. Using an LSM-tree for data storage and a B-tree for
primary and secondary indexing, WiredTiger is designed to handle mixed workloads effi-
ciently, such as read-heavy and write-heavy scenarios. Multi-document ACID transactions
are supported, and MongoDB benefits from a large and active community.

RavenDB*!, similar to MongoDB but written in C#, uses a LINQ-based query language
called RQL, resembling SQL and well-suited for .NET developers familiar with LINQ.
Full-text search capabilities and ETL features for moving and transforming data between
different databases and systems are included. RavenDB supports Map-Reduce [47] to per-
form complex data transformations and aggregations. Offering indexes such as MapRe-
duce indexes, which provide real-time aggregation, means that as new documents are
added or existing ones are updated, the index is incrementally updated, keeping results
current. These indexes allow efficient querying of aggregated data without the need for
costly and slow aggregations at query time, making it suitable for real-time analysis or
reporting. Additionally, RavenDB supports standard static indexes and dynamic indexes,
which adapt to varying query requirements. Multi-map indexes can combine data from
multiple document types into a single index, and automatic indexing based on analysis
of query patterns reduces the need for explicit index creation and maintenance. Geospa-
tial and time series-based indexes are also supported. Using a storage engine called Voron,
which relies on a B+tree data structure for organizing and storing data on disk and employs
memory-mapped files for managing data storage, RavenDB supports ACID transactions
with snapshot isolation and storage compression.

Synthesis: We can say therefore that Standard document stores like MongoDB and RavenDB

3https://www.mongodb.com/docs/
“Ohttps://www.mongodb.com/docs/manual/core/gridfs/
“https://ravendb.net/
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are optimized for web applications and general-purpose document management. They sup-
port JSON-like documents, indexing, and ACID transactions, with MongoDB emphasizing
horizontal scaling and mixed workloads, while RavenDB integrates tightly with .NET and
offers real-time indexing and aggregation.

* Realtime Data Stores: are better suited for applications requiring real-time data access.

CouchDB* offers bi-directional replication suitable for decentralized data stores. Pro-
viding a RESTful HTTP API, CouchDB allows storage of attachments such as images
and files along with documents. Supporting eventual consistency, CouchDB enables client
usage in disconnected mode. Views can be created based on data processing with MapRe-
duce functions, and CouchApps—web applications that can be served directly from the
database—are supported.

Couchbase*’ combines the document-oriented features of CouchDB with the distributed
caching capabilities of Membase, resulting from the merger of CouchOne and Membase.
Adopting a memory-first architecture, Couchbase prioritizes in-memory storage, repre-
senting data in JSON documents. Features for edge and mobile devices are available
through Couchbase Lite, an embeddable data store for mobile devices, and Couchbase
Sync Gateway, which enables real-time synchronization between Couchbase Lite nodes
and the server. Couchbase Lite can act as a synchronized replica of selected server data,
storing it locally on mobile devices, which is convenient for offline mode. It also syn-
chronizes data from other Couchbase Lite nodes, using a conflict resolution mechanism
to handle conflicts that may arise when disconnected from the Couchbase Sync Gateway.
Couchbase offers primary and secondary indexes, utilizing local secondary indexes to limit
indexing to specific nodes and Global Secondary Indexes to index data across all nodes.
Covered index queries are supported, where the index contains all necessary information to
satisfy the query, eliminating the need to access the concerned documents and improving
performance. Partial indexes cover a subset of documents based on specific conditions.
Automatic index creation optimizes queries, and geospatial indexing is supported. In-
dexes can be partitioned among nodes to distribute workloads, aiding horizontal scalability.
Couchbase uses N1QL, a SQL-based query language, allowing powerful queries includ-
ing joins and aggregations, and supports full-text search and multi-dimensional scaling by
allowing independent scaling of services such as data, query, index, search, analytics, and
eventing. The analytics service enables analytics and reporting based on the Couchbase
Analytics service, using the SQL++ query language. The eventing service allows creating
event-driven functions and triggers based on changes to data. Couchbase provides tunable
consistency, allowing a balance between performance and consistency levels, specified for
each query. This flexibility aids in scaling depending on different workload types. Consis-
tent hashing is used for data distribution, and Couchbase supports multi-master replication,
allowing write operations on both the primary copy and replicas. Cross-datacenter repli-
cation (XDCR) enables data replication to different locations, offering low-latency access
to data regardless of user location.

RethinkDB* is known for providing live, up-to-date query results in real-time, simplify-
ing the development of real-time and collaborative applications.

“https://couchdb.apache.org/
“https://www.couchbase.com/
“https://rethinkdb.com
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Mnesia*, developed as part of the OTP (Open Telecom Platform) framework, is used in
Erlang/OTP applications, particularly in telecommunication and distributed systems where
fault tolerance, scalability, and real-time capabilities are critical. Primarily designed as a
distributed, in-memory oriented storage, Mnesia also offers options for persistent storage
on disk. Built on the Erlang VM, Mnesia is highly concurrent and supports ACID trans-
actions. It is designed to support hot code upgrades in Erlang/OTP systems, allowing
continuous operation during updates. Mnesia enables powerful queries based on Erlang’s
pattern matching capabilities and provides event-handling mechanisms, allowing applica-
tions to be notified of data changes in real-time, making it advantageous for reactive and
event-driven systems.

Synthesis: We can say as synthesis that Realtime document stores such as CouchDB,
Couchbase, RethinkDB, and Mnesia provide low-latency data access and replication. CouchDB
enables offline/disconnected mode, Couchbase adds distributed caching and mobile/edge
support, RethinkDB offers live query updates, and Mnesia targets high-concurrency Erlang
applications with ACID compliance and event-handling.

« Embedded Data Stores: These are suitable for use in resource-constrained environments,
making lightweight and easy-to-use embedded databases useful.

LiteDB* is designed for various .NET environments, including desktop, mobile, and web
applications. Supporting LINQ query types, LiteDB allows the storage of file attachments
within the database, making it suitable for scenarios requiring the association of docu-
ments with external files. By default, data is automatically indexed to optimize query
performance, and LiteDB is easily extensible.

UnQLite*” provides both key-value and document storage modes. Written in C, UnQLite
integrates well with C applications. The query language uses a JSON-like syntax and sup-
ports basic CRUD (Create, Read, Update, Delete) operations along with full-text search
capabilities. Leveraging memory-mapped files improves performance, and UnQLite sup-
ports extensions and customizations to meet specific use cases.

Synthesis: We can say that Embedded document stores like LiteDB and UnQLite are
lightweight, file-based systems suitable for resource-constrained environments. They pro-
vide simple query mechanisms, ACID compliance, and often support both document and
key-value modes, enabling local storage in desktop, mobile, or embedded applications.

“https://www.erlang.org/doc/apps/mnesia/mnesia.html
“https://www.litedb.org/
“Thttps://unqlite.symisc.net/
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Table 6: Comparison of Document Stores

Category Store Architecture Storage Back- Distribution / Coor- Query/API Special Features Typical Use Cases
end dination
Standard MongoDB Client-server WiredTiger (de- Automatic sharding JSON-like query ACID transactions, Web apps, rapid develop-
Document fault), MMAPv1  and replication language, aggre- GridFS *® for large ment
Stores (legacy), BSON gation framework, files, mixed work-
B-tree indexes loads
RavenDB Embedded / Voron (B+Tree +  Replication, dis- LINQ-based RQL, ACID transactions, .NET apps, ETL, reporting
Client-server mmap) tributed coordination = Map-Reduce, dy- automatic indexing,
namic/static indexes, real-time aggrega-
geospatial/time- tion
series
Realtime CouchDB Client-server, Attachments + Bi-directional repli- ~ MapReduce views Eventually consis- Decentralized apps, offline-
Data Stores RESTful HTTP JSON documents  cation, offline mode tent, CouchApps capable apps
API
Couchbase Memory-first, JSON documents =~ Multi-master replica- N1QL (SQL-like), Tunable consistency, Real-time apps, mobile
distributed tion, XDCR primary/secondary/-  mobile/edge support  apps, analytics dashboards
caching global indexes, full- via Couchbase Lite,
text search analytics, eventing
RethinkDB Client-server, JSON documents  Automatic push Realtime queries, Live query results Collaborative apps, dash-
in-memory + updates to clients live feeds for clients boards, notifications
disk
Mnesia Distributed in- In-memory with Fault-tolerant, hot Pattern matching ACID transactions, Telecom, distributed sys-
memory (Er- optional disk code upgrades queries event-handling tems, reactive apps
lang/OTP) persistence
Embedded LiteDB Embedded Single file N/A LINQ queries, auto-  Stores attachments, Desktop, mobile, web apps
Data Stores (.NET) database matic indexing lightweight
UnQLite Embedded (C) Memory-mapped  N/A JSON-like CRUD Key-value + doc- C applications, embedded

files

queries, full-text
search

ument storage,
lightweight

systems

“Bhttps://www.mongodb.com/docs/manual/core/gridfs/



5.4.4 The graph-oriented stores

Graph databases [43, 79, 86] (table 7) are database systems designed to store, query, and man-
age graph-structured data. Instead of using rigid tables (as in relational DBs), graph databases
natively store vertices (nodes) and edges (relationships), often enriched with labels and proper-
ties. They excel in handling highly connected data, such as social networks, knowledge graphs,
or recommendation systems.

The advantages of adopting graph data stores are:

* More natural modeling: Graph structures are visible to the user, with all information
about an entity kept in a single node, facilitating easy access to information about all its
connections.

* Queries directly referring to the graph structure: Specific graph operations, such as
searching for shortest paths and identifying subgraphs, can be integrated into the query
language algebra. Graph operations allow for high-level query abstraction, unlike navi-
gational data models such as hierarchical and network models that require knowledge of
low-level physical operations for navigation.

* Dedicated data structures for graph storage and efficient graph algorithms: These are
designed for graph-oriented operations.

There are multiple variations of graph databases, including classical graph databases, graph
streaming frameworks, and graph processing systems, described as follows:

* Classical graph databases, also known as Transactional graph stores, focus on dynamic
graph-based data and are suited for queries typically applied to a local part of the data.

* Graph processing systems, also known as Analytical graph stores, focus on static and
simple graphs with an emphasis on global graph analytics (e.g., PageRank [35]). Graph
processing is used in diverse areas such as machine learning, computational sciences, med-
ical applications, social network analysis, and more.

* Graph streaming frameworks input graphs as a stream of data, simplifying the addition
and removal of edges. They focus on simple graph models where edges or vertices may
have weights and, in some cases, simple additional properties such as timestamps [107].

Some graph stores are hybrid, offering both transactional and analytical capabilities. This
text focuses on classical graph databases. Modern graph databases in production tend to be
large and highly dynamic, often experiencing regular structural changes. Graph stores face
challenges in distributing components of graphs among multiple servers because data must be
stored to minimize cross-node graph traversals [84, 102]. They also lack a standardized query
language. Some consider RDF databases as graph databases, but the primary model used for
practical graph storage is the Labeled Property Graph (LPG) data model [83]. Representing
RDF-based data in LPG graphs is challenging because in RDF, the predicate can be a subject
for another triple, requiring the predicate to be converted into a node in the LPG graph.
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Data Model. Graph-oriented stores (figure 2e) draw inspiration from graph theory and
are efficient in storing data requiring advanced manipulation of links between data, especially
where the density of links is higher than in relational stores, necessitating special storage and
access modes for efficient traversal among data. The graph data model represents data as nodes
(vertices) connected by links (edges). Graphs can have directed or undirected edges, with edges
and nodes being labeled or unlabeled.

Several proposals for graph data model variants exist, but the predominant one is the Labeled
Property Graph (LPG) data model, consisting of nodes and edges categorized with labels and
having one or many properties represented by key-value pairs.

The query model. Data manipulation in graph databases is performed using graph-oriented
operators. Graph databases can be queried in two general ways: graph pattern matching and
graph traversal.

* Graph pattern matching: Involves finding paths that match a given graph pattern.
* Graph traversal: Involves traversing the graph according to a given description, which
can use either breadth-first or depth-first traversal methods.

Most graph databases can be accessed through REST APIs. Unlike other types of NoSQL
databases, several standard query languages are shared among graph databases, such as Grem-
1in*’, Cypher [85], and SPARQL?" [49], which have graph pattern matching capabilities. SPARQL
is a declarative query language designed to query RDF graphs, while Cypher is a declarative
query language designed for labeled property graph databases. Gremlin [76], on the other hand,

is a graph traversal query language whose style is more imperative and functional.

Storage and Indexing Methods.  Graphs can be represented using native methods or by
employing other database types, such as relational or NoSQL-based data models.

There are different representations of graphs, such as:

* Adjacency matrices: Simple representation of vertex connections, efficient for dense
graphs but memory-intensive for large sparse graphs.

* Compressed Sparse Row (CSR): Stores neighbor lists compactly in arrays, widely used
for sparse graphs due to space efficiency and fast traversal.

* Compressed adjacency lists: Variants that reduce storage using delta encoding, re-pairing,

or reference-based compression, suitable for large graphs with locality in vertex IDs.

K>2-trees: Succinct representation of adjacency matrices using recursive partitioning, en-

abling compact storage of very large sparse graphs (e.g., web graphs).

Labeling schemes for reachability: Store additional information with nodes (e.g., 2-hop

labeling) to efficiently answer reachability queries without full graph traversal.

Structural summaries: Techniques such as simulation or bisimulation that group equiva-

lent nodes or subgraphs, both compressing the graph and accelerating pattern queries.

For connectivity between records (vertices), two methods are possible:

* Store direct pointers to the concerned records: This provides fast access to records with-
out needing an index to find their physical location, making it efficient for graph traversal.

“https://tinkerpop.apache.org/docs/current/reference/
Ohttps://www.w3.org/TR/sparqll 1-query/
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* Store unique IDs of the concerned records: This requires indexing these IDs to look up
the physical location of the records. While this method allows for changes in the physical
location of records without changing the unique ID, it slows down access due to the need
for index lookups before accessing the records. This is efficient when the referred records
frequently change location with updates.

Sometimes, graph data is stored directly in an index, such as in triple stores (RDF). An example
is Jena TDB.

We can categorize different types of indexes based on their role:

* Neighborhood-Based Indexes: Used to speed up access to adjacency lists to accelerate
traversal queries.
* Data Indexes: Designed to index data for quick retrieval and processing.

Use Cases.  Graph databases are suitable for highly interconnected data and are efficient in
traversing relationships. They are used in complex network-based applications such as social
networks, telecommunications, biological networks, recommendation systems, pattern recog-
nition, dependency analysis, pathfinding solutions for navigation systems, web, geographical
systems, transportation, social and biological networks.

Graph stores categorized according their main feature.

» Classical graph stores: they represent standard graph stores designed to efficiently store,
manage, and query graph structures.

Neodj! was developed to handle interconnected data, such as social networks and rec-
ommendation engines. Originating as a native graph storage system, Neo4j is currently
the most representative among graph data stores. Based on the Labeled Property Graph
(LPG) data model, Neo4j uses the declarative query language Cypher, which has become
a standard for some other graph data stores. Cypher supports query types including pattern
matching, traversal, and filtering, and provides aggregation functions and sorting capa-
bilities. Real-time subscriptions to data changes for specific queries are also supported.
Neo4j offers various types of indexing, such as simple, composite, spatial, and full-text
indexing, and supports ACID transactions. Neo4j separates nodes, relationships, labels,
properties, and indexes into different stores. It supports two clustering modes: shared file
system clustering, with a designated master node for write/read operations and replication
nodes restricted to read-only; and causal clustering, a newer mechanism based on the Raft
consensus algorithm, treating all nodes as equal replicas that support both read and write
operations with strong consistency guarantees.

JanusGraph®’supports the graph property data model and is built on top of Apache Tin-
kerPop, a graph computing framework. Designed for high scalability and distribution,
JanusGraph supports automatic sharding of data across multiple nodes and uses the Tin-
kerPop Gremlin query language, an imperative graph traversal language. It supports ACID
transactions, indexing mechanisms, and full-text search via Apache Lucene and Elastic-
search. With a masterless architecture using consistent hashing, JanusGraph supports mul-
tiple storage backends, such as Apache Cassandra, Apache HBase, and Google Cloud
Bigtable, allowing users to choose the backend that best fits their specific requirements.

Shttps://neo4j.com/
https://docs.janusgraph.org/
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It can parallelize query execution across multiple nodes with partition-aware query plan-
ning. Vertex-centric indexing supports scalable and distributed indexing, and JanusGraph
also supports graph analytics algorithms like community detection, centrality analysis, and
pathfinding.

Dgraph™ is a property graph-based data store with a distributed architecture at its core.
Using GraphQL#, a graph query language that extends GraphQL, Dgraph represents graph
data using RDF triples. Unlike classical RDF, Dgraph allows RDF predicates linking a
subject and object to have special properties called facets. An optional schema speci-
fies types, predicates (properties), and indexes. Supporting ACID transactions, Dgraph
uses snapshots to provide a consistent view of data in transactions and queries. Faceted
search and filtering are supported, and integration with the full-text search engine Bleve
enhances search capabilities. Dgraph offers two key-value stores as storage engines: Bad-
ger and RocksDB. Both use an LSM (Log-Structured Merge) tree structure, efficient for
write-intensive workloads. Badger, closely integrated with Dgraph, provides efficient stor-
age and retrieval, while RocksDB offers more options for handling data persistence effec-
tively with the Write-Ahead-Log mechanism. Badger is suitable for high-speed operations
(adapted to SSDs), and RocksDB for large datasets (adapted to disk storage). Dgraph au-
tomatically indexes node properties and supports exact and full-text indexing. The Raft
consensus algorithm ensures fault tolerance and consistency in a distributed environment,
allowing reads and writes from clients on any node. Write operations on replicas are coor-
dinated by a leader node elected through the Raft consensus mechanism. Distributed trans-
actions are supported, and predicate-based sharding is used to distribute data across nodes,
associating predicates (edge labels or property names) with a set of shards. Dgraph’s query
planner analyzes queries to determine the most efficient execution method across the dis-
tributed cluster and employs techniques to reduce network overhead, such as selective data
fetching and efficient results aggregation.

Synthesis: We therefore can say that classical Graph Stores like Neo4j, JanusGraph,
and Dgraph are optimized for general-purpose graph workloads. Neo4j is a native graph
database, ideal for connected data and real-time queries with ACID compliance. Janus-
Graph focuses on scalability and supports multiple storage backends, making it suitable
for large distributed graphs. Dgraph provides a fully distributed property graph system
with predicate-based sharding and GraphQL+ for high-throughput analytics.

* In-memory graph stores: These systems keep the entire graph (or its active working
set) in main memory rather than on disk. This design enables extremely fast traversals
and queries, with very low latency and high throughput. However, it comes at the cost
of higher memory consumption and often limited dataset size, making them best suited
for real-time analytics, recommendation engines, or scenarios where speed is more critical
than persistence.

Memgraph’* is a property graph data store optimized for in-memory storage and process-
ing, effectively handling high-performance graph queries and real-time analytics. Mem-
graph supports the Cypher query language, based on Neo4j’s Cypher. Features include
automatic sharding, distributed query parallelization, and dynamic scaling, suitable for
scenarios requiring rapid data processing and analysis.

Shttps://dgraph.io/docs/
*https://memgraph.com/docs
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* Graph Semantics-oriented graph stores: are design to support data wich rich semantics.
They often utilize standards such as RDF and support SPARQL query languages.

Ontotext GraphDB> is a semantic graph database based on the RDF data model. As a
native RDF database, Ontotext GraphDB supports SPARQL, OWL (Web Ontology Lan-
guage) reasoning, and rule-based inference, enabling users to define custom rules to infer
new facts from existing data. The database also supports the SeRQL (Sesame RDF Query
Language) and stores data in a proprietary binary format, facilitating the use of Named
Graphs and optimizing large datasets. Using B+Tree indexes for RDF data indexing and
searching, it can also utilize bitmap indexes for specific filtering operations. Separate in-
dexes are maintained for subjects, predicates, and objects, known as SPO indexes. Integra-
tion with Lucene provides textual indexing, and geo-spatial indexing and clustered indexes
are supported, allowing indexes to be distributed across nodes. Relevance ranking assigns
scores to query results based on relevance to search criteria. Users can customize indexing
settings based on specific requirements. Ontotext GraphDB employs in-memory caching,
supports Snapshot Isolation for consistency, and MVCC for concurrent transaction han-
dling. Integration with other Ontotext platform components, including text analytics and
semantic annotation tools, provides a comprehensive solution for structured and unstruc-
tured data. Graph analytics on stored RDF data can be performed, and support for Linked
Data principles enables data interlinking across different web sources. Data distribution
across multiple nodes for large-scale datasets is supported, and users can choose between
strong and eventual consistency. Versioning manages changes to the graph over time, and
for distribution, various sharding strategies, such as hash-based and range-based, are sup-
ported. The Primary-secondary replication mechanism ensures queries are routed to the
appropriate nodes containing relevant data. Commonly used in applications involving se-
mantic web technologies and linked data.

Stardog’® serves as an enterprise knowledge graph platform. Supporting SPARQL for
queries and OWL reasoning, Stardog also accommodates the property graph data model
and the Gremlin query language. Additionally, it supports the GraphQL query language,
which can map to RDF or property graph data models. A notable feature is data vir-
tualization, allowing users to query and access data from different sources as if stored
in a single, unified database. This includes relational databases, NoSQL databases, web
services, and other storage solutions, enabling organizations to build knowledge graph ca-
pabilities using their existing infrastructures. Stardog provides a unified view of diverse
data, supports temporal reasoning for modeling and querying time-dependent information,
and integrates full-text search and geo-spatial indexing capabilities. Utilizing triple in-
dexes that combine hash-based and tree-based indexing, Stardog also supports composite
indexes by combining multiple RDF triple components. Various storage backends, such
as local disks, networked file systems, or cloud-based solutions, are supported. Consistent
hashing distributes data across nodes, with replication being Primary-secondary and either
synchronous or asynchronous. Stardog is primarily used for enterprise knowledge graph
and data integration scenarios.

AllegroGraph®’ is similar to Ontotext GraphDB but includes support for GeoTemporal
reasoning, allowing querying of data with spatial and temporal dimensions. AllegroGraph
supports the RDF data model and SPARQL query language, integrates well with Common

Shttps://graphdb.ontotext.com
Ohttps://docs.stardog.com/
SThttps://allegrograph.com/
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Lisp (a powerful and extensible programming language), and includes a built-in Prolog
interpreter for rule-based reasoning and inference.

Blazegraph’® is designed for massively parallel data processing, known for high through-
put and low latency. Supporting GPU acceleration for parallel processing on certain graph
algorithms and analytics, Blazegraph efficiently handles large-scale graphs and complex
queries. The RDF data model is used, with engineering for high performance and scala-
bility. Inferences based on both RDFS and OWL are supported, along with the SPARQL
query language. GeoSPARQL enables storage, querying, and analysis of geospatial infor-
mation. Blazegraph supports read and write operations on multiple versions of a graph for
scenarios requiring historical or versioned data. Graph analytics features offer advanced
computations on graph data, such as graph traversal and pattern identification, with inte-
gration capabilities for Apache Spark for large-scale analytics and processing. Distribution
is supported using consistent hashing, and the Primary-secondary-based replication mode
facilitates geo-replication and cluster deployment in different geographical locations.

Synthesis: We can say that graph Semantics-oriented Stores (Ontotext GraphDB, Stardog,
AllegroGraph, Blazegraph) emphasize RDF and semantic data management. They support
SPARQL, reasoning with OWL or Prolog rules, and advanced features like temporal or
geospatial queries. These stores are tailored for enterprise knowledge graphs, linked data,
and applications requiring rich semantic querying and inference, with strong consistency
and distributed capabilities.

8https://github.com/blazegraph/database/wiki/Main_Page
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Table 7: Comparison of Graph Stores

Category Store Architecture Storage Back- Distribution / Coor- Query / API Special Features Typical Use Cases
end dination
Classical Neo4j Native graph Separate stores Shared file system Cypher ACID transactions, Social networks, recom-
Graph storage, Labeled  for nodes, rela- clustering or causal indexing (simple, mendation engines
Stores Property Graph tionships, proper-  clustering (Raft) composite, spatial,
ties full-text), real-time
subscriptions
JanusGraph Distributed, mas-  Multiple storage =~ Automatic shard- TinkerPop Gremlin Vertex-centric in- Large-scale distributed
terless, property backends (Cas- ing, partition-aware dexing, full-text graphs, analytics
graph sandra, HBase, query planning search via Lucene/E-
Bigtable) lasticsearch, ACID
transactions
Dgraph Distributed prop-  Badger/ Raft consensus, GraphQL+ Faceted search, Scalable graph applications,
erty graph, RDF ~ RocksDB (LSM  predicate-based automatic indexing, real-time queries
triples trees) sharding, distributed ACID transactions,
transactions high-speed writes
In-Memory Memgraph In-memory, prop- In-memory stor-  Automatic sharding, = Cypher Real-time analytics,  Real-time graph analytics,
Graph erty graph age distributed query high-performance streaming data applications
Stores parallelization queries
Graph Ontotext RDF triple store B+Tree indexes, Primary-secondary SPARQL, SeRQL OWL reasoning, Semantic web, linked
Semantics- GraphDB SPO indexes, replication, sharding rule-based inference, data, enterprise knowledge
Oriented bitmap indexes (hash/range) full-text search, geo-  graphs
spatial indexing
Stardog Knowledge graph  Triple indexes, Consistent hashing, SPARQL, Gremlin, Data virtualization, Enterprise knowledge
platform, RDF +  hash/tree-based, Primary-secondary GraphQL temporal reasoning, graphs, data integration
property graph composite in- replication full-text and geo-
dexes spatial indexing
AllegroGraph  RDF triple store Triple indexes Primary-secondary SPARQL Prolog-based infer- Semantic web, spatio-
with geotemporal replication ence, GeoTemporal temporal analytics
reasoning reasoning

Continued on next page
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Table 7 — continued from previous page

Category Store Architecture Storage Back- Distribution / Coor- Query/API Special Features Typical Use Cases
end dination
Blazegraph RDF triple LSM-based stor-  Consistent hashing, SPARQL GPU acceleration, Large-scale RDF analytics,
store, high- age Primary-secondary RDFS/OWL infer- complex queries, historical
performance replication ence, GeoSPARQL, graph data

graph analytics




For further information about the properties of the different graph stores, see the table ??.
5.4.5 Multi-model NoSQL data stores

The multi-model data stores (table 8) categorized here are designed to natively manage multi-
ple data models. Table 8 describes some multi-model oriented data stores.

Virtuoso®® [50] is known for its versatility, supporting both SQL and SPARQL while managing
data models such as relational data, the RDF data model for the semantic web, and document
data models based on XML or JSON, as well as key-value data models. It includes full-text
search capabilities and supports various types of indexes, including full-text indexes, geospa-
tial indexes, clustered indexes (which organize data physically based on the order of the in-
dex), uniqueness indexes, filtered indexes, and bitmap indexes. Virtuoso also offers linked data
features. It maintains a Primary-secondary replication system that can be either synchronous
or asynchronous. Various sharding strategies are allowed, including range-based partition-
ing, hash-based partitioning, and other custom strategies. Geospatial data can be queried with
GeoSPARQL. Virtuoso’s data virtualization feature allows the integration of external relational
databases and web services.

MarkLogic® is well-known as a document-centric data store but also supports the RDF triple
data model and the property graph data model. It permits the storage of geospatial data. Doc-
uments, triples, graphs, and geospatial data can coexist in the same database instance. Mark-
Logic provides full-text search capabilities and supports ACID transactions, ensuring data in-
tegrity and consistency. It also allows data integration from various sources.

ArangoDB®! [106] is primarily a document-oriented data store but also supports graph and
key-value data models. With ACID transactions, it ensures data integrity and consistency. It
supports a declarative query language called AQL (ArangoDB Query Language), enabling joins
between collections and multi-collection transactions. ArangoDB includes a microservices
framework called Foxx, allowing users to develop and deploy JavaScript-based microservices
within the database. It supports clustering based on a Primary-secondary architecture and has
a shard coordinator to distribute data across shards. The shard key is a document attribute or a
set of attributes chosen by the user. It also supports full-text search and geospatial indexing.

OrientDB®? supports multiple data models, including document, graph, key-value, and object-
oriented models. It uses a SQL-like query language and supports both schema-less and schema-
full modes. OrientDB allows polymorphic queries, enabling data querying across different
classes that share common properties. It supports ACID transactions and employs a multi-
master replication strategy. For distribution, shard keys can be based on one or multiple prop-
erties. In terms of indexing, it supports full-text indexing and geospatial indexing. OrientDB
also supports triggers and functions, allowing the definition of logic based on certain events or
conditions.

Synthesis: We can say therefore that the multi-model databases have the purpose to combine
the different strengh of the data models. Virtuoso is versatile, handling relational, RDF, docu-
ment, and key-value data, with strong indexing, sharding, and data integration features. Mark-
Logic focuses on documents and semantic data, offering full-text search, geospatial queries,

Shttps://docs.openlinksw.com/virtuoso/
Ohttps://www.progress.com/marklogic
6T https://arangodb.com/
2https://orientdb.dev/
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and ACID transactions. ArangoDB combines document and graph models, supports multi-
collection queries with AQL, ACID transactions, clustering, and microservices. OrientDB
supports document, graph, key-value, and object-oriented models, allowing flexible queries,
multi-master replication, triggers, and schema options.
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Table 8: Comparative summary of multi-model data stores including architecture, storage backend, special features, and typical use cases

Store Architecture Storage Data Models Query / API Special Features Typical Use Cases
Backend
Virtuoso Multi-process, Disk-based Relational, RDF, SQL, SPARQL Linked data, multiple Linked data, semantic
shared-nothing Document (XM- sharding strategies, web, integration of
L/JSON), Key- data virtualization multiple data sources
Value
MarkLogic  Server-based, Disk-based Document, RDF  Built-in query Full-text search, multi-  Multi-model storage,
document-centric triples, Property ~ API, SPARQL model coexistence, geospatial data, enter-
Graph, Geospa- geospatial support prise integration
tial
ArangoDB  Clustered Disk- Document, AQL (joins, Microservices frame- Multi-model applica-
Primary- based, Graph, Key- multi-collection), work, multi-collection  tions, microservices,
secondary sharded Value Foxx microser- transactions, shard co-  complex queries
vices ordinator
OrientDB Multi-master Disk- Document, SQL-like, poly- Triggers, functions, Polymorphic queries,
cluster based, Graph, Key- morphic queries  schema-less/schema- schema-less/schema-
sharded Value, Object- full support full applications, multi-
Oriented model enterprise use




5.4.6 Cloud managed NoSQL data stores

Cloud-managed data stores (table 9), similar to standalone NoSQL data stores, offer the advan-
tage of eliminating the complexity of manually deploying a data store infrastructure.
Cloud-based storage allows resources to be scaled based on demand, with users paying only
for the throughput and storage consumed. Cloud providers typically handle maintenance tasks
such as backups, updates, and security patches. These services often provide high availability
and disaster recovery options, ensuring data durability and minimizing downtime. They also
offer integration with other cloud services, such as analytics, machine learning, and monitoring
tools.

Azure Cosmos DB® is a multi-model, globally distributed database service. It supports mul-
tiple data models, including document (using JSON), key-value, graph (with Gremlin), and
wide-column (with Cassandra). It enables users to replicate and distribute data across multi-
ple regions. Indexing is automatic and instantaneous as data is ingested. It supports SQL-like
queries. Multiple consistency models are offered, including strong, bounded stateless, session,
and eventual consistency, depending on the requirements. It also supports APIs from different
data models, such as MongoDB, Cassandra, Gremlin, and Azure Table Storage. It provides
automatic scaling. In terms of replication, it supports multi-master replication, allowing writes
to any region. The change feed mechanism allows users to track data changes in real-time. In
terms of compatibility, it integrates with various Azure services, including Azure Functions,
Azure Logic Apps, and Azure Synapse Analytics.

Amazon DynamoDB® is a key-value and document database cloud service from AWS (Ama-
zon Web Services). It allows cross-region replication and offers consistent and predictable
performance with low-latency response times. It integrates seamlessly with other AWS ser-
vices such as AWS Lambda, Amazon S3, AWS CloudTrail, and Amazon CloudWatch. Using
DynamoDB Streams, it captures changes to the data in real-time, enabling the creation of event-
driven architectures by triggering AWS Lambda functions. It is suitable for applications with
unpredictable workloads.

Google Cloud Bigtable® is designed to handle large volumes of data with low-latency reads
and writes. It is therefore suited for applications that require high-throughput and real-time ac-
cess to large datasets. It is a wide-column store that is horizontally scalable and supports global
replication and automatic sharding. It is compatible with the Apache HBase API and can be
used for storing and analyzing time-series data. It offers good integration with other Google
Cloud services, such as BigQuery, Cloud Storage, Cloud Pub/Sub, and Dataflow.

Google Cloud Firestore® stores data in a JSON-like format and is a fully managed service
provided by Google Cloud. It provides real-time synchronization and updates for data changes,
allowing clients to subscribe to changes. It scales horizontally and supports multi-region data
distribution. It supports multiple platforms, including mobile and server environments, and
supports atomic transactions. One of its particular features is support for offline data access, al-
lowing mobile and web applications to continue functioning even when offline. It is part of the
Firebase platform, which includes services such as Firebase Authentication, Cloud Functions,
Hosting, and more. It can also be integrated with other Google Cloud services.

3https://learn.microsoft.com/enus/azure/cosmosdb/
%https://docs.aws.amazon.com/dynamodb/
%https://cloud.google.com/bigtable/docs
%https://cloud.google.com/firestore/docs
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Amazon Neptune®’ is a fully managed graph database provided by AWS (Amazon Web Ser-
vices). It supports both property-graph and RDF data models. It is scalable and offers automatic
replication. It supports ACID transactions. Languages such as Gremlin and SPARQL can be
used for queries. It provides automatic indexing and real-time graph queries. It supports data
ingestion from various sources, such as Amazon S3 and AWS Data Pipeline, and integrates
well with other AWS services, such as AWS Lambda, Amazon S3, and Amazon CloudWatch.

Azure Table Storage® stores data in a key-value format and is fully managed. The data con-
tent is stored in tables represented as collections of properties with a flexible schema. It is
scalable and sharded using a composite key composed of a partition key and a row key, which
are automatically indexed. It provides low-latency access to data, making it suitable for appli-
cations that require quick retrieval and storage of key-value pairs. It supports geo-replication
and can be accessed through a RESTful API. It integrates with other Azure services, such as
Azure Functions, Azure Logic Apps, and Azure Event Grid.

Synthesis: Therefore, we can say that cloud-managed data stores simplify infrastructure man-
agement while offering scaling and global distribution. Their strengths differ by data model
support, performance, replication, and platform integration. Azure Cosmos DB stands out for
multi-model support, global distribution, and flexible consistency, making it suitable for appli-
cations needing versatile workloads and strong replication. Amazon DynamoDB excels in pre-
dictable low-latency key-value/document operations and event-driven architectures, ideal for
highly variable workloads. Google Cloud Bigtable is optimized for massive datasets and real-
time analytics, especially time-series and high-throughput applications. Google Cloud Fire-
store provides real-time synchronization, offline support, and seamless mobile/web integration,
making it strong for interactive applications. Amazon Neptune focuses on graph workloads,
supporting property-graph and RDF models with automatic replication and real-time queries,
suited for relationship-centric analytics. Azure Table Storage is simple, low-latency key-value
storage with automatic sharding, best for lightweight scalable applications.

https://docs.aws.amazon.com/neptune/
%8https://learn.microsoft.com/en-us/azure/storage/tables/
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Table 9: Comparative summary of cloud-managed NoSQL data stores including data models, architecture, replication/distribution, special features, and typical

geo-replication

use cases
Store Data Models API/ Query Architecture Replication / Distri- Special Features Typical Use Cases
bution
Azure Cosmos Document, SQL-like, Mon- Globally distributed, =~ Multi-region replica-  Automatic indexing, multiple Multi-model, globally dis-
DB Key-Value, goDB, Cassandra, multi-master, auto- tion consistency models, change tributed applications, real-time
Graph, Gremlin, Azure Ta- matic scaling feed, integrates with Azure change tracking
Column- ble services
Family
Amazon Dy- Key-Value, DynamoDB API Cloud-managed Cross-region replica-  Low-latency reads/writes, real-  Event-driven apps, unpre-
namoDB Document tion time change capture via Dy- dictable workloads, scalable
namoDB Streams, integrates key-value/document applica-
with AWS services tions
Google Cloud Wide-column  HBase API compati- Horizontally scal- Global replication, High-throughput analytics, Large-scale analytics, time-
Bigtable ble able, cloud-managed  automatic sharding time-series optimized series data, real-time high-
throughput applications
Google Cloud JSON-like Firestore API Horizontally scal- Multi-region distri- Real-time synchronization, Mobile/web apps with real-
Firestore documents able, cloud-managed  bution offline support, part of Firebase  time updates, offline-first appli-
cations
Amazon Neptune  Property- Gremlin, SPARQL Fully managed, Automatic replica- Real-time graph queries, auto- Relationship-centric applica-
graph, RDF scalable tion matic indexing, integration with  tions, graph analytics, knowl-
AWS services edge graphs
Azure Table Key-Value RESTful API Fully managed, Sharded with par- Flexible schema, low-latency Lightweight key-value work-
Storage cloud-based tition + row key, access loads, scalable table storage




5.5 Efficient data structures for storage and access optimizations

This section describes the physical organization of data in NoSQL stores, focusing on how
storage and distribution strategies enable optimal query performance. NoSQL systems rely on
both local and distributed data structures to balance efficiency, scalability, and fault tolerance.

For efficient local range queries, B+ trees are commonly used, while hash tables are preferred
for fast random access. On the distributed side, NoSQL stores employ global data structures
such as Distributed Hash Tables (DHTs) [38] for partitioning (e.g., Amazon Dynamo, Apache
Cassandra, Riak), Log-Structured Merge Trees (LSM-Trees) for write-optimized storage (e.g.,
Google Bigtable, HBase, RocksDB, LevelDB), and distributed skip lists for ordered data access
(e.g., MemSQL/SingleStore).

Local Data Structures in NoSQL Stores.  Local data structures are internal data repre-
sentations used within a single node or shard to manage storage and retrieval efficiently. They
are not inherently distributed; each node maintains them independently.

Examples:

* B-Trees / B"-Trees — used in MongoDB (MMAPvV1 engine) and many storage engines
for indexing.

* LSM-Trees (Log-Structured Merge Trees) — used in Cassandra, HBase, RocksDB,
LevelDB; optimized for write-heavy workloads.

* Hash Tables — used in Redis, DynamoDB internals, and some key-value stores for fast
key lookups.

* Tries / Radix Trees [2] — used in Redis for prefix search and memory efficiency.

* SKkip Lists — used in Redis for sorted sets (ZSET).

* In-memory data structures — Redis offers lists, sets, sorted sets, and bitmaps as local
structures per node.

Role: Optimize local performance (read/write efficiency, indexing, compression, caching).
Limitation: Operate only within a node; require coordination mechanisms for global consis-
tency.

Managing Local Data Structures Globally in NoSQL. NoSQL systems combine local
data structures (e.g., LSM-Trees, B-Trees, Hash Tables) into a global distributed system using
several strategies:

1. Partitioning (Sharding): Keys are distributed across nodes using consistent hashing
or range partitioning. Examples: Cassandra (DHT [38]), HBase/Bigtable (range parti-
tioning).

2. Replication: Local structures are duplicated across nodes for fault tolerance and avail-
ability. Consistency: eventual (Cassandra), tunable, or strong (Spanner).

3. Coordination: Metadata services (e.g., ZooKeeper, Gossip protocols) track cluster state
and guide query routing.

4. Global Indexing: Local indexes are combined into distributed ones for search or sec-
ondary lookups. Examples: Elasticsearch, MongoDB.

5. Compaction and Repair: Local compaction plus global repair keep data consistent and
balanced.

6. Query Routing: Coordinators direct queries to the appropriate nodes transparently.
Examples: Dynamo-style coordinators, Bigtable masters.
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Key Insight

NoSQL stores do not invent new global data structures; instead, they:

* Partition the keyspace,
* Replicate local structures, and
* Coordinate and route queries to provide a unified distributed system.

It is important to clearly distinguish between global data distribution mechanisms and local
data access optimization techniques in NoSQL environments. Distributed storage systems such
as DHT (Distributed Hash Table) [38], GridFS , and HDFS implement sharding strategies,
which partition and distribute data across multiple nodes to ensure scalability and fault toler-
ance. In contrast, data structures such as LSM-Trees, hash indexes, and radix trees are used
for local indexing, aiming to optimize query performance and data retrieval within individual
storage nodes. Thus, while sharding addresses the global organization and distribution of data,
local indexing focuses on the internal efficiency of data access at the node level.

Distributed Hash Tables (DHTs) [38] distribute keys evenly across nodes using consistent hash-
ing, offering excellent scalability, fault tolerance, and O(1) lookups. They are efficient for key-
value access but do not preserve ordering, making range queries impossible. Log-Structured
Merge-Trees (LSM-Trees) [31] are write-optimized structures that buffer updates in memory
and flush them sequentially to disk, providing very high write throughput, compression ef-
ficiency, and support for range queries. Their drawbacks are slower reads due to multiple
SSTables and costly compaction overhead. Distributed Skip Lists maintain keys in sorted order
with probabilistic linked levels, offering predictable O(logn) operations, good concurrency,
and natural support for range queries. However, they are less write-optimized than LSM-Trees,
consume more memory, and lack the strong fault tolerance of DHT-based approaches.

The following Tables 11 and 12 summarize the performance of these data structures for differ-
ent query types.

https://www.mongodb.com/docs/manual/core/gridfs/
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Table 11: Comparison of Data Structures for Local Query Types in NoSQL Stores

Local Query Type Efficient Data Efficiency Reason for Efficiency Key-Value Stores  Document Stores ~ Wide-Column Graph Stores
Structure Stores
Hash Table High O(1) key-to-value retrieval Redis, DynamoDB  — - -
Point Lookups B-Tree (Primary  High Balanced search trees allow loga-  — MongoDB, Couch- HBase, Cassandra  Neo4;j (node index)
Key) rithmic lookup base (row key)
LSM Tree High Fast writes + sorted runs support ~ RocksDB, Lev- MongoDB Cassandra, HBase  —
(Memtables) efficient key access elDB WiredTiger
B-Tree High Sorted structure supports ordered ~ FoundationDB MongoDB, Couch- HBase, Cassandra  Neo4;j (indexed
Range Queries range scans efficiently base clustering keys filters)
LSM Tree Medium Range scans slower due to RocksDB MongoDB Cassandra -
SSTable merging WiredTiger
Skip List Medium Ordered linked list allows se- Redis Skiplist - - -
quential scans, but higher pointer
overhead
Inverted Index High Token-to-document mapping RedisSearch Elasticsearch, Cassandra+Solr Neo4;j full-text
Full-Text Search accelerates keyword search MarkLogic
Distributed In- High Parallel partitioning scales term - Elasticsearch, HBase+Lucene JanusGraph+ES
verted Index lookups across nodes CouchDB,
ArangoDB
Columnar Stor- High Columnar layout reduces I/O for - - Cassandra+Spark, -
Aggregations age aggregation scans HBase MapReduce
Aggregation Medium Pre-aggregated trees accelerate - MongoDB - Neo4j APOC
Trees grouped queries but require over- Pipeline, Couch-
head base N1QL
MapReduce Medium Distributes computation across DynamoDB Couchbase Views HBase jobs JanusGraph OLAP
cluster, but higher latency Streams
R-Tree High Hierarchical partitioning of space ~ RedisGeo MongoDB - Neo4j Spatial
enables efficient bounding-box 2dsphere

Spatial Queries

search
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Local Query Type Data Structure Efficiency Reason for Efficiency Key-Value Stores  Document Stores ~ Wide-Column Graph Stores
Stores
KD-Tree Medium Works for low dimensions; de- - Elasticsearch, - -
grades with high dimensions MarkLogic
GeoHash Index High Preserves locality in keyspace, Aerospike Geo MongoDB Geo, Cassandra exten- TigerGraph Geo
efficient range bounding Couchbase Geol- sions
SON
Append-only High Sequential writes optimize inges-  RedisTimeSeries - Cassandra, HBase — —
Time-Series Queries Log tion speed WAL
Time-partitioned  High Partition by time buckets allows - MongoDB Time- Cassandra, HBase  —
Tables efficient chronological queries Series
LSM Trees High Sequential SSTables handle tem-  RocksDB MongoDB Cassandra, HBase  —
poral writes effectively WiredTiger
. Append-only High Fast ingestion, durable sequential =~ Redis Streams - HBase WAL, Cas- —
Event/Stream Queries | o writes sandra CDC
Pub/Sub Buffers  High In-memory event propagation Redis Pub/Sub Couchbase Event-  — Neo4j Streams,
enables low-latency streaming ing, MongoDB Kafka integration
Change Streams
. Secondary Index ~ Medium Enables foreign key lookups, but ~ — MongoDB, Couch-  Cassandra limited Neo4j Cypher,
Joins overhead in scaling base N1QL, index Gremlin
ArangoDB
Query Planner +  Low Expensive distributed join com- - MarkLogic, HBase, Spark joins  JanusGraph OLAP
MapReduce putation CouchDB Views
Adjacency List High Constant-time edge lookup per - OrientDB, - Neo4j, TigerGraph
Graph Queries node ArangoDB
Edge-centric High Optimized for traversals, storing - OrientDB, - JanusGraph, Neo4j
Storage edges as first-class citizens ArangoDB
Native Graph High Specialized index accelerates - ArangoDB, Ori- - TigerGraph, Neo4;j
Index pattern matching and traversals entDB native
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Table 12: Mapping of global query types to distributed mechanisms, efficiency, and NoSQL store implementations across data models.

Global Query Type  Distributed Efficiency Reason for Efficiency Key-Value Stores  Document Stores ~ Wide-Column Graph Stores
Mechanism Stores
. Distributed Hash ~ High Keys deterministically mapped to  Dynamo, Riak - Cassandra, Scyl- -
Point Lookups Table (DHT) [38] nodes, enabling O(1) access laDB
Consistent Hash-  High Balances load while minimizing DynamoDB, Couchbase parti- Cassandra, Scyl- -
ing re-sharding on cluster change Voldemort tions laDB
. Range Partition- High Maintains key order across shards — MongoDB shard HBase regions, -
Range Queries ing for efficient scans ranges Cassandra cluster-
ing
Distributed Skip ~ Medium Allows ordered scans across - - FoundationDB, -
List partitions but with higher latency CockroachDB
Full-Text Search Distributed In- High Parallel term—document lookup ~ RedisSearch Clus-  Elasticsearch, Cassandra+Solr, JanusGraph+ES
verted Index across shards ter MarkLogic HBase+Lucene
. MapReduce Medium Parallel computation across DynamoDB CouchDB Views, HBase jobs, Cas- JanusGraph OLAP,
Aggregations nodes, but higher latency Streams MongoDB MapRe-  sandra+Spark Neo4j GDS
duce
Columnar Distri-  High Parallel scans reduce I/O for - - Cassandra, HBase -
bution analytics workloads with SparkSQL
. . GeoSharding High Preserves spatial proximity in Aerospike Geo MongoDB geo- Cassandra+GeoMesa, TigerGraph
Spatial Queries partitioning shards, Elastic- HBase Spatial
Search Spatial
Distributed R- Medium Distributed bounding-box search ~ — Elasticsearch Spa-  HBase Spatial Neo4j Spatial
Tree across partitions tial Index
. . . Time-based High Efficient chronological scans per — — MongoDB time- Cassandra time- -
Time-Series Queries Sharding shard series sharding buckets, ScyllaDB
Append-Log High Sequential ordering across nodes  Redis Streams Couchbase Event- Cassandra Com- -
Replication ensures durability Cluster ing mitLog




Global Query Type  Distributed Efficiency Reason for Efficiency Key-Value Stores  Document Stores ~ Wide-Column Graph Stores
Mechanism Stores
. Pub/Sub Cluster High Low-latency propagation of Redis Cluster MongoDB Change — Neo4j Streams
Event/Stream Queries events across nodes Pub/Sub Streams, Couch-
base Eventing
Distributed Log High Sequential distributed log sup- - - Cassandra+Kafka, —
(Kafka-style) ports replay and parallel con- HBase+Kafka
sumers
. Global Sec- Medium Enables cross-shard lookup, but — Couchbase N1QL, Cassandra ArangoDB multi-
Joins ondary Index adds overhead MongoDB Atlas Global Indexes, shard joins
Index HBase+Hive
Query Federation Low Joins simulated across nodes; - MarkLogic Federa- HBase+Hive joins  Gremlin OLAP
high network cost tion joins
. Graph Partition- Medium Data locality improves traversal, - ArangoDB, Ori- - Neo4j Fabric,
Graph Queries ing but cross-partition edges costly entDB TigerGraph
Parallel Graph High Distributed traversal engines - - - JanusGraph+Spark,
Processing support analytics at scale Neo4j GDS
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Table 13: Mapping of database properties to NoSQL characteristics and best store implementations across data models.

Database Property NoSQL Characteris- Key-Value Document Columnar Graph
tic
Low Latency In-memory storage, Redis (RAM-based, MongoDB ScyllaDB (C++reim-  Neo4j (optimized for

Reads/Writes caching, B-Trees microsecond latency)  (WiredTiger B-Tree plementation of Cas-  traversals in-memory)
+ cache) sandra, ultra-low la-
tency)
High Throughput  LSM Trees, log- Riak (write-heavy Couchbase (high in- Cassandra (LSM + JanusGraph (with
Writes structured storage workloads) gest + caching) distributed writes) Cassandra backend)
Horizontal Scala- Sharding, partitioning DynamoDB (auto- MongoDB (sharded Cassandra (peer-to- JanusGraph (scales
bility sharding, global clusters) peer architecture) via Cassandra/HBase
scale) backend)
High Availability /  Replication, master- Riak (Dynamo- CouchDB (multi- Cassandra (tunable Cosmos DB (Gremlin

Fault Tolerance

less design, quorum

inspired, fault toler-

master replication)

consistency, no single

API) (multi-region,

protocols ant) master) highly available)
Strong Consistency Consensus protocols,  Etcd / FoundationDB ~ MongoDB (transac- HBase (linearizable TigerGraph (ACID
tunable consistency (KV) tions since v4.0) reads/writes) transactions for graph
workloads)
Flexible Schema Schema-less / RedisJSON (flexible MongoDB (schema- Bigtable (wide, sparse  Neo4j (property
schema-on-read key schema) less JSON/BSON) columns) graph with dynamic
schema)
Complex Querying Secondary indexes, Aerospike (secondary MongoDB (rich in- Cassandra (SASI in- Neo4j (Cypher query
inverted indexes indexes) dexes, queries, aggre-  dexes) language)

gations)

Continued on next page
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Table 13 — continued from previous page

Database Property NoSQL Characteris- Key-Value Document Columnar Graph
tic
Analytics & Aggre- Columnar layout, Redis Streams (light Couchbase (NIQL +  HBase + Hive or Cas-  TigerGraph (parallel
gations MapReduce integra- analytics) MapReduce) sandra + Spark graph analytics)
tion
Full-Text Search Inverted indexes, KeyDB + RediSearch  Couchbase FTS, Cassandra + Elastic- JanusGraph + Elastic-

Lucene integration

MongoDB Atlas
Search

search

search

Graph Traversals

Adjacency lists, prop-

ArangoDB (multi-

Neo4j, TigerGraph,

erty graph model model, doc+graph) JanusGraph
Global Distribu- Multi-master repli- DynamoDB Global MongoDB Atlas Cassandra (multi-dc Cosmos DB (multi-
tion cation, CRDTs, geo- Tables Global Clusters replication) region Gremlin API)
sharding
Security Encryption, RBAC, DynamoDB (IAM MongoDB Atlas HBase (Kerberos, Neo4j Enterprise

audit logging

integration)

(RBAC, auditing, en-
cryption)

fine-grained ACLs)

(RBAC, LDAP in-
tegration)

Ease of Operations

Managed services,

DynamoDB (server-

MongoDB Atlas,

Cassandra Astra

Neo4j Aura, Cosmos

automation less, fully managed) Couchbase Capella (managed) DB (Graph API)
Integration with Spark/Hadoop con- RedisAl (ML integra- MongoDB + Spark Cassandra + Spark / TigerGraph + Graph
Analytics/ML nectors, streaming tion) Connector Presto ML libraries

APIs




5.6 Efficient data stores designs for specific application needs

This section maps common application requirements to NoSQL characteristics and highlights
the best-suited NoSQL stores across different data models. Table 13 summarizes how key
database properties and application requirements map to NoSQL characteristics and the most
suitable store implementations for each data model. For example, low-latency and high-throughput
workloads are best served by in-memory key-value stores like Redis or log-structured columnar
stores like Cassandra/ScyllaDB. Flexible schema and rich querying are strengths of document
stores such as MongoDB and Couchbase. Wide-column stores excel in analytics and scalable
ingestion, while graph stores like Neo4j and TigerGraph are optimized for complex relationship
traversal and graph analytics. The table also highlights which stores offer strong consistency,
global distribution, security, and integration with analytics or machine learning, helping practi-
tioners select the right NoSQL solution based on specific requirements.

5.7 A brief classification of the best NoSQL stores

Best considered NoSQL stores and why for each category:

Key-Value Stores.

* Redis: Optimized for in-memory speed (microsecond latency). Better than others for
caching, real-time analytics, pub/sub, and now supports JSON and Streams. Its persistence
(AOF, RDB) makes it versatile beyond a pure cache.

* Amazon DynamoDB: Best for global-scale KV workloads (serverless, auto-scaling, global
tables). It inherits Dynamo’s design (high availability, partition-tolerance) and surpasses
self-managed KV stores in ease of operations.

* Riak: Strong in eventual consistency and CRDTs, making it better than others in KV when
conflict-free replicated data types are required.

Document Stores.

* MongoDB: Best for general-purpose workloads with a rich query language, secondary
indexes, and aggregation pipeline. It balances flexibility and performance better than most.

* Couchbase: Adds distributed SQL-like querying (N1QL), integrated caching, and multi-
dimensional scaling (query, index, data services separated), making it stronger in mixed
workloads.

* CouchDB: Best for sync and offline-first apps (replication via master-master and PouchDB
integration), giving it a unique advantage in mobile and edge scenarios.

Columnar / Wide-Column Stores.

* Cassandra: Excels in high write throughput and linear scalability. Its tunable consistency
makes it more flexible than HBase, and its decentralized design (no single master) avoids
single points of failure.

* HBase: Strong in tight Hadoop ecosystem integration (Hive, Spark, MapReduce). Better
suited if you want analytics and storage together.

* ScyllaDB: A modern reimplementation of Cassandra in C++ with much lower latency and
better hardware efficiency than Cassandra.
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Graph Stores.

* Neo4j: The most mature graph database, with the Cypher query language (widely adopted).
Optimized for graph traversals, better for OLTP-style graph queries.

* JanusGraph: Best for scalable distributed graphs, built on Cassandra, HBase, or Scylla
with Elasticsearch. Stronger in large-scale graph analytics than Neo4;.

* TigerGraph: Optimized for deep link analytics (10+ hops traversal). Stronger when graph
queries are computationally heavy, such as fraud detection or recommendation workloads.

5.8 The data distribution

The data distribution enhances scaling capabilities. Scaling is significantly impacted by par-
titioning, replication, consistency criteria, and concurrency control strategies [64]. This sub-
section explores the data partitioning and replication modes commonly encountered in NoSQL
stores.

5.8.1 Data Partitioning

Data partitioning involves splitting data into disjoint partitions and distributing them among
different storage nodes. Partitioning helps achieve scalability in read, write, and data storage
operations. It balances the request load among multiple nodes, allows parallel request process-
ing, and places data closer to where it is frequently accessed.

There are various partitioning methods, including horizontal partitioning, vertical partitioning,
and traversal-oriented partitioning. These methods are explored further below:

Horizontal Partitioning. = Horizontal partitioning, also known as sharding, divides data at
the row level into partitions. It involves storing sets of rows or records in different segments
(or shards), which may be located on different servers. Sharding can be static or dynamic. In
dynamic sharding, the partitions are adjusted based on node overload to balance the request and
storage load. In static sharding, there are two approaches: range-based sharding and hash-based
sharding.

* Range-based sharding: Range-based sharding distributes data among nodes by key range.
It is effective for range-based queries but can create hot spots and load balancing issues
if a particular range of data is more requested than others. This may require coordina-
tion from a master node to set node assignments and resolve hot spots by splitting shards
causing workload or storage imbalance. It also requires a routing server to maintain range
partitions and direct clients to the correct server based on the request, which can create
a bottleneck and increase latency. Databases using range-based sharding include Google
Bigtable, Apache HBase, MongoDB.

* Hash-based sharding: In hash-based sharding, keys are hashed to distribute data among
nodes. The process of assigning records to nodes in hash-based sharding can be done
using a hash modulo operation with the number of nodes to find the destination node
(modulo based sharding). It is also possible to use a circular hash function where each
node is identified by a hash value on the ring, and each node is responsible for data whose
key hash values are between the node’s hash and the next node’s hash in ascending order
(consistent hashing). It is possible that a circular hash function maps multiple hash values
for each node, making each node responsible for multiple virtual nodes identified by the
hash values (virtual node hashing).
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Hash-based sharding has the advantage of fast calculation of the object’s location without
the need for a mapping service, unlike range partitioning. However, it negatively impacts
range queries because neighboring keys are distributed across different nodes. Among the
stores applying it are Amazon DynamoDB, Apache Cassandra, Couchbase, Rya, Redis
Cluster, Yahoo PNUTS, IBM Spinnaker.

Vertical Partitioning.  Vertical partitioning distributes item columns into partitions so that
parts of items are dispatched among different nodes. It is useful when some columns are ac-
cessed more frequently than others and can be handled by more nodes. This method is mostly
used in wide-column databases, which can partition their items by column families. The col-
umn families can then be localized on different nodes. In Bigtable, column families can be
grouped into locality groups, each stored in an SSTable, which is the unit of data distribution.
Frequently accessed column families can be gathered into a separate locality group.

Traversal-Oriented Partitioning.  Traversal-oriented partitioning is used in graph databases
to minimize cross-partition traversal. Partitioning can be edge-based or vertex-based. In edge-
based partitioning, the edges are balanced among the partitions. Vertices can be replicated
across multiple partitions if they are endpoints of edges in different partitions. This method
is efficient for traversing relationships and in scenarios involving high-degree vertices (those
vertices can have their edges balanced among partitions). However, it has issues in terms of
maintaining the consistency of replicated vertices and storage overhead due to vertices replica-
tion.

In vertex-based partitioning, the vertices are balanced among the partitions, and an edge is
stored with either the source or destination vertex. This method is suitable for vertex-centric
queries and situations where vertices are modified more frequently than edges. As vertices are
not replicated, they are easier to manage and reduce storage overhead. However, it can lead to
communication overhead for edges connecting vertices in different partitions and can result in
load imbalance if there are many high-degree vertices.

Challenges. Data partitioning faces challenges such as minimizing multi-partition requests,
balancing data processing, request, and storage load, minimizing data transfer during data re-
distribution, and managing directories that map data to its hosting node.

5.8.2 The data replication

Data replication enables the use of multiple copies of data across different nodes, enhancing
read/write scalability and allowing better handling of request loads. It plays a crucial role in
scaling read and write requests as they are distributed among multiple nodes. Additionally,
it improves system reliability and fault tolerance since data remains accessible even if some
servers fail, and it enhances data durability.

Replication of data can be done either synchronously or asynchronously:

* In synchronous mode, changes are propagated to all replicas before the write operation is
confirmed as successful to the client. This ensures that all copies of the data are updated
simultaneously, providing strong consistency. However, synchronous replication can be
slower because it requires all nodes to complete the write operation before proceeding.

* In asynchronous mode, write operations are confirmed to the client even if some replicas
have not yet received the update. This allows for faster write operations and is suitable for
long-distance data transfer and unreliable network connections. However, it can result in
stale data, leading to consistency issues.
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Most NoSQL database systems use asynchronous replication as their primary approach to pro-
vide better latency, even at the cost of weaker consistency. The choice of replication model is
strongly related to the consistency level defined in the data store.

In term of replication architectures, we distinguish Primary-secondary replication, multi-master
(peer-to-peer) replication.

Primary-secondary Replication. In Primary-secondary replication, any node can handle
read requests, but only one node is designated as the master to handle write operations. The
master node writes data, which is then replicated to the other nodes, known as slave nodes.
Primary-secondary replication is suited for environments with heavy read loads since all nodes
can process read requests. However, it is less suitable for heavy write loads because write oper-
ations can only be processed on the master node, potentially creating a bottleneck. If the master
fails, read operations can continue on slave nodes, but global write operations are disabled until
the master is restored or the master role is transferred to another node (dynamically or manu-
ally). This architecture can also serve as a resilience architecture where read and writes are only
performed on the master, with slaves serving as backups. Additionally, slow read operations
requiring significant resources can be offloaded to replicas. Data stores such as MongoDB and
Redis can use Primary-secondary replication.

Multi-Master (Peer-to-Peer) Replication.  In multi-master replication, all nodes storing
data replicas have equivalent roles for data write and read operations. They can therefore easily
scale not only read requests but also write requests. Protocols such as the Gossip protocol [59]
can be used to replicate data efficiently in a multi-master setup. Data stores like Dynamo, Riak,
Voldemort, and Cassandra support peer-to-peer replication.

Some replication technologies operate at different layers of the system architecture. Below,
we compare three representative replication technologies: HDFS, GridFS, and DHT, which
operate at the file system level, database layer, and network layer, respectively.

HDFS. The Hadoop Distributed File System (HDFES) represents a centralized, file-system-
level approach to replication. It partitions large files into fixed-size blocks (typically 128 MB)
and distributes these blocks across multiple nodes. Each block is replicated a configurable num-
ber of times (usually three), and the placement of replicas is managed by a single master node,
the NameNode. This centralized orchestration guarantees fault tolerance and high throughput
but introduces potential bottlenecks in metadata management. HDFS is therefore designed for
environments prioritizing throughput and durability over strong real-time consistency.

GridFS. GridFS operates at the database layer and extends MongoDB to support the storage
of large files by fragmenting them into smaller chunks stored as documents. Replication within
GridFS is not managed by the file storage logic itself but instead by MongoDB’s replica set
architecture. This design delegates replication and fault tolerance to the database layer, offering
a balance between consistency and availability depending on the configured write concern.
GridFS thus provides an abstraction for large object storage that integrates with database-level
consistency guarantees.

DHT. A Distributed Hash Table (DHT) constitutes a fundamentally decentralized, algorith-
mic approach to replication. It distributes key—value pairs across participating nodes according
to a consistent hashing scheme, with no central coordination. Replication is achieved by main-
taining redundant copies of keys on multiple neighboring nodes in the identifier space. This
model favors scalability and fault tolerance over strict consistency, achieving eventual conver-
gence through autonomous coordination among peers. DHTs form the basis of many peer-to-
peer and large-scale distributed systems such as BitTorrent, IPFS, Cassandra, and Dynamo.
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Synthesis..  Although all three systems employ replication to enhance reliability and avail-
ability, they differ in architectural layering and control philosophy. HDEFS reflects a cen-
trally managed, infrastructure-level design, GridFS represents a database-integrated, semi-
centralized model, and DHTs embody a decentralized, peer-driven paradigm. Together, these
illustrate the continuum of replication strategies across distributed systems, from fully con-
trolled to fully autonomous coordination mechanisms.

Table 14: Compact Comparison of HDFS, GridFS, and DHT Replication Models

System  Layer / Archi- Replication Con-  Consistency Design Philoso-
tecture trol Model phy
HDFS File-system level, Managed by mas-  Strong consistency Centralized or-
centralized ter node (NameN- per block, relaxed chestration and
ode) global consistency  high throughput
GridFS Database layer Managed by Configurable Integrated stor-

(MongoDB)

database replica
sets

(strong or even-
tual, depending on

age abstraction
with database

write concern) replication
DHT Network / peer- Fully decentral- Eventual consis- Autonomous
to-peer layer ized, algorithmic tency coordination and
placement via con- scalability

sistent hashing

5.9 Data persistence and durability

Data in databases can be stored on various types of storage such as volatile memory like RAM
and persistent storage like Solid State Drives (SSD) and Hard Disk Drives (HDD). Volatile
memory offers very fast I/O speed but loses data on node failure. In contrast, SSDs and HDDs
have slower I/O speeds but retain data even in the event of a node failure.

Memory storage is useful for real-time data like IoT data, gaming data, and for ephemeral and
dynamic data like session management and e-commerce shopping cart information. On the
other hand, hard drive storage is used for more durable data like product information, payment
processing, and so on. NoSQL storage systems utilize both types of storage depending on their
use case.

NoSQL In-Memory Data Stores.  Many key-value stores, such as Memcached and Redis,
are used for data caching. This involves storing recently retrieved or computed data from a
persistent data store in memory so that future requests for the same data can be served from
memory instead of having to retrieve or recompute the data from the persistent store.

NoSQL Persistent Data Stores.  All categories of NoSQL stores include data stores that use
persistent storage to securely keep data and store data that are too large to fit in memory.

NoSQL Hybrid Data Stores. Some NoSQL stores offer hybrid storage. For instance, wide-
column databases use a hybrid storage mode where data updates are initially stored in a sorted
memory buffer (referred to as a Memtable in BigTable). Before storing data in the Memtable,
it is appended to a commit log for recovery purposes in case of node failure. When the mem-
ory buffer reaches a threshold, its content is converted to block storage (called an SSTable in
BigTable) and persisted on a storage disk (such as GFS for BigTable). The advantage of this
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hybrid mode is that more recent data are stored in memory and can be quickly retrieved when
requested. Additionally, the data sorting process can be done faster in memory since wide-
column databases store data in sorted order by key. If the required data is not found in memory,
the lookup can be performed on the storage disk. Some key-value stores, such as Redis, also
have the option to persist data to disk if necessary after a certain period of time.

The Use of Replication to Increase Durability. To enhance durability, ensuring data recov-
ery even in the event of complete node hard disk failure is essential. Replicating data across
multiple nodes increases data persistence. Configurations can be set for synchronous or asyn-
chronous replication modes. The more durable mode is synchronous replication, where the
node commits the data only when replication is confirmed to have succeeded on a certain num-
ber of nodes. In contrast, asynchronous replication increases the possibility of data loss since
the node commits the data without waiting for confirmation of successful replication.

5.10 The data consistency

The concept of consistency [78] determines the effect of concurrent operations on the system
as perceived by different clients. This consistency is distinct from ACID consistency, which
ensures that a transaction brings the database from one valid state to another. In this section,
we will describe commonly encountered types of consistency.

Linearizability [26] is the strongest form of consistency in distributed data systems. It en-
sures that all operations appear to execute atomically and in a single sequence, even though
the data is distributed across multiple replicas. This allows a total ordering of all transactions,
such that a read operation always returns the most recent write. However, achieving lineariz-
ability typically involves complex and costly strategies such as the two-phase commit or Paxos
protocols for update commits, or strict two-phase locking for pessimistic concurrency control.
These methods can significantly impact availability and performance, especially in wide-area
networks. A weaker form of consistency is sequential consistency, described below.
Sequential Consistency [15] implies that operations occur in some global order, consistent
with the order of operations on each individual node. Once a process A has observed an opera-
tion from process B, it will never observe a state of B prior to the last observed state of B. This
condition, combined with the total ordering property, provides a sufficiently strong model for
programmers, as it ensures a consistent order of operations across all processes.

Eventual Consistency [42] allows replicas to converge to the same value over time, despite
potentially observing different orders of updates at any given moment. Here, the system uses
a quorum-based approach, where a read or write quorum refers to the minimum number of
replicas that must respond to a read or write request for it to be considered successful. If R
is the read quorum, W is the write quorum, and /V is the total number of replicas of a record,
strong consistency is achieved if W 4+ R > N, meaning that the sets of reads and writes overlap
sufficiently for at least one read to obtain the latest write version. High quorums can impact la-
tency. Eventual consistency requires conflict detection and resolution mechanisms to reconcile
updates, such as client-side automatic reconciliation, timestamp-based reconciliation, and vec-
tor clock-based reconciliation. Databases like Amazon Dynamo, Cassandra, Voldemort, and
Riak use eventual consistency.

Causal Consistency [13] It ensures that operations which are causally related are seen by all
processes in the same order, while concurrent operations (those without a causal relationship)
may be seen in different orders by different processes. In practice, if operation A happens be-
fore operation B (for example, a user reads a value written by another user and then writes a new
value), then every process in the system will observe A before B. However, if two operations are
independent and do not influence each other, their order of visibility is not guaranteed. Causal
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consistency is weaker than sequential consistency but stronger than eventual consistency, and
is useful in collaborative or social applications where the order of related actions matters but
strict global ordering is not required.

Per-Object Timeline Consistency [45] maintains a total order of all operations on each record,
respecting the order as issued by each process. This model was initially used in Yahoo! PNUTS
data store. It is based on the observation that web applications typically perform operations on
single records rather than multiple records. Each record has a primary replica, which may differ
from one record to another. Serialization of operations on the record is coordinated at the pri-
mary replica, where all write operations are directed before confirmation. The updated record
can then be propagated from the primary replica to other replicas, even asynchronously.
Parallel Snapshot Isolation (PSI) [55] is a distributed approach to snapshot isolation, which
simulates a database snapshot on which transactions operate from start to finish. With snap-
shot isolation, the system checks before committing a transaction whether the values to be
updated have been externally modified; if not, the updates are committed, otherwise the trans-
action is canceled. PSI, as applied in geo-replicated data stores, relaxes basic snapshot isola-
tion by not enforcing a global ordering of transactions but instead preserving local snapshot
isolation within each data center. In the case of cross data center transactions, PSI maintains
causal ordering. Snapshot isolation is often combined with Multi-Version Concurrency Control
(MVCC) [22] for enhanced concurrency management. Some NoSQL stores, such as Walter,
enforce PSI over transactions.

5.11 The concurrency control

The concurrency control in distributed stores can be implemented using two main approaches:
pessimistic concurrency control and optimistic concurrency control.

Pessimistic Concurrency Control [9, 21, 22] prevents situations where two or more concur-
rent users try to update the same record simultaneously. This approach is useful when updates
can be delayed until the previous update is complete, making it well-suited for short-interval
updates.

Optimistic Concurrency Control [17] Optimistic concurrency control assumes that conflicts
are possible but rare. Instead of locking the record, the data store checks at the end of the
update process, before committing the operation, to determine whether concurrent users have
attempted to modify the same record. If conflicts are detected, various resolution mechanisms
can be used, such as canceling the concerned operations or retrying them.

This approach can be combined with MVCC (multi-version concurrency control) [19], which
involves creating a new version of the updated data and marking the old version as obsolete.
During read operations, the user views the data as it was when the reading began, even if the
data was updated or deleted in the meantime by other users. Many NoSQL data stores, such as
Voldemort, Riak, HBase, CouchDB, Clustrix, and NuoDB, implement optimistic concurrency
control using MVCC.

VI NOSQL STORES CHOICE PER USE CASES

Various use cases are encountered in new-generation applications and services, many of which
require properties such as flexibility, high availability, low latency, high throughput, and scala-
bility. Consequently, each use case has specific requirements, necessitating a thorough analysis
before selecting the appropriate data store. The table 15 outlines commonly encountered use
cases, their characteristic requirements, and examples of NoSQL stores suited for each pur-
pose.
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Use Case Required Characteristics Key-Value Document Store Wide-Column Graph Store
Store Store
Real-Time Applications Low latency, high throughput, real-time updates Redis Couchbase - -
Content Management Systems Flexibility, rich querying, schema-less design - MongoDB, MarkLogic - -
(CMS)
Big Data Applications Scalability, high-throughput processing, low-latency ac- - - Google Bigtable, -
cess Apache Cassandra
Internet of Things (IoT) Time-series handling, efficient data ingestion, horizontal - - InfluxDB, Amazon -
scalability Timestream
E-Commerce ACID transactions, flexible schema, high availability Redis MongoDB - -
Financial Services ACID compliance, strong consistency, high availability - Couchbase HBase -
Healthcare Compliance, data integrity, schema flexibility - RavenDB, CouchDB - -
Geospatial Applications Geospatial indexing, complex queries - MongoDB - -
Personalization and Recommen-  Graph traversal, real-time updates, relationship manage- - - - Neo4j, TigerGraph
dation Engines ment
Search Engines Full-text search, indexing, high throughput - Elasticsearch, Solr - -
Mobile Applications Offline access, real-time sync, flexible schema - Couchbase Lite, Fire- - -
store
Graph-Based Use Cases Graph traversal, efficient queries, dynamic schema - - - Neo4j, Dgraph
Microservices Architecture Decentralized management, high availability eted - - -
Configuration Management High availability, fast reads, consistency eted - - -
Event and Logging Systems High write throughput, event-driven architecture - - Apache Cassandra -
Session Management Low-latency access, in-memory storage, high availability Redis, - - -
Mem-
cached
Gaming Applications Low-latency access, real-time data processing Redis Couchbase - -
Social Networks Efficient relationship management, real-time updates - - - Neo4j, JanusGraph
Recommendation Systems Fast querying, real-time data processing, flexible schema - MongoDB - Neo4j
Data Warehousing and Analytics  Scalability, high-throughput, complex querying - - Apache HBase -
Edge Computing Offline capabilities, real-time sync, lightweight storage Redis Couchbase Lite - -
Knowledge Graphs and Enter- Semantic querying, graph traversal, data integration - - - Stardog, AllegroGraph
prise Knowledge Management
Customer 360 Views Data integration, flexible schema, real-time data access - MongoDB - Neodj
Blockchain and Ledger Systems  Immutable data storage, transaction support - - - BigchainDB
Logistics and Supply Chain Real-time tracking, scalable storage, transaction support - Couchbase Apache Cassandra -

Management

Table 15: Use Cases and corresponding NoSQL data stores



VII THE NOTION OF POLYGLOT PERSISTENCE

Polyglot persistence refers to the idea that different types of data within an application might
be best served by data stores with different data models, depending on the data type. This
approach encourages the use of multiple databases, each excelling in specific scenarios. It can
lead to enhanced efficiency in terms of performance, scalability, and so on. Among polystores,
we have ESTOCADA [90], BigDAWG [73], PAM [115], Abstra [99] and [111].

For example, a service might manage user account information with a relational store, store
product information in a document store, and manage social network interactions between users
with a graph store. Similarly, different microservices might use appropriate data stores for their
specific needs.

However, this approach presents challenges such as data synchronization, consistency, and
effective integration between the different databases involved.

VIII CHALLENGES IN NOSQL STORES

Despite their clear advantages in scalability and flexibility, NoSQL databases continue to face
a range of technical and operational challenges. This section consolidates major limitations
discussed in the literature and highlights corresponding research efforts addressing them.

* Data modeling and schema evolution. The schema-less nature of many NoSQL systems
offers flexibility at the expense of data integrity and maintainability. Over time, appli-
cations accumulate heterogeneous document structures and redundant data, complicating
queries and migrations. Recent work proposes several mitigation strategies: cost-based
denormalization models that optimize performance and storage trade-offs [120], adaptive
document migration pipelines for evolving schemas [112], taxonomies of schema-change
operations such as aggregation, reference creation, or structural variants [101]. Newer di-
rections include NLP-assisted schema inference that automatically extracts latent schema
patterns using contextual embeddings [110], Monte Carlo simulations to predict the perfor-
mance impact of schema evolution [97], and static code analysis tools that detect schema
patterns from application code to recommend refactoring [117].

* Consistency versus availability. NoSQL systems typically follow the BASE model (Ba-
sically Available, Soft state, Eventually consistent), prioritizing availability and partition
tolerance. Developers must handle stale reads, conflict resolution, and reconciliation man-
ually. Comparative studies of concurrency-control mechanisms [108] and CAP-PACELC
trade-offs [113] reveal that achieving tunable consistency at scale introduces performance
costs. Broader reviews highlight the continued difficulty of achieving low-latency, consis-
tent reads in distributed NoSQL clusters [89].

* Query and indexing limitations. While SQL systems provide mature query optimizers,
NoSQL query languages remain system-specific and often limited. Complex joins, nested
field queries, and spatial or vector data remain performance bottlenecks. Research into
advanced index structures, such as localized R-tree variants [103] and adaptive multidi-
mensional indexing [114], improves spatial and analytical workloads. Efforts like code-
based schema inference [117] also aim to improve optimizer awareness of implicit data
relationships.

* Scalability versus operational complexity. Horizontal scaling is a defining feature of
NoSQL systems, but operational management of large clusters introduces new complexi-
ties. Sharding, replication, and cross-partition queries require fine-tuned strategies to avoid
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data hotspots and latency spikes. Systematic reviews like [89] highlight how adaptive par-
titioning, rebalancing, and self-tuning orchestration frameworks can mitigate these issues.
Simulation-based work such as [97] quantifies migration latency and cost under evolving
workloads, while others examine model evolution for column-family databases [119].

* Multi-model convergence. Recent years have seen the emergence of unified engines sup-
porting document, key—value, graph, and column-family models within one system. Al-
though these multi-model databases enhance flexibility, they often sacrifice optimization
for specialized workloads. Studies [100, 114] indicate that physical storage and execution
layers must be dynamically tuned for each model type to avoid generalization overheads.

* Security and compliance. Early NoSQL databases prioritized scalability and simplicity
over robust security. Despite progress, inconsistencies persist in access control granu-
larity, auditability, and encryption defaults. The NIST guidance on NoSQL access con-
trol [116] emphasizes the adoption of uniform RBAC/ABAC models and field-level en-
cryption. Complementary reviews [104] identify common misconfigurations and propose
best practices for securing production deployments.

* Cloud-native pressures. The shift toward managed services such as DynamoDB, Mon-
goDB Atlas, and Cosmos DB simplifies operations but raises concerns over cost visi-
bility and vendor lock-in. Financial and environmental cost modeling frameworks [120]
and architectural comparisons between SQL and NoSQL deployments [109] advocate for
sustainability-aware design and multi-cloud portability.

* Integration with analytics and Al Bridging transactional NoSQL systems with analyt-
ical and Al workloads remains challenging due to differing performance and schema re-
quirements. Traditional ETL pipelines introduce latency and duplication. Research ex-
plores columnar and vector-aware NoSQL extensions [118], hybrid OLTP-OLAP designs,
and big-data storage tools that combine NoSQL backends with analytical frameworks [96].
These innovations bring analytics closer to operational data but increase system complex-
ity and maintenance overhead.

The following table 16 summarizes the principal challenges observed across the major NoSQL
families (key—value, document, column-family and graph). It highlights operational, consis-
tency, querying and research issues to help guide selection and further study.
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Challenge Area  Key—Value Stores (Dy- Document Stores (Mon-  Column-Family Stores Graph Stores (Neo4;,
namoDB, Riak, Redis) goDB, Couchbase) (Cassandra, HBase) JanusGraph)
Data Modeling Very limited queries Semi-structured docs, Wide tables, schema evo-  Flexible graph model, but
& Querying (mainly GET/PUT), poor  richer queries but limited  lution painful, query sup-  query languages (Grem-
secondary indexing joins/aggregations port awkward (CQL-like)  lin, Cypher) lack stan-
dardization
Consistency & Single-key atomicity only, Recently added multi-doc  Lightweight transactions ~ ACID often limited to

Transactions

multi-key hard

transactions, but costly

exist but expensive; tun-
able consistency confus-
ing

single-node; distributed
transactions very costly

Scalability &

Excellent horizontal scal-

Sharding introduces rout-

Designed for linear scale,

Hard to scale traversal

Performance ing, but hotspot risk with  ing complexity, queries but hotspots & tail laten-  queries across distributed
skewed keys slow if poorly indexed cies are common clusters
Operational Easier to operate, but Index maintenance, re- Repairs, rebalancing, and  Distributed graph parti-
Complexity replication conflict resolu-  balancing shards, schema  anti-entropy mechanisms  tioning and rebalancing
tion (CRDTs) is complex  migrations are heavy are operationally difficult  are unsolved problems
Interoperability  Vendor-specific APIs, Some SQL-like APIs, but  SQL-like CQL helps No universal graph query
& Portability poor portability still non-standard portability but semantics standard (Cypher, Grem-
diverge from SQL lin, GQL emerging but
fragmented)
Security & Often basic auth, limited Better auth, but row- Role-based control ex- Security often an af-
Compliance fine-grained access con- /field-level security lim- ists, but auditing/logging  terthought, fine-grained
trol ited weaker than RDBMS control rare
Theoretical & Conflict resolution seman-  Balancing expressive Strong consistency at Efficient distributed graph
Research Chal- tics still evolving queries with distributed scale without losing avail-  processing and HTAP
lenges performance ability remains open integration still immature

Table 16: Open challenges across NoSQL families



IX CONCLUSION

This survey has presented a concise, up-to-date overview of NoSQL databases, covering their
evolution, taxonomy, and core data models—key-value, document, wide-column, graph, multi-
model, and cloud-managed. NoSQL systems address the scalability, flexibility, and perfor-
mance needs of modern applications, with each data model suited to specific use cases such as
real-time analytics, content management, and graph-based recommendations.

NoSQL databases have transformed data management by enabling horizontal scaling, handling
semi-structured data, and supporting high availability. The choice of data model should be
guided by application requirements like query complexity and schema flexibility. Multi-model
and cloud-managed solutions further extend NoSQL capabilities, supporting polyglot persis-
tence and simplifying deployment.

Despite their advantages, NoSQL systems face challenges in consistency, query standardiza-
tion, operational complexity, and security. As demand grows for real-time analytics and ma-
chine learning, NoSQL platforms are evolving to support hybrid workloads, though this in-
creases system complexity.

Future developments will focus on stronger consistency, better security, improved analytics
integration, and multi-model convergence. NoSQL databases are now essential for scalable,
resilient, and adaptable data management, and their ongoing evolution will continue to drive
innovation in data-driven applications.
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