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Abstract

Conventional databases support either retroactive or proactive changes, but not both simultaneously, resulting in the loss
of valuable historical data. Bitemporal databases resolve this problem by supporting two temporal dimensions simultane-
ously: valid time and transaction time. This approach enhances data integrity and traceability in real-world applications.
Although numerous studies have examined bitemporal databases, a comprehensive review of the field is still lacking.
Therefore, we conducted a hybrid systematic literature review following the PRISMA framework, supplemented by bib-
liometric and scientometric analyses, covering publications from January 1995 to January 2026. Four main databases
were chosen: IEEE, Scopus, ProQuest, and Web of Science. Subsequently, 54 papers were analysed, providing unique
insights into bitemporal data modelling, querying, and applications. Key gaps identified include the need for hybrid Data
Base Management System (DBMS) infrastructures, limited empirical validation on industrial-scale datasets, insufficient
cloud-native temporal optimisation strategies, and underdeveloped integration of bitemporal data structures with Al-driven
predictive analytics. Finally, this study summarises current progress in bitemporal database research, highlights key imple-
mentation challenges, and emphasises its strong potential to improve data accuracy, traceability, and temporal consistency
across diverse application areas.

Keywords Bitemporal data - Systematic literature review - PRISMA - Bibliometric analysis - Data integrity

1 Introduction

Temporal studies of databases have developed alongside
data modelling approaches. Early discussions on the tem-
poral aspects of data systems date back to 1956, well before
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the relational model and the emergence of early database
management systems. However, significant research
momentum only gained traction after the relational model
was formalised, with several proposals made to represent
time in databases (Kvet et al. 2014a). Time is a crucial attri-
bute of information. Neither traditional relational databases
(RDB) nor object-oriented databases (OODB) explicitly
handle temporal data. Both lack integrated capabilities for
recording and managing temporal information. As the lat-
est advancement in database and information technology,
the need for temporal information processing is becoming
increasingly vital in many application systems (Tang et al.
2004).

A relational database stores data in tables, where each
table consists of attributes and tuples, whereas a temporal
database stores data in time instances, formed by timestamp-
ing ordinary data. Timestamping associated with a tuple
is called tuple timestamping; when associated with each
attribute, it is called attribute timestamping. Temporal data
access can involve several aspects, including temporal data
models, query languages, and access methods (Salzberg and
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Tsotras 1999). Temporal information processing has become
a key technology in the new generation of databases and
information systems. Temporal database systems track data
evolution by associating timestamps with each data item.
All changes are recorded, and past states of the database
can be retrieved. Two different timestamps can be used:
the transaction time, which corresponds to the moment the
information is introduced into the database, and the valid
time, which indicates when that information is valid in the
real world (Johnston 2014). However, conventional data-
bases assume that all stored facts are “true,” based on a
two-valued logic in which data are present, absent, or false,
and any update replaces all previous information. However,
bitemporal databases overcome this limitation by providing
valid time and transaction time, allowing the system to track
whether facts are true in real life or in the database. This
method preserves historical data through controlled inser-
tions, deletions, and updates that adjust valid periods or pro-
duce new records rather than overwriting old ones. Thus,
bitemporal tables combine valid time with transaction time,
enabling the management of changing facts while tracking
when those facts were true and allowing more flexible his-
torical queries (Johnston and Weis 2010).

In an era of rapidly evolving data management needs,
understanding bitemporal databases is essential for captur-
ing, querying, and analysing information across multiple
dimensions of time (Kaufmann et al. 2014). Bitemporal
time in the database extends beyond mere fact storage. It
records both the time period in which facts were valid and
the time at which the database captured that fact, such as
time-travelling. A bitemporal database introduces a sec-
ond time dimension to the data, referred to as the business
dimension. By integrating both valid time and transaction
time dimensions, bitemporal databases enable organisations
to maintain accurate historical records, support informed
decision-making, and ensure temporal consistency in com-
plex systems (Tansel et al. 2025).

Although bitemporal data support dual time dimensions,
there is a gap between the bitemporal support in research
work and that required in real-world applications. This
occurred because very few works utilised the full poten-
tial of bitemporal database design (Chau and Chittayaso-
thorn 2021). This resulted in slow adoption in commercial
applications. This has recently begun to change, as many
organisations are capturing and querying past databases to
understand underlying real-world events. After the intro-
duction of SQL:2011 standard, the popular commercial
language for the relational model has been improved with
added features such as the ability to create and manipulate
system-versioned temporal tables (Tang et al. 2004).

Moreover, recently, commercial DBMSs have supported
bitemporal features. In this context, the use of these features
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has gained prominence for identifying past data patterns,
making predictions and reducing storage ambiguity in model
training and evaluations (Bliujute et al. 2000). Furthermore,
as bitemporal features continue to expand, it becomes cru-
cial to evaluate and compare how existing models support
dual dimensions, such as valid time and transaction time.
This study aims to bridge the gap between theoreti-
cal advances and the practical applications of bitempo-
ral databases, providing insights to guide researchers and
practitioners in leveraging temporal data for robust, reli-
able information management. The overall structure of
this paper follows established systematic literature review
reporting practices, adapted to a hybrid methodology inte-
grating systematic review procedures with bibliometric and
scientometric analyses (Asghar et al. 2019). The remainder
of this paper is organised as follows. Section II presents the
background, related work, and motivation for the study.
Section III describes the research methodology adopted for
this study. Section IV covers the results and discussion of
the SLR, with topics structured to address the research ques-
tions, including research gaps, limitations, and the future
direction of bitemporal databases. Finally, the conclusion.

2 Background

A bitemporal database is a relational structure that maintains
two temporal dimensions: system-supported valid time and
transaction time. Regarding valid time, it refers to the time
at which the fact is collected, which can span the past, pres-
ent, and future, as well as the time at which the fact is true
in the modelled reality. By definition, all facts have a valid
time. However, the valid time might not always be explic-
itly recorded within the database (B"ohlen et al. 2018a). In
some cases, multiple valid times can be associated with a
single fact, each represented by a separate database tuple.
Transaction time refers to the moment when a fact is stored
in the database (Cappelli et al. 1995). Unlike valid time,
transaction time may be associated with any database entity,
not only with facts. Transaction time may be implemented
using transaction commit time, system-generated, or sup-
plied (Davies et al. 1995). Also, transaction time is particu-
larly well-behaved due to its special semantics and may be
automatically supplied by the Database Management Sys-
tem (DBMS). This explains why most temporal database
research has focused on improvements in valid-time and
transaction-time management (Kvet et al. 2014b).

From the late 1990s onward, valid time versus transac-
tion time was a distinguishing feature in temporal database
research and the basis for formal language work and system
designs. Following that, Mareco and Bertossi (1999) exam-
ine the data response in terms of changes and schema design,
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handling them using an object-oriented approach. They aim
to support long-term system evolution, reuse, and traceabil-
ity in complex environments by preserving earlier states and
allowing changes in the controller’s behaviour over time.
Temporal Structured Query Language (TSQL2), for exam-
ple, sought to provide a unified semantic construct for valid
time, transaction time, and their combinations. However,
TSQL2 itself did not become an International Organisa-
tion for Standardisation (ISO) standard but influenced many
later standards and implementations and remains an impor-
tant reference for bitemporal modelling (Dyreson 1995).
Then, the concept of adding time to databases becomes a
necessary feature of temporal databases. In conventional
databases, information is lost over time because data is
usually associated with the current time. The main goal of
bitemporal databases is to preserve data that exists at differ-
ent points in time. To overcome that, a database would typi-
cally keep a “snapshot” of reality. This is called a snapshot
database. For many use cases, this just means that histori-
cal values are overwritten when new information arrives,
but historical data tracking is necessary for data analysis,
auditing, and legal documentation (Bohlen et al. 2000). This
requirement highlighted the need for bitemporal databases,
but it took until the end of 2011 to finalise the SQL standard
and introduce SQL:2011, which represented a significant
step in temporal data management. Instead of introducing
new data types, it defines time periods in existing date-time
columns (Kulkarni and Michels 2012).

The SQL standardisation of bitemporal support reflects
a growing need to handle data across multiple temporal
dimensions without major changes to database structures.
Dual timeline management, which includes valid time and
transaction time, has become indispensable in banking risk
assessment, inventory control, healthcare, legal auditing, and
supply chain management. They give organisations the abil-
ity to run complex analyses, keep full historical records, and
meet regulatory requirements more precisely (Du and Zhu
2024). In today’s enterprise systems, bitemporal databases
are of great importance for data integrity and operational
resilience. However, despite decades of research, adoption
and implementation of the standard are progressing steadily.
As of the 2018 survey, IBM DB2, Oracle, and Teradata
offer bitemporal support, while other systems, such as Post-
greSQL, have room for improvement. In practice, bitempo-
ral can be achieved either by modifying existing relational
schemas or by using extensions and helper functions in
object-relational and NoSQL tools (B ohlen et al. 2018b).

2.1 Motivation

The motivation for this review stems from the increasing
complexity of temporal data management and the need for

precise historical accountability, making bitemporal data-
bases a central area of inquiry in data management research.
While considerable progress has been made, terminology,
modelling, and system capabilities remain inconsistent
across the literature and commercial implementations.
Therefore, a systematic literature review is necessary to
synthesise existing knowledge, methodological advances,
and the alignment between theoretical frameworks and
practice. It will review unresolved issues, highlight emerg-
ing research themes, and lay the foundation for future devel-
opments in bitemporal data modelling and systems design.

2.2 Related work

To begin this study, we searched the following academic
databases and search engines, such as Google Scholar, Sco-
pus, IEEE, Web of Science, ProQuest, and PubMed, with
the search strings.

(“Systematic study” OR “Literature review” OR “SLR”
OR “Systematic mapping”) AND (“bitemporal database”
OR “bitemporal data model” OR “Dual Dimension” OR
“Bitemporal”).

We found no systematic literature review or mapping
study that addresses the development and implementation
challenges, as well as cross-domain applications, of bitem-
poral databases. However, historical data remains a critical
area in temporal database management, and recent research
on bitemporal data models has attracted increasing attention
in areas such as fraud detection, regulatory compliance, and
digital forensics. In the following, we first describe all rel-
evant studies that are directly related to the quality of bitem-
poral database applications.

Jensen and Snodgrass’s (1996) early work presents a
foundational study on the semantics of time-varying data
in databases, with a particular focus on bitemporal informa-
tion. The paper clearly defined a valid time dimension that
describes when a fact holds in the real world, distinct from
transaction time, which captures when the fact is stored in
the databases. The authors introduce the Bitemporal Con-
ceptual Data Model (BCDM), a conceptual model that
separates temporal meaning from physical representation
and preserves information content through the principle of
snapshot equivalence, enabling different temporal models to
be compared consistently. Overall, the work serves as a key
theoretical reference for bitemporal databases by clearly
defining temporal meaning independently of implementa-
tion details.

Snodgrass (1999) presents a comprehensive study
on the bitemporal database, formalising the valid-time
and transaction-time dimensions. One key aspect of the
research involves introducing TSQL2 (Temporal Struc-
ture Query Language) queries within the SQL framework,
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which reduces the complexity of managing time-based
data by unifying temporal vocabulary and semantics. This
later resulted in a standardised temporal concept that influ-
enced the development of bitemporal extensions in the ISO
SQL:2011 standard. Furthermore, it involves investigating
temporal anomalies and conflicts, such as database inconsis-
tencies that can cause overlapping time intervals and retro-
active issues corrections. Thus, it provided the groundwork
for further research on bitemporal indexing, optimization,
and query processing (Jensen et al. 1994).

While Jensen and Snodgrass established the theoretical
foundations of bitemporal semantics, Kumar et al. (1998)
shifted the focus toward practical implementation, address-
ing storage complexity and indexing strategies that bridge
the gap between conceptual models and real-world system
performance.

Kumar et al. (1998) systematically study the challenges
of managing bitemporal data, particularly focusing on stor-
age complexity and retrieval methods. They mainly analyse
and propose access techniques and indexing strategies to
enhance performance, bridging the gap between theoreti-
cal models and the implementation of bitemporal databases.
Furthermore, they also discussed how bitemporal index-
ing could improve query optimisation and historical data
retrieval, providing a framework that influenced bitemporal
database designs. Overall, they believe that their contribu-
tion marked a shift from conceptual temporal modelling
towards high-performance solutions for managing bitempo-
ral systems.

Johnston's (2014) work provides the most comprehen-
sive treatments of bitemporal data, both in theory and in
practice. Furthermore, it explains how bitemporal dimen-
sions can serve as robust alternatives to Kimball’s slowly
changing dimensions in star schemas. However, while pre-
vious work mainly addresses data quality, validation pro-
cesses, and overall bitemporal challenges, this publication
offers a far more specialised and comprehensive exami-
nation of bitemporal data, emphasising the need for both
conceptual understanding and technical competence in
developing and deploying bitemporal systems. In addition,
it discusses relational theory, ontology, mathematics, and
semantics to highlight why conventional relational data-
base systems are limited in their ability to handle bitem-
poral functionality. Finally, it explores the business value
of bitemporal databases. Overall, it summarises academic
research on practical database design and represents a sig-
nificant step toward a fuller understanding of bitemporal
databases.

In contrast to the system-level focus of Kumar et al.
(1998), Johnston (2014) takes a broader perspective by
examining the business value and relational theory of bitem-
poral databases, highlighting that the challenges extend
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beyond technical implementation to organisational adoption
and data governance.

Chau and Chittayasothorn (2021) point out and sum-
marise the issues faced by bitemporal research capabilities
and their integration into real-world database design, and
propose a method to incorporate temporal features in health-
care domains with inherently time-sensitive data. However,
the methods lack temporal consistency, treating valid and
transaction time as conventional attributes. To address this,
they use topological sorting to ensure a correct sequence of
mappings, where each Enhanced Entity-Relationship (EER)
construct is mapped to a system-versions table with dual
time dimensions, adhering to the SQL closed-open period
schema. Furthermore, their approach aims to reduce the
complexity of integrating bitemporal databases into tempo-
ral-rich domains, such as medical databases.

Tansel et al. (2025) consider bitemporal functionality
for their research by designing an innovative extension of
the Resource Description Framework (RDF) to seamlessly
incorporate bitemporal database features into the seman-
tic web environment. However, this approach differs fun-
damentally from standard RDF, which is limited to static
binary relationships in the form of subject-predicate-object
triples. Their approach is intended to simplify semantics,
enhance flexibility by separating time from core attribute
values, and ensure compatibility with the theory of bitempo-
ral databases. Furthermore, they believe that their BITRDF
model allows for navigation and manipulation of the tempo-
ral dimension without altering the underlying RDF structure.

While Chau and Chittayasothorn (2021) focus on
domain-specific integration of bitemporal features in health-
care, Tansel et al. (2025) take a fundamentally different
approach by extending the semantic web framework with
dual temporal dimensions, demonstrating that bitemporal
principles are applicable beyond traditional relational data-
base environments.

To sum up, the existing studies show that bitemporal data-
base applications provide significant opportunities to man-
age time-dependent data, enabling organisations to enhance
promotional models (Wondoh et al. 2016). Additionally,
research explored the applicability of bitemporal data man-
agement across various domains, including weather fore-
casting, the supply chain, and the financial sector, where
accurate historical and transactional data are critical for reli-
able prediction and decision-making (Sedighi et al. 2020).
Despite the gradual growth of the literature on bitemporal
databases and their technical implementation, current stud-
ies provide a limited synthesis of how bitemporal concepts
are communicated and integrated into practical, real-world
systems. This gap presents a significant opportunity for fur-
ther exploration. To this end, we identify existing research
on bitemporal database applications and provide a structural
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understanding of their characteristics, usage patterns, and
limitations.

3 Research method

A systematic literature review (SLR) is a structured and
well-organised research for identifying, assessing, and syn-
thesising existing research on a specific topic (Hilmi et al.
2023). It follows a precise and transparent process to ensure
that all relevant studies are included. By following a sys-
tematic and well-defined procedure, this type of study offers
many advantages. First, systematic mappings enable a com-
prehensive overview of the current state of research in a par-
ticular critical area. Second, it facilitates the identification of
gaps in the literature and provides evidence to guide further
research, thereby preventing redundant efforts (Adnan et al.
2021). Systematic mappings provide a high-level analysis
of all available studies within a specific domain, offering
insights into broad research questions about the current state
of the literature.

In this paper, a systematic methodology is employed
based on the PRISMA framework, which provides a qualita-
tive synthesis of the study, while a bibliometric and sciento-
metric analysis across four major databases, including IEEE
Xplore, Scopus, ProQuest, and Web of Science, provides a
quantitative evaluation.

An SLR is typically conducted in three main phases. The
planning phase defines the research questions, outlines the
search strategy, and establishes criteria for selecting rele-
vant studies. The execution phase identifies and selects the

41 Planning phase ]7

required studies based on the results of the previous phase.
The reporting phase analyses the selected studies and identi-
fies limitations and future research directions, as shown in
Fig. 1.

4 Research questions

In the initial stage of the SLR, research questions were iden-
tified to address the study's objectives. Then, the relevant
data search sources, inclusion and exclusion criteria, and
quality assessment criteria have been presented in this plan-
ning phase.

Research questions typically guide us in conducting
a comprehensive study and achieving specific research
objectives. We adopted the Goal-Question-Metric (GQM)
approach (Farina et al. 2022). Applying the Goal-Question-
Metric method helps develop a measurement system for
defined problems and set rules for interpreting measure-
ment data. To set our research toward a specific direction,
we figured out the goal of our SLR based on the following
GQM components, such as purpose, issue, objective and
viewpoints, which are described in Table 1.

In Table 2, The research questions are listed, along with
their corresponding primary objectives.

4.1 Data source selection
A crucial step in developing any SLR is formulating a

search strategy. Given the number of papers on the bitem-
poral topic, we decided to use multiple databases to cover

_[ Execution phase ]_

(3 k. [ 1\
To Design :
Identify the data ’
the Research Primary Study Identfication —{ Reporting phase ]—
Ciladtinng sources [ ry Study
\ y \ J
y Reporting the review
[ Definethe | ( ) [ Quality Assessment ] " r?;ults
; W To Construct
Inclusion and Search St
Exclusion criteria L R p ¢ )
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\ ) Discussion of
Quality { findings
Assessment ( )
criteria Data Synthesis

Fig. 1 Phases of systematic literature review
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Table 1T GQM component description

Table 3 Identification of studies from each database

GQM component Description Data sources Identification ~ Link

Purpose To understand bitemporal database models, IEEE Xplore 49 https://ieeexplore.ieee.org
applications, and research trends Scopus 102 https://www.scopus.com

Issue To address the fragmentation in existing ProQuest 23 https://www.proquest.com
s'tudles and the lack of systematic consolida- Web of Science 74 https://www.webofscience.com
tion of knowledge on bitemporal databases

Objective To systematically review and synthesise
research on bitemporal databases We aim to identify papers that align with the research ques-

Viewpoint To map knowledge, identify trends, and

highlight gaps for future research from a
researcher’s perspective

Table 2 Research questions and objectives

1D Research question Objectives
RQ1  What are the publica-  To analyse publication patterns in
tion patterns, leading  the field of bitemporal databases,
contributors, and including trends over time, key
emerging research research papers, and prominent
themes in the field of  authors
bitemporal databases?  To explore emerging research
themes
RQ2 How do bitemporal To analyse different bitemporal
database models and database models and imple-
implementations mentations for temporal data
compare in terms of representation
data representation, To evaluate the query capabilities
query capabilities, and and temporal semantics of existing
temporal semantics? bitemporal models
To explore how time-based queries
are processed and how temporal
information is read and managed
RQ3  What are the emerging To examine which of these use
use cases of bitemporal cases have been implemented in
databases across differ- real-world systems and assess
ent domains? their practical relevance
RQ4  What are the future To provide a roadmap for

research directions
and open challenges
in bitemporal database
design, implemen-
tation, and query
processing?

researchers to focus on emerging
challenges, applications, and inno-
vations in bitemporal databases

all potential publications. The databases we used include
Scopus, IEEE Xplore, ProQuest and Web of Science. These
databases were selected due to their comprehensive cover-
age of both technical and interdisciplinary publications. The
data sources mentioned in this review were selected for their
high-impact, high-quality publications. The summary of
studies for each selected data source link is listed in Table 3,
along with the number of papers in each database.

4.2 Search strategy
We used keywords related to bitemporal databases to identify

relevant literature. The selected keywords were sufficiently
general to ensure we would not miss any important papers.

@ Springer

tions, specifically regarding strengths, limitations, and use
cases. We applied the Title, Abstract, and Keywords fields
of the articles commonly denoted as TITLE-ABS-KEY to
ensure comprehensive coverage of relevant studies.
Additionally, the asterisk (*) wildcard symbol was used
to capture multiple variations of root terms, thereby broad-
ening the scope of the search and including all possible word
forms related to the topic. We used Boolean operators to do
so, in accordance with the best practices of our discipline.
After that, we searched the originally selected databases
using these Search Queries.
The search string for this study is as follows
TITLE-ABS-KEY (“bitemporal data” OR “bi-temporal
data” OR”’bitemporal database” OR “bi-temporal database”
OR “bi temporal database*”” OR “bi-temporal model*” OR
“bitemporal model*” OR “bitemporal model*”).

AND

(“strength” OR “advantage” OR “benefit*” OR “weak-
ness*” OR “limitation*”” OR “challenge*” OR “drawback*”
OR “issue*” OR “problem*” OR “constraint*” OR “use
case*” OR “application*” OR “scenario*” OR “case stud*”
OR “implementation*”’).

The search string was organised into two logical parts: the
first focuses on the core bitemporal topic, while the second
filters for studies that examine use cases, implementation
scenarios, and evaluation outcomes directly linked to the
research questions established through the Goal-Question-
Metric (GQM) framework (Farina et al. 2022). This two-
part Boolean structure adheres to recognised SLR search
design practices to balance recall and precision. Terms
such as "use case*", "application*", and "implementation*"
are descriptive rather than evaluative and are commonly
included in technical database papers, reducing the risk of
omitting relevant technical studies. Although terms such as
"drawback", "issue", and "problem" may seem evaluative,
they are frequently used in technical database literature to
describe system limitations and design constraints, and their
inclusion helps ensure that studies reporting implementation
challenges, especially those relevant to RQ3 and RQ4, are
not unintentionally excluded (Hilmi et al. 2023).

Grey literature not published in the four selected data-
bases, such as technical reports, was excluded. Although
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these can be valuable sources of information, they may not
undergo rigorous peer review. To ensure the quality and
validity of the studies included in our SLR, we avoided grey
literature. We utilised the Zotero tool (Kaur and Dhindsa
2016) to manage and organise the selected articles (Mou-
men et al. 2020). This tool improved efficiency in sorting
and removing duplicate studies across different scientific
journals in this review.

4.3 Inclusion and exclusion criteria

The determination of inclusion and exclusion criteria
is important for identifying the most relevant studies to
address the research questions.

The inclusion criteria for this study comprised studies
published between January 1995 and January 2026, written
in English, and published as peer-reviewed journal articles,
conference proceedings, or book chapters with relevant key-
words. The selected time period was chosen to reflect the
transition from early conceptual temporal database research
to more formalised bitemporal models and standards, par-
ticularly following the introduction of TSQL2, which laid
the foundation for bitemporal database design by enabling
the representation of both valid-time and transaction-time
dimensions (Dyreson 1995), while earlier foundational
works are acknowledged in the background section.

Furthermore, only studies meeting the quality assessment
criteria were deemed eligible for inclusion. The exclusion
criteria included studies published outside the designated
time frame, in languages other than English, or classified as
grey literature, such as technical reports, magazines, opin-
ion pieces, or editorials. Publications that were not peer-
reviewed and duplicate records were also excluded. The
Inclusion and Exclusion Criteria are formulated as (IC) and
(EC) to ensure a systematic and coherent way to satisfy all
criteria in the selection process, as shown in Table 4.

4.4 Quality assessment criteria

In line with the SLR methodology, a quality assessment of
the selected studies was conducted to ensure the review's
validity and reliability. The main aim of the quality assess-
ment was to include only high-quality studies that directly
address the research questions and minimise potential
biases in study selection. The SLR process enables system-
atic quality checks, supporting an objective and transparent
decision-making process (Asadi et al. 2019).

We established an objective metric to assess the paper's
quality, ensuring that its findings are reliable and accurate.
We prepared a list of four quality assessment questions with
relative scores that could provide a reliable indication of the
quality of the reviewed papers.

77

Table 4 Inclusion and exclusion criteria for study selection

Code Description

IC1 Studies published between January 1995 and January
2026

1C2 Studies written in the English language

1C3 Peer-reviewed journal articles, conference proceedings,
or book chapters

IC4 Studies relevant to the research questions and domain
keywords

ICS Studies meeting the predefined quality assessment criteria

ECl1 Studies published before January 1995 or after January
2026 were excluded

EC2 Studies written in languages other than English

EC3 Non-peer-reviewed literature (e.g., reports, magazines,
opinion pieces, editorials)

EC4 Duplicate studies or repeated publications of the same
work

EC5 Studies failing to meet the quality assessment standards

The quality assessment included only four questions, as
this SLR covers the specialised research area, such as bitem-
poral databases. A more elaborate rubric risks introducing
inconsistency due to the diversity of studies spanning theo-
retical models, system implementations, and subjectivity
across different application-based research. Moreover, this
approach aligns with established SLR guidelines (Farina
et al. 2022), which recommends avoiding overly complex
scoring schemes to maintain consistency and reliability in
evaluations.

QAL1: Does the study effectively address the research
questions related to bitemporal databases?

QAZ2: Does the study clearly describe its research objec-
tives and methodology?

QA3: Are the objectives achieved, and are the results
clearly presented?

QA4: Does the study make a valuable contribution to
the field of bitemporal database research?

A quality assessment of the 248 studies retrieved from all
four databases using the search strategy described in this
review indicates that the quality of the evidence is strong.
Each study was evaluated using four quality assessment
questions. The total possible score was 4 points. Fully satis-
fied criteria question was 1 point, partially satisfied criteria
received 0.5 points, and unmet criteria received 0 points.
Studies with a total score greater than 2 were approved,
whereas those with a score of 2 or lower were rejected. This
assessment ensured the rigour and reliability of the studies
included in the review and guaranteed that only high-quality
research was considered for further analysis and discussion.
All selected primary studies were assessed using these cri-
teria on an ordinal scale (e.g., Yes=1, Partial=0.5, No=0).
Studies with quality scores of 50% or higher have been
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considered quality studies for this SLR. Appendix 1 pro-
vides the quality score for each primary study.

4.5 Conducting the review

Primary study selection The PRISMA framework was used
to identify, screen, and include the most relevant literature for
this SLR (Singh and Chaturvedi 2021). As shown in Fig. 2,
the study selection process has followed the predefined pro-
tocol to uphold the quality of this review. The study selection
and quality assessment were conducted by the primary author
and verified by co-authors. In cases of disagreement, deci-
sions were resolved through discussion to reach consensus,
in line with established SLR guidelines (Hilmi et al. 2023).
The study selection process was divided into four steps:
identification, screening, eligibility, and inclusion. Our
initial query returned 248 studies from IEEE, Scopus,
ProQuest, and Web of Science. At the screening stage, 53
duplicate records were removed. The remaining 195 studies
were screened based on predefined inclusion and exclusion

criteria, resulting in 148 studies. Subsequently, during
the eligibility stage, titles, abstracts, and keywords were
reviewed, resulting in the exclusion of 53 studies, leaving 85.
Following full article assessment, 18 studies were removed
because they did not focus on bitemporal databases, leav-
ing 67 studies. In the final inclusion stage, all 67 studies
underwent a structured quality assessment. Therefore, 13
studies did not meet the minimum quality threshold of 50%
and were excluded. Finally, 54 studies were included in this
SLR for data extraction and synthesis.

4.6 Data extraction

Data extraction is a crucial part of an SLR. It involved select-
ing and recording relevant and important information from
primary studies. It provides the basis for evaluating, analys-
ing, summarising, and interpreting the evidence (Taylor et
al. 2021). Table 5 summarises the data items extracted from
each study, along with their descriptions and mappings to
the corresponding research questions. Using this framework,
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relevant bibliographic, methodological, and thematic infor-
mation was extracted from the selected studies. The extracted
data served as the basis for addressing the research questions
and for conducting the subsequent analysis and synthesis.

4.7 Data synthesis

Data synthesis is used to collect and summarise the data
extracted from primary studies. Moreover, the main goal is to
understand, analyse, and extract insights into how bitemporal
databases have been explored in the existing literature. Our
data synthesis is specifically divided into two main phases. In
the first phase, we analyse the extracted data, most of which
are included in Table 5 to determine trends and to collect infor-
mation on our research questions and themes related to bitem-
poral databases. In the second phase, we classify the literature
by research question. The most important task is to classify
articles by model, use case, and key challenge, using relevant
analysis. This classification helps to clarify how different stud-
ies contribute to the research landscape and future directions.

Table 5 Data extraction table

Data  Extracted data Description Type

items

1 Title Reflect the research Whole
direction research

2 Year of Publication Indicating the trend of ~ Whole
the research research

3 Journal/Conference Indicating the type of Whole
study research

4 Authors Research the authors' Whole
relevant study research

5 Key Challenges The limitations of Whole
approaches and chal- research
lenges of bitemporal
databases

6 Publication patterns Trends such as yearly RQ1
growth

7 Research themes Main research directions RQ1
(modelling, querying,
applications)

8 Bitemporal model type Type of model used: RQ2
logical, interval,
point-based

9 Temporal semantics Rules for handling RQ2
time-sensitive data
corrections

10 Use cases Domains where bitem-  RQ3

poral databases are
applied

11 Implementation details DBMS or system archi- RQ3
tecture used (relational,

NoSQL)
12 Future research Proposed improve- RQ4
directions ments and open research
opportunities

The methodology of this study is designed as a hybrid sys-
tematic literature review approach. The first layer consists of
bibliometric and scientometric analyses, which support the
overall review rather than serving as independent methods
(Hilmi et al. 2023). It employs VOSviewer and BibExcel
as tools for bibliometric and scientometric mapping (Dou-
lani 2021). The second layer's primary contribution lies in
the qualitative synthesis of the selected literature, including
a comparative evaluation of bitemporal models, an assess-
ment of DBMS infrastructure support, analysis of domain-
specific applications, and the identification of research gaps.
The second layer applies the PRISMA framework and the
GQM approach as methodological frameworks to guide the
qualitative synthesis and systematic data extraction from the
54 included studies (Farina et al. 2022).

Thus, integrating these two layers in a hybrid approach
enables a more comprehensive understanding of the field by
linking macro-level research patterns to micro-level tech-
nical insights. Such combined approaches are increasingly
recognised in systematic literature review practices, where
bibliometric techniques are employed to strengthen, rather
than replace, structured qualitative synthesis (Ding and
Meng 2014b).

5 Results and discussion

In this section, we present the quantitative and qualitative
overview of the review, and we align our results by address-
ing the four research questions as shown in Table 2.

5.1 Scientometric and bibliometric analysis

This subsection presents the scientometric and bibliometric
results that address RQ1. It covers topics such as publica-
tion patterns, influential contributors, keywords and themes
in the field of bitemporal databases.

5.1.1 Publication trends over time

Publication trend analysis is a common element of biblio-
metric reviews, as it shows how research output in a spe-
cific field has developed over time and highlights periods of
notable growth or decline (Donthu et al. 2021).

Figure 3 presents the distribution of all studies from
January 1995 to January 2026. In the early phase (Janu-
ary 1995 — December 1999), the number of publications
remained relatively low; however, an initial upward trend
was observed at the end of December 2000. Interestingly,
the number of publications dropped dramatically in 2009.
A second significant upward trend in publications was
observed in 2011. It is worth noting that the initial upward
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trend, largely driven by the collaboration between Jensen,
Christian, and Snodgrass over a five-year period, focused
on the semantic understanding of temporal databases. Their
effort contributed significantly to subsequent growth in the
field of research (Debrouvier et al. 2021). However, prior to
2011, the bitemporal research field was mostly concentrated
on academic concepts that were difficult to implement in
practice; however, the built-in support for bitemporal data
in the SQL:2011 standard, which was introduced, bridged
theory and practice and led to a rapid expansion of related
publications, as shown in Fig. 3.

Fig. 4 Distribution of the types of
literature
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5.1.2 Type of publications analysis

As previously stated, this review comprises 54 academic
papers (including conference proceedings, journal articles,
and book chapters). Figure 4 shows that most papers in the
sample were published in academic journals (51%) and con-
ference proceedings (44%), with only a few (4%) appear-
ing in book chapters. This shows that the topic is primarily
disseminated through peer-reviewed journals and confer-
ence venues, indicating ongoing development of new find-
ings. The scarcity of book chapters may indicate that the
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field remains specialised and has not yet reached broader
audiences.

The distribution of published studies indicates that most
research articles are published in IEEE Access (19 articles),
followed by Springer Nature (16 articles) and Elsevier (8
articles). Furthermore, ACM (Association for Computing
Machinery)also ranks among the top publishing sources, con-
tributing 7 papers, as shown in Fig. 5. The number of research
papers in the bitemporal field has gradually increased since
2011, while the number of book chapters has remained stable.

5.1.3 Cross collaboration analysis

Figure 6 presents a Three-Field Plot showing the relation-
ships among authors, their affiliated countries, and the most
frequently used keyword. The figure was mapped using Bib-
excel, a bibliometric tool developed specifically to manage
bibliometric data and build maps (Doulani 2021). Regard-
ing geographic distribution, many studies originate from the
USA and China, owing to their leading research universi-
ties, substantial funding for database infrastructure, and
high publication output. Denmark makes a notable contri-
bution, reflecting the early and ongoing influence of foun-
dational research conducted at Aalborg University. This is
due to the historical impact of Professor Jensen and Snod-
grass's bitemporal foundational collaboration at that uni-
versity. Furthermore, countries such as Turkey and Italy
demonstrate consistent contributions, which can be linked to
active research groups focusing on areas such as temporal
data modelling, semantic web technologies, and XML-based
temporal systems. Overall, the distribution highlights both

the concentration of research in established scientific hubs
and the emergence of contributions from diverse regions.
This shows the level of collaboration between authors
across countries. The distribution of keywords such as valid
time, temporal model, access methods, data models, and
bitemporal data reveals a sustained research emphasis on
modelling both real-world time dimensions in bitemporal
data management. Authors such as Tang, Kaufmann, Chris-
tian, and Snodgrass appear within this collaborative network,
suggesting their influence in advancing the bitemporal data-
bases domain. Furthermore, keywords such as data models,
architecture, access methods, and semantics indicate that con-
tinuous work has been done to represent querying and enforce
temporal constraints. Overall, the analysis shows that research
on the bitemporal domain is globally distributed, indicating a
combined effort by scholars across sectors and research fields
to develop robust frameworks for bitemporal database man-
agement, thereby justifying the need for this SLR study.

6 Keyword co-occurrence analysis

Keywords are terms or phrases that represent the main content
of'a document and articulate the research area within specific
domain boundaries. In this study, VOSviewer software per-
forms a keyword co-occurrence analysis and generates net-
works from database data, illuminating key research themes
(Klarin 2024). In total,1717 keywords have been obtained.
The minimum number of keyword occurrences is 8. A total
of 323 keywords met the criteria, of which 117 were used
for analysis. Figure 7 shows the keywords co-occurrence
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network with 23 nodes, and a total link strength of 102. Table
6 summarises the four main cluster keywords. Each reflects
distinct thematic areas within the field.

Table 6 was constructed using VOSviewer (Klarin 2024)
and provides four quantitative metrics for each cluster:
occurrence counts, number of links, mean publication year,
and total link strength. These metrics play a vital role in anal-
ysis; occurrence counts show how often a research theme
appears across the 54 included studies, link counts indicate
the strength of a cluster's connection to other thematic areas,
mean publication year reveals whether a theme is histori-
cally established or recently emerging, and total link strength
measures the overall intensity of co-occurrence relationships
within the cluster (Ding and Meng 2014a). Together, these
four metrics provide the quantitative foundation for the the-
matic interpretations of each cluster, ensuring that the cluster
descriptions are evidence-based rather than speculative.

The green cluster forms the theoretical and historical core
of all research networks. It shows the highest level of activ-
ity, with 52 occurrences and the strongest link strength of
42. They are its foundational concepts. Its most significant
and most central node, bitemporal data, anchors this cluster
along with its parent concept, temporal databases. This group
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primarily deals with the principles of data management over
time. Keywords include data model, indexing, query pro-
cessing, relational databases and timestamping (Kleiner
and Lipeck 2002). All these terms describe the fundamental
problems that researchers have attempted to address: How
to model, store, and query data with dual dimensions: valid
time and transaction time (Trudel and Goodwin 2000). The
term now points to specific, complex problems in temporal
databases, such as queries relative to the current moment.
The theory and architectures that form this cluster are the
foundation of the field. The publication year of 2023 con-
firms that this is a more recent research direction.

The Red Cluster is the most modern, application-driven
research front in bitemporal. It consists of 35 occurrences and
a link strength of 28. Its major theme is changing detection,
mainly applied to remote sensing images (Chen et al. 2024).
This cluster applies advanced computational techniques. Key-
words such as deep learning, feature extraction, convolutional
neural networks (CNNs), and computer vision dominate this
group. This means the work primarily focuses on sophisti-
cated algorithms for detecting temporal changes in satellite or
aerial imagery. Terms such as unsupervised, semi-supervised,
and object detection further reflect the cutting-edge nature of
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Table 6 Cluster information with keywords and metrics

Mean Total link
year strength

Cluster Key keywords Occurrences Links

Red deep learning, 35 12 2023 20
CNN, computer

vision, feature

extraction, object

detection

bitemporal 52 28
data, temporal

databases, data

model, indexing,

query process-

ing, valid time,

transaction time

Green 2018 42

Blue data warehousing, 29 15 2015 24
data modelling,

XML, seman-

tics, knowledge

graphs, fuzzy

logic

benchmarking, 23 10
performance,

evaluation,

workloads, query

algorithms

Yellow 2019 18

this research, which aims to eliminate manual data labelling
(Atay and Alp 2016). This cluster represents a significant step
away from traditional database theory toward a concrete, high-
impact application domain that utilises artificial intelligence

artificial intelligence

tempajal data

L data @ining

xml| remotg§ensing

change@etection
image@nalysis

sem@ptics

to analyse large-scale geospatial data. It is important to note
that these keywords emerged from the broader bibliomet-
ric keyword pool across the four databases and reflect co-
occurring research themes in the literature landscape. Studies
that focused purely on image processing or computer vision
without a bitemporal database component were identified and
excluded during the eligibility screening stage of the PRISMA
process, ensuring that the 54 included studies maintain a clear
focus on bitemporal data management principles.

The blue cluster bridges foundational theory with struc-
tured applications, typically in business and information sys-
tems and with 29 occurrences and a total link strength of
24. Keywords such as data warehousing, which maintain a
complete time-variant historical record for business intelli-
gence. This cluster also focuses on data modelling and struc-
ture, with keywords such as XML, semantics, knowledge
graphs, and entity-relationship models (Wang and Zaniolo
2004). This suggests a focus on producing rich, semantically
meaningful historical datasets beyond relational tables. The
inclusion of fuzzy logic and clustering suggests research into
uncertainty handling and the organisation of temporal infor-
mation (Fredrick and Radhamani 2015). Essentially, this
cluster concerns the practical implementation and concep-
tual organisation of bitemporal data in complex information
systems, allowing historical data to be stored and analysed.

The Yellow Cluster, a smaller but critical group, has 23
occurrences and a link strength of 18. This cluster study
demonstrates how bitemporal systems perform under
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real-world workloads, including storage structures, index-
ing techniques, and query algorithms (Kaufmann et al.
2015). That sort of evaluation enables the field to mature
by enabling objective comparisons of approaches and by
identifying performance bottlenecks and opportunities for
improvement in bitemporal database technologies.

Thus, the cluster results suggest that bitemporal database
research extends beyond theoretical advances in temporal
models to address practical querying and system-implemen-
tation issues. Clustering these keywords suggests a robust
interaction between foundational theory and practical sys-
tem research in the field.

Overall, the bibliometric findings in Section 4.1 directly
address RQI, and the identified cluster themes, including
foundational modelling, application-driven research, data
warehousing, and system performance, provide the the-
matic foundation for the qualitative synthesis presented in
Sects. 4.3 through 4.7, linking the bibliometric evidence to
RQ2, RQ3, and RQ4 (Klarin 2024).

6.1 Thematic map analysis

The previous stage analysis of keyword co-occurrence iden-
tifies how research topics cluster based on their frequency
and relationships; it does not reveal the developmental status
or strategic importance of those themes within the field. To
address this gap, a thematic map was generated.

A thematic map is a science-mapping visualisation that
displays clusters of related keywords in a two-dimensional
space defined by centrality and density. Its synthesis catego-
rises studies and summarises findings by identifying major
or recurrent themes within studies generated using biblio-
metric tools, providing valuable insights into the conceptual
structure of a field and the relationships among its thematic
areas (Ding and Meng 2014a).

Themes are organised into four quadrants: Basic themes,
Niche themes, and Emerging or Declining themes.

Basic themes with high centrality but low density exhibit
broader research-bubble networks. During this phase, Big Data
is a prevalent concept (Zhang et al. 2024).The study suggests
that this quadrant is mainly linked to large-scale data manage-
ment and temporal challenges, where studies consistently rec-
ognise the importance of handling high-volume, high-velocity
temporal data, such as benchmarking, DBMS support, and
system-level implementation, with examples like TPC-based
benchmarks, PostgreSQL temporal extensions, and cloud sys-
tems such as CosmosDB. However, the study remains largely
theoretical, despite ongoing DBMS support for bitemporal
functionality since the introduction of standard SQL:2011
(Kaufmann et al. 2014). It often necessitates custom exten-
sions or workarounds. This results in a lack of widely accepted
evaluation frameworks for temporal performance, scalability,
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and correctness, suggesting that it has not yet achieved the
same scope as other models (Petkovi'c 2017).

On the other hand, the motor themes represent the most
established and actively developed area of the field, as
they show both high density and high centrality, indicating
strong internal development and close interaction with other
research clusters. In this study, the top-right quadrant of the
thematic map is dominated mainly by core bitemporal mod-
elling and query language research, including concepts such
as bitemporal structured query language (BtSQL) and XML-
based temporal models (Wang and Zaniolo 2004). These
themes essentially form the technical backbone of bitem-
poral database research, as well as the well-defined seman-
tics and querying mechanisms that underpin contemporary
developments. However, as these themes are methodologi-
cally mature and internally coherent, they largely focus on
temporal modelling and query representation, with limited
progression towards large-scale integration. This indicates
that advances in formalism are unlikely to produce equiva-
lent progress in implementation or real-world use cases.

The niche themes can be seen in the top left quadrant of the
Thematic map graph. These are very dense, indicating high
internal strength, and low in centrality, indicating little interac-
tion with other clusters. In this study, they often aim to solve
domain-specific problems, such as belief-based and graph-
based bitemporal databases (Rost et al. 2021), However, their
low centrality suggests these contributions remain within spe-
cialised research streams rather than being discussed in the
main body of bitemporal databases. As a result, their overall
impact on the field is still quite limited (Rost et al. 2021).

The emerging themes can be seen in the bottom left quad-
rant of the Thematic map graph. These are low in density
and centrality, indicating that they neither have high internal
strength nor interact significantly with other clusters. In this
study, it includes areas such as time series forecasting, Al
integration, and use cases (Zhang et al. 2013). These themes
are quite important, as they seem to point towards where the
field is heading, especially with growing data-driven deci-
sion-making in intelligent systems. However, since they are
very low in both centrality and density, they are not yet well
developed and are not strongly connected to the broader body
of the bitemporal databases (Wondoh et al. 2015). They may
also move to the niche theme or motor theme quadrants in the
future, depending on how research around these clusters pro-
gresses. Thus, the thematic map shows the core key themes
and their growing attention in bitemporal databases (Fig. 8).

Overall, the results from the publication trend analysis,
three-field plots, keyword co-occurrence analysis, and thematic
maps consistently reveal that bitemporal database research has
steadily increased in volume but unevenly in depth. Theoreti-
cal foundations, particularly regarding valid time, transaction
time, and temporal modelling, remain well established and are
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Fig. 8 Bitemporal thematic map

continually reinforced. This may be due to the SQL:2011 stan-
dard, as it led to a sudden rise in the number of studies, provid-
ing researchers and practitioners with a shared implementation
reference and expanding the field into a wider range of applied
studies (Kulkarni and Michels 2012). Meanwhile, the three-
field plot indicates that this development has been concentrated
among a limited number of influential countries, authors, and
core keywords, especially in areas such as valid time, temporal
modelling, and access methods (Doulani 2021).

The keyword co-occurrence analysis shows that foun-
dational modelling and indexing concepts remain the most
strongly connected areas of the field, while application-ori-
ented and performance-focused themes are more dispersed
and less central. The thematic map shows that areas such as
Artificial Intelligence are emerging but not yet fully imple-
mented. This suggests that, although the scope of bitempo-
ral research is expanding, its methodological development

has been comparatively limited. Thus, these observations
indicate that bitemporal research has moved beyond its
initial focus on foundational semantics. However, its prog-
ress towards scalable infrastructures, broader cross-domain
adoption, and mature real-world applications is accelerating,
even though it remains incomplete. This supports the more
detailed comparative analysis in Sects. 4.3 to 4.7 and under-
scores that the field is characterised not only by growth but
also by ongoing tension between theoretical development
and practical implementation.

6.2 Modelling and implementation approaches
This subsection addresses Research Question RQ2 by examin-
ing how different bitemporal database models and implementa-

tions represent bitemporal data in query processing and in the
interpretation of valid-time and transaction-time semantics.
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Bitemporal data modelling has several dominant
approaches (Won and Elmasri 1996). Note that different
modelling techniques have been developed on bitemporal
principles adapted to various application needs and system
environments (Atay and Tansel 2009). We analysed and sys-
tematically classified the main existing models for bitem-
poral data management, as presented in Appendix 2. This
comparison of different models helps to understand how
each model addresses the problems, which query language
it utilises, its application sectors, its limitations, and how
it represents bitemporal functions within database systems.

6.2.1 Object-oriented bitemporal models

Object-oriented databases are used to handle bitemporal
data by encapsulating time within objects, for example, in
the bitemporal object, State, and Event Modelling Approach
(BOSEMA) by Njovu and Ibrahim, which defines design
patterns for reusable and modular bitemporal Object Mod-
elling in DSSs (Decision Support Systems) that require
historical data along with current data for retrospective and
predictive analysis. This avoids the complexity of capturing
the full temporal semantics of data in database models. It
defines a framework for enriching data modelling with a core
model of typical bitemporal object types for each bitempo-
ral database model. This model has the advantage of captur-
ing the basic temporal semantics of an ordinary bitemporal
database object that designers can extend to capture their
data needs in a modelled bitemporal app domain (Njovu and
Ibrahim 2003). However, BOSEMA is a modular, reusable
framework for bitemporal object modelling in DSSs, focus-
ing on design patterns and core object types of definition
rather than query processing or indexing strategies.

El Hayat et al. (2020) address that standard UML lacks
mechanisms to represent time-varying data and temporal
constraints. The authors proposed a UML/OCL model that
supports valid-time and transaction-time at the attribute
level by improving clarity in bitemporal schema design.
This approach contributes to conceptual modelling and
framework for bitemporal design in object-relational data-
bases; however, it does not cover query processing or index-
ing solutions for bitemporal databases, as it focuses more on
access efficiency rather than temporality modelling.

In the POINT approach,”now” is represented as points on
time axes and logical query transformations are applied to
optimise access to bitemporal data. This method allows the use
of standard spatial indexes, such as B+-tree/R*-tree, without
modifying a database engine. Its experimental results outstrip
traditional maximum-timestamp methods by more than 10 xin
disk and CPU efficiency. However, it is essential to empha-
sise that the advantages of the point approach are mainly
independent of the specific indexing methodology used. To
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substantiate the claim, they extend the experimental work by
comparing the POINT and MAX approaches in case conven-
tional B+-tree indexing is adopted (Stantic et al. 2009).

6.2.2 Indexing and optimization models

The bitemporal Timeline Index model exploits modern hard-
ware characteristics, such as large main memory and fast
sequential scans. Instead of modelling the dual dimensions,
valid-time and transaction-time, as 2D spatial structures, they
model them independently, with a dedicated one-dimensional
index for each temporal domain. The combined application
index appeared only at specified checkpoints, with minimal
computational overhead. This lightweight strategy enables
operations such as selection, joins, and temporal aggregation
to outperform traditional spatial and temporal Index struc-
tures (Nascimento et al. 1996). The approach also includes
index maintenance algorithms that balance space consump-
tion, update costs and query performance while supporting
uniform implementations for temporal operations across
time dimensions (Kaufmann et al. 2015).

Agesen et al. (2001) propose a system that, for now, splits
the operator for relative bitemporal databases to address
issues introduced by the dynamic NOW timestamp across
dual dimensions, such as valid and transactions. It was done
by breaking down bitemporal areas into smaller, overlap-
ping temporal segments, enabling complex bitemporal
operations to be expressed using standard relational algebra.
The method increases scalability by preserving timestamp
identity and point-based semantics. Thus, the authors split
the operator by providing formal definitions of bitemporal
difference and aggregation, supported by SQL implementa-
tions and performance evaluations.

Figure 9 illustrates the indexing mapping techniques
used in bitemporal databases, showing how each index is
designed to support specific query types and optimisation
goals. Traditional B-tree indexes are built for one-dimen-
sional ordering and are suitable for simple snapshot queries
that retrieve data at a single point in time (Eid 2002). How-
ever, they are not well-suited for temporal interval queries,
such as overlapping valid-time or transaction-time periods,
because they do not natively handle multi-dimensional tem-
poral conditions. In contrast, the 4-R index highlights now-
relative data that rapidly processes queries over valid time
intervals by introducing a bitemporal function into fixed
areas (Stantic et al. 2004). The advantage of this approach is
that the database system does not require internal modifica-
tions to process time-based queries. The HR-tree accesses
historical database states by sharing physical storage and
maintaining multiple logical versions of the data over time,
which supports frequent As-of queries and state reconstruc-
tion (Saltenis and Jensen 2002). Overall, the indexing layout
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Fig. 9 Mapping of bitemporal
index types to optimization targets
and query workloads
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explains how different indexing approaches address tempo-
ral database patterns, demonstrating that no single index
structure is optimal for all bitemporal query workloads.

6.2.3 Schema versioning and temporal graph models

We recognise that schema versioning and the temporal
graph model are becoming two key themes in bitemporal
databases, as schema versioning first appeared in the late
90 s, with foundational work indicating that systems need
both data versioning and schema versioning to preserve his-
torical data (Snodgrass 1990).

By examining the limitations of existing single-table and
multiple-table versioning strategies, Wei et al. (Wei and
Elmasri 2000) proposed a schema versioning approach for
bitemporal databases. The proposed method addresses issues
associated with partial multiple table versioning by reduc-
ing storage overhead and data duplication. While preserving
bitemporal semantics, the approach significantly improves
query processing performance and schema conversion effi-
ciency. The multi-temporal XML databases method is used
to maintain previous schema versions and XML documents.
This method is based on SML schema languages (XSD)
and views schema modifications as a versioning procedure
rather than straightforward evolution, and it enables query-
ing across multiple schema versions using temporal exten-
sions to XQuery (Brahmia and Bouaziz 2008).

Alongside schema versioning, our review shows a sig-
nificant rise in bitemporal graph models, which are com-
monly used in modern applications such as IoT, knowledge
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graphs, digital twins, and cybersecurity. Relational bitem-
poral models struggle to efficiently represent evolving graph
structures, but our review identified a recent work by Rost
et al. (2021). Challenging this limitation, the authors pro-
pose the Bitemporal Property Graph Model (TPGM+),
which supports bitemporal functionality within property
graphs by introducing temporal extensions to PGQL (Prop-
erty Graph Query Language) that enable expressive histori-
cal graph queries. Time-based models proposed by Saroha
et al. (Saroha and Gosain 2016) capture both the valid and
transaction-time dimensions by allowing multiple schema
versions to coexist within the same valid period. This study
focuses mainly on schema and dimension evolution, rather
than query processing or performance optimisation. Wang
et al. (Wang and Tansel 2019) work with semantic web data
by extending RDF with dual time dimensions; their model
allows multiple temporal states with resources and relation-
ships to coexist with the same RDF structure. Their papers
propose a formal framework for theoretical modelling and
semantic consistency for future investigation.

6.3 Bitemporal support infrastructure

This section discusses the DBMS support for bitemporal
infrastructure used or proposed in the SLR studies. Table 7
Timeline of DBMS CategoriesTable 7 shows different DBMS
Categories along with their respective years of activity.
Within relational DBMSs, the use of classical relational
engines can be extended due to SQL:2011 temporal features.
Several DBMS vendors, such as IBM DB2, Oracle, SQL
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Table 7 Timeline of DBMS categories
Category

Technologies Years

DB2, Oracle, SQL Server, MySQL, 1998-2014
Teradata

Relational

Non-Relational MongoDB, Cassandra, NoSQL 20162018
XML/ XML DBs, Object DBs 2003-2008
Semi-Structured

Graph Neo4j (temporal extensions) 2021-2025
Hybrid/Polyglot  SQL+NoSQL, Hadoop+RDBMS 2021-2022

Server, and MySQL, provide native or semi native bitempo-
ral functionality (Kaufmann et al. 2014). On the other hand,
open-source giants such as PostgreSQL rely on extensions
or complex user-space logic to achieve similar functionality.
However, managing dual temporal dimensions in relational
systems introduces performance overhead, particularly for
retroactive updates that require cascading interval adjust-
ments across historical records. Furthermore, despite the
SQL:2011 standard, the degree of native bitemporal sup-
port varies considerably across vendors, such as IBM DB2
and Oracle, which offer relatively complete support, while
MySQL and PostgreSQL rely on partial implementations or
user-defined extensions (Petkovi’c, D. 2017).

In the case of non-relational DBMSs, Eshtay et al. (2019)
address the lack of native bitemporal support in NoSQL
databases and propose schema-level modelling strategies
to embed dual time dimensions in key-value and column-
oriented NoSQL stores via explicit timestamp attributes and
composite keys. This approach is illustrated using Redis
and Cassandra in a bitemporal manner without requiring
changes to the underlying NoSQL engines. A key practical
limitation of this approach is storage duplication, as embed-
ding explicit timestamp attributes significantly increases
data volume compared to systems with native temporal
operators, creating additional overhead for high-frequency
data environments such as IoT and financial transaction sys-
tems (Al-Romema and Nashwan 2010).

Wang and Zaniolo (2004) model demonstrates an XML
structure that utilises hierarchical data models to support
bitemporal data, grouping timestamped elements within
a document. This design allows bitemporal queries to be
expressed using standard XQuery. Using this structure, dual
time semantics can be reconstructed. However, most com-
mercial XML systems rely on user-defined data models.
Existing research indicated that an XML-oriented system
can represent bitemporal histories more naturally than tra-
ditional SQL tables by utilising custom query patterns to
manage temporal data effectively.

Rost et al. (2022) graph databases support bitemporal
data with limited features; for example, in common prop-
erty graph platforms such as Neo4j, temporal information is
typically stored as timestamp attributes on nodes or edges.
While this allows basic time-based filtering, the lack of
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dedicated temporal indexes and operators results in poor
query performance, further underscoring that early tempo-
ral graph approaches mainly relied on complex extensions
rather than built-in temporal semantics. To overcome these
limitations, the authors suggest a distributed graph ana-
lytics framework that extends the property graph model
with explicit support for valid-time and transaction-time,
enabling comprehensive bitemporal graph queries.

In addition to relational, XML, and graph-based sys-
tems, few studies examine bitemporal support implemented
at the DBMS architecture level using version manage-
ment. Gancarski et al. (1999) propose an object-oriented
approach based on the Database Version (DBV) model,
in which valid time and transaction time are attached to
complete database states rather than to individual tuples
or objects. This allows multiple versions of objects to be
maintained efficiently and enables correcting past data
while keeping earlier records unchanged. The model also
supports branching valid-time histories, which is difficult
to achieve in conventional temporal designs. By separating
logical database versions from physical storage, bitempo-
ral functionality is handled within the DBMS itself rather
than through query-layer extensions or additional indexing
structures. This work shows that version-based mecha-
nisms can provide native bitemporal support while improv-
ing historical consistency and flexibility.

Following this, Hou et al. (2304) identify two primary
approaches to managing temporal graphs using a hybrid stor-
age method. The first stores valid time intervals as attributes of
nodes and edges, while the second represents graph evolution
by combining multiple snapshots with delta updates. Their
study shows that modelling timestamps as ordinary properties
results in higher query costs as historical data accumulates,
whereas snapshot delta methods increase storage overhead
and demand costly reconstruction of past graph states.

Thus, our review identified a growing interest in hybrid
infrastructure, in which both DBMS and non-DBMS sup-
port for bitemporal data are being researched. This hybrid
approach reflects the need to accommodate transactional
and analytical bitemporal workloads within a unified
architecture.

6.4 Use cases of bitemporal databases

This subsection addresses Research Question RQ3, address-
ing the use cases of bitemporal databases.

Before examining individual domains, it is important to
contextualise the scope of the available evidence. Of the
54 papers included in this review, only a limited number of
studies address real-world application domains. This imbal-
ance can be traced back to thematic map findings, where
application-oriented themes occupy the emerging and niche
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quadrants rather than motor or basic themes, reflecting that
application-oriented themes are still emerging and highlight-
ing significant potential for further development and deeper
integration within the broader research landscape.

Financial sector Bitemporal database models are increas-
ingly required for financial applications to support historical
data tracking and auditability. Research on the Polish merger
market illustrates how bitemporal databases can address
challenges posed by late-arriving information and produce
results with greater precision earlier. The proposed model
ensures the consistency and traceability of historical records
of merger transactions despite delays in data updates across
hardware and software systems, such as multicore proces-
sors, large-scale main memory, and new storage technologies.
Bitemporal data management is increasingly indispensable
for high-performance transaction processing, especially for
applications that require tight auditing and compliance, such
as financial risk analysis. Dual-temporal tracking provides
full auditability and robust query performance across large,
variable datasets with minimal lookup operations. These are
critical capabilities for organisations managing high volumes
of dynamic financial data under strict regulatory standards.
Together, they highlight the growing need for bitemporal
models in financial systems (Sedighi et al. 2020).

Supply chain sector The bitemporal database middleware
indexing algorithm proposed by Yifei et al. (Du and Zhu
2024) suggests an indexing algorithm for e-commerce sup-
ply chain risk management. The proposed method addresses
issues of delayed data reporting and inconsistent risk assess-
ment. The system employs advanced indexing strategies
for query execution, even in high data-velocity scenarios
typical of e-commerce platforms. Additionally, incorporat-
ing digital marketing insights into the risk analysis pipeline
helps the model understand supply chain dynamics and
detect early disruptions driven by market behaviour. Experi-
mental evaluation demonstrates that this method improves
the precision and responsiveness of risk prediction models,
making it a promising approach for intelligent and resilient
supply chain decision-making.

Blockchain and cybersecurity sector Blockchain and
cybersecurity are particularly relevant for bitemporal appli-
cations because both depend on tracking events over time.
Our review identifies a recent paper that utilises BiTchain,
an improved blockchain model that employs valid-time
timestamps issued directly by data originators, such as
sensors or vehicles. These timestamps record the precise
moment an event occurs, reflecting real-world event tim-
ing. Furthermore, they extend the existing blockchain
query language with a temporal extension of EQL to utilise

the two temporal dimensions of transaction time and valid
time (Brahmia et al. 2023).

Healthcare sector Temporal encoding follows bitempo-
ral concepts, considering how medical data changes over
application time and when it was recorded and updated
over system time. Our review identified a paper in which
the proposed model, known as BiteNet, produces a unified
patient-journey representation using an end-to-end self-
attention network to improve medical outcome prediction.
This framework comprises a module that captures contex-
tual information and temporal relationships between visits
in a patient’s healthcare journey, and an attention-pooling
module that constructs a hierarchical structure of three-level
EHR data. Furthermore, the model performs supervised pre-
diction and unsupervised clustering using real-world ERH
data. This shows that the BiteNet model can achieve supe-
rior performance and predictive power by integrating the
bitemporal property (Peng et al. 2020).

6.5 Functional advantages of bitemporal databases

This section examines the key functional features of bitem-
poral databases that allow them to effectively address these
needs across various application scenarios. Among the 54
papers reviewed, a few of the studies explicitly highlight
the widespread adoption of bitemporal properties in areas
such as data warehousing, auditing, and complex temporal
analysis. Therefore, this subsection responds to Research
Question RQ4 by summarising the functional advantages of
bitemporal databases identified in the reviewed literature.
One of the most consistently reported strengths of bitem-
poral databases is their capacity to maintain temporal accu-
racy and representational flexibility across diverse data
environments. Jensen and Snodgrass (1996) establish this
through the Bitemporal Conceptual Data Model (BCDM),
which preserves information content across different tempo-
ral states through snapshot equivalence, enabling retroactive
corrections without loss of prior records. Stantic et al. (2009)
further confirm this advantage in accuracy, demonstrating
that point-based representation of the current timestamp
outperforms traditional maximum-timestamp approaches by
more than tenfold in both disk access and CPU efficiency,
without requiring engine-level modifications. The bitem-
poral model allows multiple rows per object, distinguished
by the object identifier and two-time intervals: A valid time
interval and a transaction time interval. Such an approach
captures the object's actual state over time, along with any
changes or updates to that state (Anselma et al. 2010). For
example, in bitemporal data analysis, Fuzzy Crisp Rela-
tive Spherical CURE Hierarchy Clustering (FCRSCHC)
is a method for clustering temporal data that changes over

@ Springer



90

Journal of Data, Information and Management (2026) 8:71-96

time with minimal computational resources. It does so using
minimal computational resources while demonstrating the
effectiveness of bitemporal data analysis and data adapt-
ability (Wang et al. 2013). Chau and Chittayasothorn (2021)
similarly demonstrate this flexibility in SQL-based bitem-
poral design, where attribute-level timestamping allows the
model to accommodate domain-specific temporal require-
ments without restructuring the underlying schema.

Beyond accuracy, the literature also identifies a key advan-
tage, such as the ability of bitemporal databases to preserve
and query both historical and projected data states. John-
ston (2014) and Johnston and Weis (2010) demonstrate that
dual-timeline management enables organisations to maintain
complete non-destructive records across both operational
and analytical workloads, offering a more robust alternative
to slowly changing dimensions in data warehouse design.
Bohlen et al. (2000) advance the research with temporal state-
ment modifiers, which allow queries to retrieve data accurately
at any point in time, thereby enriching the expressiveness of
historical queries using SQL capabilities. Dual timestamping
enables a database to capture both the enterprise history and
its sequence of changes, providing temporal context for the
data. It permits applications to query and modify data using
temporal dimensions without losing historical data (Torp et
al. 2000). Stratum architecture, for instance, enables the eval-
uation of different timestamping approaches for bitemporal
data. This architecture allows testing and comparison of dif-
ferent methods to better understand their performance under
varying conditions and supports the management of historical
and projected data (Torp et al. 1998).

Bitemporal capacity for historical preservation directly
affects query processing and complexity, demonstrating
how bitemporal indexing reduces the computational over-
head of temporal retrieval. For example, Salzberg and Tso-
tras (1999) compare access methods for time-evolving data,
while Kumar et al. (1998) propose indexing strategies that
bridge theoretical models and practical query performance.
Kaufmann et al. (2015) expand on this with the Bitempo-
ral Timeline Index, modelling valid and transaction time as
independent indexes, outperforming traditional structures
in selection, join, and aggregation. For instance, BiSW
(Bitemporal Sliding Window) is a two-dimensional index
designed for bitemporal windows and can process queries
over historical and streaming data. This solution addresses
the challenges of continuously arriving data alongside older,
static records and query complexity by ensuring fast lookup
speed while minimising maintenance overhead and space
complexity when processing both fixed and sliding bitem-
poral window queries, making query processing faster and
less resource intensive (Ge 2014).

Closely related to these query properties, the other
advantage is security and auditability. Sedighi et al. (2020)
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demonstrate how dual-temporal tracking ensures compli-
ance-grade audit trails in financial services. Meanrach and
Chittayasothorn (2007) discuss these features in their paper
by integrating valid time and transaction time with multi-
level security mechanisms that enable databases to accu-
rately record when information is considered true and when
it is stored across multiple clearance levels. This shows that,
with strict security controls, knowledge of the past, present,
and future, along with record timestamps, supports accurate
auditing and historical traceability across security levels.Fur-
thermore, bitemporal Systems can be easily incorporated into
existing Database Management Systems (DBMS) without
incurring high additional cost for enterprises seeking to lever-
age temporal data Management capabilities. For instance, in
the XBiT model, temporal data are represented using XML,
enabling compact, intuitive storage of temporal history. This
structure is more accessible to end users and more cost-effi-
cient, since it can be applied to existing systems without major
changes to the initial infrastructure (Tang and Tang 2007).
Overall, these advantages are not limited to individual
studies but are consistently observed across modelling, index-
ing, and system-level research within the reviewed literature.

7 Research gap and future research
directions

Despite the functional strengths discussed above, several
important challenges and underexplored areas remain in
bitemporal database research. The following section, there-
fore, examines these gaps and outlines key directions for
future research.

The findings of this review indicate that cloud computing is
becoming a trend in storage. For example, this paper discusses
how Cloud computing assumes a leading role by providing
services and resources, ranging from network and communi-
cation management to data storage and processing (Sedighi
et al. 2020). However, it provides elastic storage; existing
approaches do not adequately optimise bitemporal storage and
query processing. This shows that more research is needed
on cloud-based bitemporal storage areas (Al-Romema and
Nashwan 2010). A key technical challenge in this context is
maintaining temporal consistency guarantees for retroactive
updates in eventually consistent distributed cloud architec-
tures, where the strong consistency assumed by bitemporal
semantics conflicts directly with the CAP theorem trade-offs
typical of cloud-native NoSQL systems (Eshtay et al. 2019).

The reviewed literature also highlights the need for
improved methods for visualising and representing bitemporal
data in both 2D and 3D environments to determine the com-
plexity of data flows in temporal databases. For example, valid
time and transaction events can be created for the registration
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of the plan of survey, thereby improving database accuracy.
However, to make it available to a wider range of users, we
need sophisticated software that can distinguish between real-
world database changes (Thompson and Oosterom 2021).

The review also identifies recent developments in graph-
based bitemporal systems, particularly the bitemporal prop-
erty graph model TPGM +, developed through collaboration
between Oracle Corporation and the University of Leipzig,
it introduced T-PGQL, a declarative graph query language
for matching patterns in a TPGM+graph, and an event
detection engine to register T-PGQL queries on bitempo-
ral graph storage for continuous graph change notifica-
tions, which stores TPGM and graphs in temporal relational
tables with modify/query functionality and registers queries
for event detection (Christy and Meeragandhi 2015). Even
with all these improvements, there are still a few challenges
related to high data velocity, heterogeneous node and edge
types, and real-time analytics requirements, which require
new ways to store, query, and analyse bitemporal graph
data. Addressing these challenges opens significant research
potential to extend the bitemporal property graph applica-
tion beyond the use-case paradigm (Rost et al. 2021).

Perhaps the most significant open direction identified in this
review concerns the integration of bitemporal database struc-
tures with machine learning, an area that remains immature
despite growing practical demand. For example, this paper pres-
ents a method for handling multiple primitive events that occur
in parallel or sequentially over time (Christy and Meeragandhi
2015). The authors have defined a framework that combines a
Bayesian network with the interval algebra to model temporal
dependencies and have introduced advanced machine learn-
ing methods to learn the model structure and parameters over
a time period that includes historical data (Zhang et al. 2013).

Overall, these research gaps indicate that while bitempo-
ral database research has matured conceptually, its practical
realisation in scalable, integrated, and application-driven
systems remains an open challenge.

7.1 Limitations

While bitemporal data research shows strong potential, sev-
eral implementation and scalability challenges remain evident
across existing systems. These limitations are not isolated but
are consistently reflected across modelling, indexing, and
system-level studies, particularly in environments character-
ised by high data volume and continuous updates.
Scalability is a challenge, especially with high-frequency
or high-volume time-stamped data, such as video stream-
ing and real-time transaction processing, both of which
generate continuous flows of time-stamped records that
push storage and processing resources to their limits. Most
bitemporal models were built for more stable, lower-volume

workloads, so they tend to fall short when deployed in fast-
moving environments where response times must stay low,
and throughput must remain high (Sedighi et al. 2020).In
transaction-time database systems, updates are non-destruc-
tive, as new record versions are inserted while previous
states are retained, resulting in an append-only versioning
model. This is useful for maintaining history, but the version
chains it produces keep growing with every change, causing
significant storage and processing overhead, especially in
high-update environments where long version chains must
be managed efficiently and queried (Lomet et al. 2006).

In addition to scalability concerns, bitemporal databases
introduce significant semantic complexity due to the simul-
taneous management of valid and transaction time. Unlike
traditional databases, updates are non-destructive, leading to
rapid expansion and large storage needs. The real bottleneck
is processing and querying this historical dataset. Consider
data sources such as IoT sensor readings, financial market
data feeds, or real-time logistics tracking, which may generate
y large volumes of data at high velocity. Existing bitemporal
models and their underlying data structures are often not opti-
mised for the computational overhead of efficiently querying
such massive datasets (Kvet 2025). In [oT streaming environ-
ments specifically, sensor data with irregular sampling rates
and delayed transmission creates overlapping valid-time win-
dows that are difficult to reconcile in a bitemporal schema,
particularly when the sensor's reported timestamp diverges
significantly from the database recording timestamp due to
network latency or device failure (Kudo 2019).

Thus, bitemporal databases have a few limitations,
but their benefits tend to outweigh these challenges. For
instance, recent advancements, such as the SQL:2023 stan-
dard, provide true support for multi-dimensional arrays.
These are useful for analytics and time-series data, where
changes occur across multiple temporal dimensions, and
they enable future business integration (Misev and Bau-
mann 2015). Furthermore, ACID (Atomicity, Consistency,
Isolation, and Durability) principles, which are fundamental
to database transactions, can be applied to bitemporal data-
bases to ensure consistent data management across multiple
time dimensions. This demonstrates that bitemporality sup-
ports more informed decision-making in a dynamic busi-
ness environment (Wondoh et al. 2015).

8 Conclusions

This study enhances the literature by integrating previ-
ous research and providing a comprehensive overview of
bitemporal database systems. It employs a PRISMA-guided
selection process, complemented by bibliometric and the-
matic analyses.
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Firstly, the study reveals key challenges inherent in
implementing a bitemporal system, including indexing
strategies, schema version management, graph-based exten-
sions, and inconsistent DBMS support. Although SQL:2011
introduced temporal features, full support for bitemporal
functionality is still not consistently implemented across
database systems. Many solutions continue to depend on
custom modelling or architectural extensions.

Secondly, this research maps the current research ter-
rain, identifies key contributors and significant publications,
and develops thematic trends in the domain. This approach
enhances transparency and reproducibility in the review
methodology. Furthermore, it addressed critical gaps,
including limited DBMS-level support, insufficient research
on combining bitemporal models with machine learning and
predictive analytics, the need for more realistic industrial
datasets to capture practical real-world challenges, and the
need for a lighter, more flexible bitemporal architecture for
an evaluation framework to check correctness, system per-
formance, and the reproducibility of temporal results.

Thirdly, despite existing gaps, the study highlights the
practical and theoretical contributions of the bitemporal
database for managing evolving data, particularly in improv-
ing temporal representation accuracy, data availability, and
informed decision-making. Finally, the study shows that the
bitemporal approach addresses the key limitations of tradi-
tional systems for handling historical data by storing both
valid and transaction times. This dual-timeline approach
offers better data integrity and traceability.

To conclude, the strict inclusion criteria and the focus
on bitemporal-related papers may have overlooked relevant
work from other contexts, particularly in non-English-
language publications. From an applied perspective, these
findings offer a useful map for organisations and system
designers evaluating the advantages and implementation
obstacles of adopting bitemporal databases, as well as future
pathways for the development and application of bitemporal
database systems across domains.

Appendix 1

No References Ql Q2 Q3 Q4 Qscores
1 Kvetetal. 2014a) 1 1 1 1 4
1
1
1

2 Tangetal. 2004) 05 051 3
3 Salzberg and Tsotras 1999) 05 1 1 35
4 Johnston 2014) 1 1 1 4
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Appendix 2
Models Application sector ~ Time stamping technique Bitemporal Query language used  Limitations

support
BOSEMA (Njovu and Decision Support Object-level timestamping  Yes Design-pattern-based ~ No indexing or query
Ibrahim 2003) Systems optimisation focus

UML/OCL-TORDB (El
Hayat et al. 2020)

POINT Approach (Stantic

et al. 2009)

Bi-temporal Timeline
Index (Nascimento et al.
1996)

Split Operator (Now-
relative) (Agesen et al.
2001)

B-tree (Baseline Tempo-
ral Index) (Eid 2002)

4-R Index (Stantic et al.
2004)

HR-tree (Saltenis and
Jensen 2002)

Schema Versioning
Model (Wei and Elmasri
2000)

Multi-temporal XML
Model (Brahmia and
Bouaziz 2008)

TPGM +(Bitemporal
Property Graph Model)
(Rost et al. 2021)

Enterprise Informa-
tion Systems

General-purpose
relational DB

Database Systems

Relational DB
Systems

General DB
Systems

Temporal DB
Systems
Historical DB
Systems
Enterprise
Databases

Web/XML Systems
IoT, Knowledge

Graphs, Digital
Twins

Attribute-level bitemporal
timestamping

Point-based timestamp
representation

Independent 1D timeline
checkpointing

Point-based segmentation

One-dimensional ordering

Bitemporal function map-
ping to fixed regions
Version-based hierarchical
indexing

Schema-level version
timestamping

Document-level
timestamping

Node/Edge timestamping

Yes

Yes

Yes

Yes

Partial

Yes

Yes

Yes

Yes

Yes

SQL+OCL constraints

SQL

SQL

SQL

SQL

SQL
SQL

SQL

XQuery+SQL

T-PGQL

Does not address
query performance or
indexing

Mainly optimises
NOW queries; limited
semantic enrichment
Checkpoint mainte-
nance overhead

Increased complexity
in temporal splitting

Inefficient for interval/
multi-dimensional
temporal queries
Specialized for specific
workload types
Storage overhead due
to multiple versions
Focuses more on
schema evolution than
runtime optimisation
Heavy & complex for
large XML repositories

High complexity &
learning curve
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